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Despite distinct pathophysiologies, tremor due to Parkinson’s disease and essential tremor are commonly mis-
diagnosed due to overlapping symptoms, hindering clinical intervention. Digital phenotyping with machine
learning applied to peripheral sensor-based signals has shown potential. However, it lacks validation using an
independent dataset or commercial medical device recordings broadly available for routine clinical use. Here, we
present a scalable and generalizable diagnostic approach using features engineered from frequency, power, and
non-linear phase domains combined with tree-based classification algorithms. Using data from a single hospital,
our XGBoost model achieved a diagnostic specificity of 0.92, recall of 1.0, and ROC-AUC (Receiver Operating
Characteristic — Area Under the Curve) of 1.0 on a held-out test set. Applying our pre-trained model to an
external dataset, recorded in a different clinical setting using other devices, demonstrated strong generalizability
with specificity of 0.70, recall of 0.80, and ROC-AUC of 0.79. Our findings not only outperform previous studies
in predictive accuracy but also deliver clinically validated metrics that can be implemented in practice. These
results highlight the feasibility of deploying affordable, widely available sensor-based diagnostics to enhance
clinical accuracy and inform adaptive therapeutic interventions.

1. Introduction

Tremor due to Parkinson’s disease (PD) and essential tremor (ET) is
the most common adult-onset movement disorder: the prevalence for PD
ranges from 1 to 4 % in the population > 60 years of age, while, for ET,

Louis & McCreary, 2021; Tysnes & Storstein, 2017). Clinical differen-
tiation between PD and ET is particularly challenging as symptoms
overlap with 20-25 % of subjects in ET and PD lacking rest tremor
(Cohen et al., 2003; Elble & Koller, 1990; Helmich et al., 2013; Jankovic,
2008), leading to misdiagnoses in 25-50 % of cases (Jain et al., 2006; Jo

et al., 2025; Louis et al., 2015; Schrag et al., 2000; Shahed & Jankovic,
2007; Thenganatt & Louis, 2012; Tolosa et al., 2006), underscoring the

the prevalence is reported at 5.8 % above the age of 65 and increases by
a factor of 1.74 with every decade (Ascherio & Schwarzschild, 2016;

Abbreviations: ACC, Accelerometer; ANN, Artificial Neural Network; AUC, Area Under the Curve; CI, Confidence Intervals; CWT, Continuous Wavelet Transform;
DaTScan, Dopamine Transporter Scan; DBS, Deep Brain Stimulation; EEG, Electroencephalography; EMG, Electromyography; ET, Essential Tremor; FTM, Fahn-
Tolosa-Marin (tremor rating scale); MDS-UPDRS III, Movement Disorder Society-Unified Parkinson’s Disease Rating Scale Part III; PCA, Principal Component
Analysis; PD, Parkinson’s Disease; RFECV, Recursive Feature Elimination with Cross-Validation; ROC-AUC, Receiver Operating Characteristic — Area Under the
Curve; SEM, Standard Error of Mean; SHAP, SHapley Additive exPlanations; STD, Standard Deviation; SVM, Support Vector Machine; TSI, Tremor Stability Index;
UPDRS, Unified Parkinson’s Disease Rating Scale.
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continued clinical need for objective diagnostic tools. The definition of
ET as a disease has evolved over time and still presents with marked
heterogeneity and unclear underlying mechanisms (Jankovic, 2002;
Louis, 2009). Still, accurate differentiation is crucial for optimizing
treatment strategies, as PD and ET have distinct pathophysiologies,
progression patterns, and responses to therapeutic interventions
(Jankovic, 2012). Thus, there is a growing need for robust, generalizable
expert systems that can provide objective diagnostic support to assist
clinicians in effectively and accurately discriminating between these
conditions.

To address this, various diagnostic strategies have been developed,
ranging from simple digital sensor-based approaches, such as electro-
myography (EMG), and accelerometry (ACC), to more complex and
expensive methods like electroencephalography (EEG), Dopamine
Transporter Scan (DaTScan), and genetic testing (Thenganatt & Louis,
2012). While additional diagnostic aids (such as DaTScan or genetic
testing) can be powerful, they are often lengthy, expensive, and scarcely
available (Antonini et al., 2008). Digital sensor data combined with
machine learning, particularly those utilizing EMG and accelerometer,
have shown promise in tremor differentiation, but the results remain
inconsistent across studies. Machine learning approaches are attractive
because they can integrate diverse data modalities, identify complex
non-linear patterns, and produce uncertainty estimates, thereby
reducing misclassification. Various machine-learning approaches for
tremor differentiation have been proposed (Balachandar et al., 2022; di
Biase et al.,, 2017; Ghassemi et al., 2016; Hossen et al., 2010;
Muthuraman et al., 2011; Shahtalebi et al., 2021; Xing et al., 2022), yet
conflicting findings and lack of consensus across different datasets, as
seen in De et al., highlight the variability and limitations in current
metrics derived from EMG and accelerometer recordings (De et al.,
2023). This is in part due to sensor modality, experimental conditions
and small, single-center datasets (De et al., 2023). However, a critical
limitation across existing intelligent diagnostic systems is the lack of
external validation across different clinical centers and recording con-
ditions, severely limiting their practical deployment potential.

In this study, we aimed to develop and validate a robust data-driven
expert system for differentiating between tremor in PD and ET using
peripheral sensor data with the following primary objectives:

i. determine which sensor modality (EMG or accelerometer) pro-
vides the most distinctive features for classification.

ii. identify which experimental condition (rest, posture, or posture
with weight) yields the most discriminative signal characteristics.

iii. evaluate which feature domain (frequency, power, or phase)
contribute most significantly to accurate classification.

iv. assess whether our model generalizes to external datasets
collected at a different clinical center with different recording
equipment.

v. evaluate the feasibility of classifying states within disease con-
ditions for adaptive device applications.

To achieve the presented objectives, we analyze a comprehensive
dataset comprising 124 PD and 272 ET patients across three experi-
mental conditions using both EMG and accelerometer recordings. We
employ tree-based machine learning algorithms and other classification
algorithms such as SVM, ANN, and logistic classifier, on features engi-
neered from time-frequency domain and nonlinear phase analyses to
build a classification model. We tested this model using an independent
external dataset collected at a different clinical center with different
recording equipment. This approach addresses a critical clinical need for
objective, scalable diagnostic tools that can assist clinicians in accurate
differentiation between these commonly misdiagnosed movement
disorders.
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2. Related work

To address the diagnostic challenge, various intelligent diagnostic
strategies for PD vs ET tremor differentiation have evolved, ranging
from single sensor modalities using accelerometers or EMG sensors, to
hybrid strategies employing sensor fusion approaches, to rule-based
systems leveraging specific neurophysiological markers, and more
advanced methodologies such as Dopamine Transporter Scan (DaTScan)
and genetic testing (Thenganatt & Louis, 2012). This section examines
existing expert system strategies and their limitations for practical
implementation, organized by methodological approach and diagnostic
modality.

2.1. Sensor-based diagnostic expert systems

Accelerometer-based approaches have formed the foundation of
accessible diagnostic solutions. Ai et al. (Ai et al., 2011) used empirical
mode decomposition with SVM classification on 25 patients, achieving
balanced metrics. Limitations include small sample size and exclusive
focus on postural conditions. Loaiza Duque et al. (Duque et al., 2020)
implemented smartphone gyroscope-based classification with frequency
domain features on 39 patients, achieving 77.8 % accuracy with 75.7 %
sensitivity and 80.0 % specificity. Performance remained insufficient for
clinical decision support. Barrantes et al. (Barrantes et al., 2017)
developed smartphone accelerometer-based classification using novel
discriminatory features on 33 patients, achieving 84.38 % accuracy and
ROC-AUC of 89.8 %. Performance gaps persisted, and smartphone-grade
sensors introduced reliability concerns.

EMG-based approaches explored physiological signal analysis.
Tavakkoli et al. (Tavakkoli et al., 2014) used nonlinear analysis of wrist
muscle EMG signals with comprehensive feature extraction on 40 pa-
tients, achieving 95.75 % accuracy. Limitations include reporting only
accuracy without sensitivity and specificity metrics, which is clinically
inadequate for diagnostic applications.

2.2. Multi-modal expert systems

Multi-modal sensor fusion approaches combined accelerometer and
EMG signals. Xing et al. (Xing et al., 2022) developed the largest study
using accelerometer and dual EMG recordings on 398 patients with
XGBoost classification, achieving AUC 0.95, 85 % accuracy, 96 % recall,
and 64 % specificity. Significant imbalance between recall and speci-
ficity indicates systematic bias. Hossen and colleagues (Hossen, 2013;
Hossen et al., 2010) explored sophisticated signal processing ap-
proaches, achieving 85-87.5 % accuracy with more balanced perfor-
mance metrics. These systems revealed EMG flexor signals as the most
reliable discriminator but demonstrated conservative diagnostic ap-
proaches that may miss some cases. While these systems show improved
performance on single-center datasets, their robustness across diverse
clinical environments remains largely unvalidated.

2.3. Rule-based expert systems

Rule-based diagnostic approaches have developed specialized
neurophysiological markers that provide interpretable, clinically
meaningful diagnostic criteria for tremor differentiation.

Tremor Stability Index (TSI) systems measured cycle-by-cycle fre-
quency variation. di Biase et al. (di Biase et al., 2017) developed TSI-
based classification on 91 subjects, achieving 95 % sensitivity, 95 %
specificity, and 92 % accuracy in test cohort, but degraded to 69 %
sensitivity and 85 % accuracy in validation cohort. Contradictory find-
ings by other researchers raise robustness concerns (Balachandar et al.,
2022; Luft et al., 2019; Panyakaew et al., 2020). While the Mean Har-
monic Power (MHP) system analyzed harmonic frequency content.
Muthuraman et al. (Muthuraman et al., 2011) used spectral harmonic
analysis on 80 patients, achieving 94 % accuracy on clinically definite
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cases and 91.7 % on unclear cases. The system revealed distinct oscil-
latory mechanisms between PD and ET but relied on specific recording
protocols that may limit broader applicability.

3. Research gaps and validation limitations

Critical gaps significantly limit practical clinical utility of existing
expert systems:

i. External validation and real-world deployment deficiency: None of
the existing studies have demonstrated successful validation on
external datasets collected outside their original clinical centers,
using different recording equipment, or in diverse clinical settings
beyond controlled environments. This absence of cross-institutional
and real-world validation severely undermines confidence in sys-
tem performance across different clinical environments and
resource-constrained settings.

ii. Sample size limitations: Most studies utilized datasets with fewer
than 100 subjects, with typical cohorts ranging from 25 to 81 pa-
tients. Only Xing et al. (Xing et al., 2022) achieved a substantial
dataset of 398 patients, yet even this study lacked external
validation.

Our model addresses these critical gaps through three key in-
novations: (1) the multi-modal tremor differentiation framework vali-
dated across two different clinical centers with different recording
equipment and sampling rates, demonstrating generalizability; (2) sys-
tematic optimization of sensor modalities, experimental conditions, and
feature domains to maximize both diagnostic accuracy and practical
deployment feasibility; and (3) a robust classification approach using
the largest combined dataset in the field (396 training + 40 external test
patients) that proves the feasibility of multi-center diagnostic validation.
This work distinguishes itself from purely theoretical approaches by
prioritizing practical deployment considerations and demonstrated real-
world performance over laboratory-optimized metrics.

4. Methods
4.1. Dataset

Dataset 1 — Training and validation: The core dataset (Table 1)
comprised time-series data from EMG and accelerometer recordings of
124 PD and 272 ET patients, diagnosed by an experienced neurologist
(GD), and acquired during routine diagnostic evaluations at the
Department of Neurology, University of Kiel, Germany. Both acceler-
ometer and EMG data were collected under identical conditions across
all subjects. Accelerometry was performed using two 2 g monoaxial
accelerometers placed on the dorsum of each hand, positioned over the
midsection of the third metacarpal bone. EMG signals were recorded
using four sensors, with electrodes placed on the flexor carpi ulnaris
(FCU) and extensor carpi ulnaris (ECU) muscles of each hand. Signals

Table 1

Demographic and clinical characteristics of the 124 PD and 272 ET patients
included in the model training and validation dataset for the study. Values are
presented as mean + SEM with standard deviations reported separately.
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were sampled at 800 Hz, providing 30-second recordings (24000 time
points per time series).

Dataset 2 — External testing: We performed external testing using a
separate dataset (Table 2) of 20 PD and 20 ET patients collected using a
commercial device (Kinesia, Great Lakes NeuroTechnologies, Inc.,
Cleveland, OH) as explained in Muthuraman et al. (Muthuraman et al.,
2021). Similar to our training dataset, the diagnoses were performed by
an experienced neurologist (GT). Signals were sampled at 128 Hz, and
the recordings were performed as a part of the diagnostic review by the
Department of Neurology, Semmelweis University. The only difference
with Dataset 1, which used a monoaxial accelerometer, was the use of a
triaxial accelerometer which was mitigated by using the vector norm of
the three (3) axes.

4.2. Dataset conditions

Three experimental conditions were employed to capture different
tremor types:

Condition 1: Rest — Subjects were seated comfortably with their
forearms supported by arm rests in an armchair, designed to capture
rest-tremor.

Condition 2: Posture — Subjects extended their arms in front of
their chest in a 0° neutral position to record postural-tremor.

Condition 3: Posture + Weight — Subjects extended their arms in
front of their chest in a 0° neutral position, while 1000-gram weight was
placed on top of both hands, intended to elicit postural tremor under
load.

4.3. Ethics

The training dataset study was approved by the local ethics com-
mittee at the University Hospital Schleswig Holstein, Kiel, Germany
(reference number: A 143/13). The external test dataset was approved
by the Regional and Institutional Committee of Science and Research
Ethics, Semmelweis University (271/2013). For both datasets, the sub-
jects signed an informed consent according to the Declaration of
Helsinki.

4.4. Signal preprocessing

Minimal preprocessing was applied to the raw time-series data. For
EMG signals, only full-wave rectification was performed prior to anal-
ysis (Muthuraman et al., 2010). No additional preprocessing steps such
as filtering, smoothing, or trimming of signals were applied to either the
EMG or accelerometer recordings.

4.5. Feature engineering

To best differentiate between ET and tremor in PD, we computed a
wide set of features engineered from a continuous wavelet transform of
the signals. Each feature was computed for both accelerometer signals
and each of the four EMG signals respectively. At a high-level, these

Table 2

Demographic and clinical characteristics of the 20 PD and 20 ET patients in the
external test dataset. Values are presented as mean + SEM with standard de-
viations reported separately.

Diagnosis ~ Count Age (Mean + Score (Action/Postural Tremor subset of
SEM, STD) UPDRS III for PD, max. = 8; Postural Diagnosis ~ Count Age (Mean + Score (MDS-UPDRS III for PD, max. =
Tremor subset FTM for ET, max. = 8) SEM, STD) 132; FTM for ET, max. = 144;) Mean +
Mean + SEM, STD SEM, STD
PD 124 (51 68.7 £ 1.12, 4.94 +0.12,1.29 PD 20 (4 64.8 £1.8, 38 + 4.46, 20
Females) 12.48 Females) 8.1
ET 272 (110 67.22 + 6.79 + 0.13, 2.07 ET 20 (12 72.5 + 2.47, 45.6 + 2.95,13.2
Females) 1.02, 16.74 Females) 11.1

SEM: Standard Error of Mean.
STD: Standard Deviation.

SEM: Standard Error of Mean.
STD: Standard Deviation.
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features emanate from:

i. Distance correlation between fundamental frequency and the
second harmonic for both accelerometer and EMG.

ii. Distance correlation between fundamental frequency and the
third harmonic for both accelerometer and EMG.

iii. Summative distance correlation for all frequencies and their
harmonics between 2 Hz and 20 Hz i.e., the average distance
correlation between all integer valued frequencies between 2 Hz
and 20 Hz and their second harmonics.

iv. Average distance correlation for all non-harmonics between all
frequencies between 2 Hz and 20 Hz. Non-harmonics are defined
as the second harmonic + 1 i.e., if 5 Hz is the fundamental fre-
quency, non-harmonics would be defined at 5*2 + 1 = 11 Hz or
5%*2-1 = 9 Hz.

v. The fundamental frequency for time series from both sensors
(accelerometer and EMG) in all conditions i.e., fundamental fre-
quency for accelerometer in both left and right hand, for EMG in
both flexors and both extensors for all conditions.

vi. Power of the fundamental frequency bin for all sensors and for all
conditions.

vii. Mean power across all frequency bins for all sensors and
conditions.

4.6. Fundamental frequency and power using continuous wavelet
transform

Continuous Wavelet Transform (CWT) with a single scale Morlet
wavelet (scale width = 10) was selected for spectral analysis, primarily
for its computational efficiency with our large dataset. The analysis was
confined to the frequency range between 2 to 20 Hz, divided into 1 Hz
frequency bins (2 Hz, 3 Hz, 4 Hz, and so on up to 20 Hz). CWT was used
to compute the scalogram within this range, with the magnitude of the
scalogram squared to derive the wavelet power spectrum.

For each signal, we identified the frequency bin with maximum
power in the wavelet power spectrum, which was designated as the
fundamental frequency (or 1st harmonic) of that specific signal. Higher
harmonics were then determined as integer multiples of this funda-
mental frequency. For example, if the bin with maximum power was at
5 Hz, the second harmonic would be identified at 10 Hz, and the third
harmonic at 15 Hz.

4.7. Phase calculation

For each frequency bin of interest, we first obtain the protophase 6 by
calculating the angle of the wavelet spectrum for that bin. Since these
protophases do not grow uniformly in time (resulting in non-constant
instantaneous frequencies, o, i.e., ¢ # ), we transform them into true
phases ¢ following the methodology described in Kralemann et al. 2008,
(Kralemann et al., 2008). This transformation is necessary because
proto-phase angles derived from the wavelet spectrum are influenced by
measurement conditions and do not provide observer-independent re-
sults (i.e., & = w +g(0), where g(6) depends on the used embedding and
observables and do not carry any physical meaning). The transformation
to true phases ensures that we obtain a consistent representation of the
underlying oscillatory dynamics, independent of the specific measure-
ment technique. These true phases are then used in subsequent analyses
to characterize tremor properties and relationships between different
frequency components using the distance correlation metric (Székely
et al., 2007).

4.8. Harmonics

Classical approaches for identifying harmonics have predominantly
focused on spectral power; however, this is limited as harmonic in-
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teractions are not always regular and can be irregular as in PD
(Muthuraman et al., 2011; Raethjen et al., 2009). While harmonics are
defined mathematically as integer multiples of the fundamental fre-
quency (which we directly calculate from the wavelet transform), the
physiological interaction between these frequency components can
provide valuable diagnostic information (Haufler & Pare, 2019; Luff
et al., 2024). In our analysis, we treat the instantaneous true phases (¢)
calculated from each frequency bin as time series. These phase time
series exhibit variations due to tremor characteristics and measurement
conditions.

To quantify the strength of phase interactions between the funda-
mental frequency and its harmonics, we use distance correlation (Peach
et al., 2024; Székely et al., 2007). We do not use distance correlation to
identify harmonics — these are determined directly from the funda-
mental frequency. Rather, we apply distance correlation to measure the
degree of phase coupling between the fundamental frequency and its
harmonics. Distance correlation (dCor) can detect both linear and non-
linear associations, making it well-suited for capturing complex phase
relationships that may differ between PD and ET.

Distance correlation between two vectors X and Y of length n is
computed as:

dCOT'(X, Y) _ dCov(X,Y)

\/dVar(X)-dvar(Y)

where dCov represents distance covariance and dVar represents dis-
tance variance (Székely et al., 2007).

As an example, if we have two variables X and Y with marginal
distributions Px and Py and joint distribution Px y:

i. if Xand Y are independent, i.e., Pxy —Px.Py =0, dCor(X,Y) =0,
ii. if X and Y are dependent, i.e., Pxy —Px.Py > 0, dCor(X,Y) > O,
and
iii. if X and Y are perfectly dependent, dCor(X,Y) = 1.

For our analysis, X and Y represent instantaneous phase time series
(extracted by Hilbert Transform) of length 24,000 (800 Hz x 30 s) for
the training dataset and 3,840 (128 Hz x 30 s) for the external test
dataset. Distance correlation measure was performed using the algo-
rithm provided in Chaudhuri and Hu, 2019 (Chaudhuri & Hu, 2019).

4.9. Classification

For the initial classification task, we employed and compared the
performance of several tree-based machine learning models. The model
with the best performance, as determined by predefined metrics, was
selected for further analysis. Tree-based classifiers are often favored for
their ability to handle non-linear data, their automatic feature impor-
tance assessment, robustness to outliers, insensitivity to data distribu-
tion, and computational efficiency. Tree-based models can also be used
in ensembles, which not only reduce overfitting but also require minimal
feature engineering. Bagging ensembles build multiple models inde-
pendently with different subsets of training data i.e., each model re-
ceives different subsets of the entire dataset. Sampling in bagging
ensembles is done with replacement. Gradient boosting algorithms build
models sequentially and every new iteration is used to correct errors
made by the previous model. Bagging ensemble framework based clas-
sifiers included: (a) Random Forest classifier (Hastie et al., 2001), (b)
Extra Trees Regressor (Geurts et al., 2006). Gradient Boosting frame-
work algorithm included: (a) XGBoost (Chen & Guestrin, 2016), (b)
LightGBM (Ke et al., 2017).

4.10. Training and evaluation

The training dataset (Dataset 1) was divided into an 80-20 split for
training and validation, respectively. Due to the imbalance between PD
(n = 124) and ET (n = 272) participants, we implemented stratified
sampling to maintain the same class distribution in both training and
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test sets. This ensured that each fold had a representative distribution of
both classes, preventing potential bias in model evaluation.

We implemented a nested cross-validation approach to avoid data
leakage and potential overfitting. All models were trained using an outer
10-fold cross-validation strategy for performance evaluation, with an
inner 5-fold cross-validation for feature selection and hyperparameter
tuning. The total initial feature set comprised 126 features derived from
both sensor modalities across all experimental conditions.

To refine our feature set, we applied Recursive Feature Elimination
with 10-fold cross-validation (RFECV). In k-fold cross validation, the
training data set is split into k-subsets (folds), where the model is trained
on k-1 folds and validated on the k™ fold. RFECV is an automated feature
selection tool that is particularly valuable given our large number of
features, as it helps us retain only the most relevant features for classi-
fication. RFECV was wrapped around the classifiers to compute feature
importance and independently guide feature selection.

In addition to RFECV, we employed Bayesian Optimization
(Nogueira, 2014) for hyperparameter tuning, using a 5 fold, 5 repeat
cross validation setup (yielding 25 evaluations per model) within the
training data to fine-tune our model for better performance. Bayesian
Optimization was initialized with 10 random points and executed over
50 optimization rounds, providing a more efficient search for optimal
hyperparameters compared to traditional grid search methods. This
approach allowed for fine-tuning of the models, enhancing their per-
formance and generalizability.

To quantify the uncertainty in our model performance estimates and
assess the variability due to random data splitting, we report the 95 %
confidence intervals (CI) for all performance metrics in the results sec-
tion. These CIs should not be interpreted as a measure of model
robustness to signal noise or data artifacts, but rather as an indication of
statistical uncertainty in our performance estimates. The reported per-
formance metrics (accuracy, precision, recall, F1, ROC-AUC, balanced
accuracy, and specificity) are calculated on the test set after averaging
across the 10 outer cross-validation folds.

Table 3
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Feature reduction was consistently applied to all modeling ap-
proaches to ensure fair comparison between different classifiers. How-
ever, for comparative purposes, we also report the performance of
models without feature selection in Table 3.

4.11. Software packages used

Fundamental frequency and power using continuous wavelet trans-
form and distance correlation measures were computed using MATLAB
(Release 2023b). All classification tasks were performed using Python
3.10, and scikit-learn (Pedregosa et al., 2011), XGBoost (Chen &
Guestrin, 2016), LightGBM (Ke et al., 2017) APIs.

5. Results

Our initial objective was to determine the most effective machine
learning model for distinguishing between PD and ET using the com-
plete feature set. Among the tree-based classifiers tested—XGBoost,
LightGBM, Random Forests, and Extra Trees—all showed promising
classification accuracy. However, XGBoost consistently outperformed
the other models, exhibiting the highest metrics (Table 3). Given its
superior performance, we selected XGBoost for further analyses,
employing recursive feature elimination (RFECV) and Bayesian opti-
mization for feature selection and model tuning. To identify top features,
we computed SHAP values (SHapley Additive exPlanations) algorithm
(Lundberg & Lee, 2017) that measure the impact that a certain feature
has on the predictions (Fig. 3). Notably the top three features are all
power-related features from EMG and accelerometer.

5.1. External testing

To externally test our predictive models, we sourced an independent
dataset (Dataset 2) from the Department of Neurology, Semmelweis
University, Budapest (Muthuraman et al., 2021). We extracted the same

Discrimination between PD and ET using tree-based classifiers (XGBoost, LightGBM, Extra Trees, Random Forests) with different feature set combinations. Features
were selected using RFECV except for one instance of XGBoost which used PCA. Optimization was performed using Bayesian methods across all postural conditions

(rest, posture, and posture + weight).

Classifier Feature Accuracy Precision Recall F1 ROC AUC Balanced Accuracy Specificity
(95 % CI)
XGBoost Phase, Frequency, Power 0.91 0.94 0.93 0.94 0.97 0.90 0.88
(Without feature selection) (0.93-0.99)
XGBoost Phase 0.78 0.82 0.85 0.84 0.79 0.73 0.60
(RFECV) (0.66-0.89)
Frequency 0.88 0.89 0.93 0.91 0.88 0.85 0.76
(0.76-0.96)
Power 0.91 0.93 0.95 0.94 0.96 0.89 0.84
(0.89-0.99)
Phase, Frequency, Power 0.98 0.96 1.0 0.98 1.0 0.96 0.92
(1.0 -
1.0)
XGBoost Phase, Frequency, Power 0.78 0.83 0.87 0.85 0.87 0.74 0.60
(PCA w/ 95 % variance) (0.70-0.92)
LightGBM Phase, Frequency, Power 0.90 0.93 0.93 0.83 0.97 0.88 0.84
(Without feature selection) (0.93-0.99)
LightGBM Phase, Frequency, Power 0.85 0.88 0.91 0.89 0.94 0.81 0.72
(RFECV) (0.89-0.98)
Random Forest Phase, Frequency, Power 0.93 0.93 0.96 0.95 0.96 0.90 0.84
(Without feature selection) (0.91-0.99)
Random Forest (RFECV) Phase, Frequency, Power 0.91 0.91 0.96 0.94 0.96 0.88 0.80
(0.91 -
1.0)
Extra Trees Phase, Frequency, Power 0.86 0.87 0.96 0.91 0.93 0.82 0.68
(Without feature selection) (0.87-0.98)
Extra Trees (RFECV) Phase, Frequency, Power 0.94 0.93 0.98 0.96 0.97 0.91 0.84
(0.91 -
1.0)
External Validation Dataset Phase, Frequency, Power 0.75 0.73 0.80 0.76 0.79 0.75 0.70
(XGBoost with RFECV model for Inference) (0.65-0.91)
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Discrimination between PD and ET using other classifiers (Support Vector Machine (SVM), Logistic Classifier, and artificial neural network (ANN)). Features were
selected using RFECV. Optimization was performed using Bayesian methods across all postural conditions (rest, posture, and posture + weight).

Classifier Feature Accuracy Precision Recall F1 ROC AUC Balanced Accuracy Specificity
(95 % CD
SVM Phase, Frequency, Power 0.81 0.81 0.94 0.87 0.88 0.73 0.52
(RFECV) (0.79 -
0.95)
Logistic Classifier Phase, Frequency, Power 0.81 0.80 0.96 0.87 0.87 0.72 0.48
(RFECV) (0.76-0.96)
ANN Phase, Frequency, Power 0.77 0.84 0.84 0.84 0.78 0.74 0.64
(RFECV) (0.65-0.90)

features as Dataset 1 and using the pre-trained model from our training
dataset we made out-of-sample predictions of disease. The overall
specificity for the test dataset was 0.70, recall 0.80, and ROC-AUC 0.79
(Table 3).

5.2. Feature domain contribution to classification

To explicitly determine which domain of features (phase, frequency,
or power) was most important for classification, we trained the XGBoost
model on subsets of each feature domain using all conditions. Features
associated with tremor power were best at differentiating between
tremor in PD and ET (specificity: 0.84, recall: 0.95, ROC-AUC: 0.96),
while frequency domain (specificity: 0.76, recall: 0.93, ROC-AUC: 0.88)
and phase domain features (specificity: 0.60, recall: 0.85, ROC-AUC:
0.79) exhibited progressively lower but still informative performance
(Fig. 2d).

For comparison, we also applied principal component analysis (PCA)
for dimensionality reduction, retaining components that explained up to
95 % of the variance (Fig. 2a). Although PCA reduced the feature space
from 126 original features to 27 principal components, it did not
perform as well as RFECV, with lower classification accuracy and
specificity across all models (Table 3).

5.3. Experimental condition contribution to classification

Next, we investigated which experimental condition (rest, posture,
or posture + weight) provided the most discriminative features by
training models using condition-specific data. Our results showed that
rest-state features were the most effective in differentiating between PD
and ET (Table 5), yielding the highest classification accuracy and
specificity (specificity: 0.80, recall: 0.91, ROC-AUC: 0.90). Models
trained on posture (specificity: 0.36, recall: 0.89, ROC-AUC: 0.69) or
posture + weight data (specificity: 0.40, recall: 0.87, ROC-AUC: 0.67),
while still informative, exhibited lower performance, suggesting that
tremor patterns at rest offer more distinct signals for disease classifica-
tion (Fig. 2¢).

5.4. Sensor-specific contribution to classification

We then evaluated which sensor-specific features (EMG or acceler-
ometer) contributed most to classification performance. The results
indicated that EMG-specific features consistently outperformed accel-
erometer features, yielding higher recall and specificity in disease
classification regardless of the feature domain (Table 6). EMG features
alone achieved a specificity of 0.84, recall of 0.96, and ROC-AUC of
0.95, while accelerometer features alone reached a specificity of 0.72,
recall of 0.89, and ROC-AUC of 0.90 (Fig. 2b). This suggests that EMG
data captures more granular information related to tremor characteris-
tics, particularly in the rest condition, which may be less detectable by
accelerometry alone.

5.5. Motor task condition state classification

We further investigated whether we could differentiate between
motor task condition states, which might be important for adaptive deep
brain stimulation optimization. A binary classification between rest and
posture states achieved moderate specificity for PD (0.68) and high
specificity for ET (0.91), moderate to high recall (0.92 for PD, 0.87 for
ET), and ROC-AUC (0.76 for PD, 0.96 for ET). Even a three-way classi-
fication between rest, posture, and weighted-posture states has reason-
ably good ROC-AUC (0.76 for PD, 0.89 for ET). However, the accuracy of
classification between condition states was better for ET patients than
PD patients (Table 7), suggesting more consistent state-dependent
tremor characteristics in ET compared to PD.

5.6. Classification based on tremor stability index (TSI

We evaluated classification performance using only the Tremor
Stability Index (TSI) as input, applying the same classifiers and opti-
mization procedures used for the multi-feature analysis. TSI, which
quantifies cycle-by-cycle frequency variation, has been previously pro-
posed for tremor differentiation (di Biase et al., 2017). As the original
TSI implementation code was not publicly available, we implemented
TSI based on the methodology described in the published literature.

TSI-based classification yielded substantially lower performance
across all models in our dataset (Table 8). XGBoost with TSI achieved
ROC-AUC 0.59 (95 % CI: 0.51-0.67), specificity 0.09, and recall 0.96.
Other classifiers showed similar results: ANN (ROC-AUC 0.66, speci-
ficity 0.09, recall 0.97), SVM (ROC-AUC 0.63, specificity 0.00, recall
1.00), and logistic regression (ROC-AUC 0.55, specificity 0.00, recall
1.00). All models exhibited low specificity (0.00-0.09), contrasting with
the multi-feature approach which achieved ROC-AUC 1.0, specificity
0.92, and recall 1.0 (Table 3).

6. Discussion

This study presents a robust approach for distinguishing PD from ET
using peripheral sensor data, based on accelerometer and EMG signals,
without the need for extensive preprocessing. By engineering features
from a continuous wavelet transform of the sensor data, we achieve
near-perfect classification accuracy on a held-out test set. Crucially, we
validated our approach using an independent external test dataset
comprising 20 PD and 20 ET patients collected at Semmelweis Univer-
sity using different recording equipment (Kinesia device with triaxial
accelerometers sampled at 128 Hz). Despite these substantial differences
in recording conditions, our pre-trained model maintained robust per-
formance. Our metrics on internal validation surpass previous studies
(Balachandar et al., 2022; Barrantes et al., 2017; Ghassemi et al., 2016;
Hossen et al., 2010; Povalej Brzan et al., 2017; Shahtalebi et al., 2021;
Xing et al., 2022), but the significant advancement is demonstrating
generalizability through external testing — to our knowledge, the first
such validation in tremor classification. Although we observed an ex-
pected performance decline during cross-institutional testing, this
external validation represents a critical step toward establishing real-
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world clinical utility of sensor-based tremor classification.

Our study systematically compared multiple machine learning ap-
proaches, including tree-based models (XGBoost, LightGBM, Random
Forests, Extra Trees), support vector machines, logistic regression, and
artificial neural networks (Tables 3 and 4). Tree-based models, partic-
ularly XGBoost, consistently outperformed alternative approaches. This
superior performance, combined with several practical advantages,
guided our methodological choice. Tree-based models offer critical
benefits for clinical deployment. First, they achieve strong performance
with moderate-sized datasets (our 396 training participants), whereas
deep learning approaches typically require thousands of samples to train
robust networks. Prior studies in medical imaging have shown that deep
learning models often require much larger sample sizes for stable
generalization (Dhar et al., 2023; Wang et al., 2021; Woerner et al.,
2025). Second, interpretability is crucial for clinical adoption and reg-
ulatory approval. Our tree-based approach enables transparent feature
importance analysis (Fig. 3), allowing clinicians to understand which
physiological characteristics such as EMG power at rest or fundamental
frequency stability—drive specific classifications. This interpretability
facilitates clinical trust. In contrast, deep learning models function as
“black boxes,” providing predictions without mechanistic insight. Third,
computational efficiency enables broader deployment. Tree-based
models require only milliseconds for inference on standard computing
hardware, including smartphones, without requiring specialized GPU
resources. This accessibility is particularly important for implementa-
tion in resource-constrained clinical settings and low- and middle-

income countries where tremor disorders remain underdiagnosed.
Deep learning models, conversely, demand substantial computational
resources for both training and deployment. Finally, our feature engi-
neering approach directly incorporates established domain knowledge
about tremor physiology, including harmonic relationships between
fundamental and higher frequencies, phase coupling patterns, and
power spectral characteristics. Deep learning would need to learn these
complex physiological patterns from scratch using raw spectrograms or
time-series inputs, requiring substantially more data and computational
resources.

We also compared our multi-feature approach with the Tremor
Stability Index (TSI), an established single-metric method for tremor
differentiation (di Biase et al., 2017). TSI quantifies cycle-by-cycle fre-
quency variation and has shown promise in prior studies. We imple-
mented TSI based on the published methodology, as the original code
was not publicly available. We acknowledge that implementation dif-
ferences, along with variations in dataset characteristics and recording
protocols, may contribute to performance differences across studies. The
lower specificity observed with TSI suggests that, when used as a
standalone feature with our implementation and dataset, it tends to
classify most patients as PD. This observation is consistent with previous
reports of variability in TSI performance across different cohorts and
recording conditions (Luft et al., 2019; Panyakaew et al., 2020). These
differences may reflect the complexity and heterogeneity of tremor
manifestations in both PD and ET populations, as well as potential
sensitivity to specific implementation details and preprocessing steps.
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Fig. 3. SHAP Analysis of Predictive Features. This figure shows the SHAP
values for the 20 most informative features. A positive SHAP value (further to
the right on the graph) corresponds to a stronger prediction for the positive
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dicates a strong prediction for the negative class (PD). The color bar indicates
the normalized feature value. As an example, a larger EMG power at rest (top
row feature) leads to a strong prediction of PD. Abbr. acc — accelerometer, emg
— electromyography, freq — frequency, dcor — distance correlation measure.

Our findings suggest that while single-metric approaches offer
simplicity and clinical interpretability, integration of complementary
features from multiple domains—including power spectral characteris-
tics, frequency stability, and phase coupling patterns from both EMG
and accelerometry—may provide more robust discrimination across
diverse clinical settings and implementation environments. The
enhanced performance of our multi-feature framework likely reflects its
capacity to capture the multifaceted neurophysiological differences
between these conditions. This does not diminish the conceptual value
of focused metrics like TSI for understanding specific tremor charac-
teristics but rather highlights the benefit of comprehensive feature
integration for diagnostic classification tasks. Future collaborative ef-
forts with access to original implementations could provide valuable
insights into the optimal application of different methodological
approaches.

Beyond methodological considerations, our findings provide insights
into which sensor modalities and experimental conditions optimize

Table 5
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tremor differentiation. Prior research has predominantly studied accel-
erometry due to its ease of access and low cost (Elble & McNames, 2016;
Vescio et al., 2021). However, we show that features derived from EMG
recordings demonstrated superior differentiability between ET and PD.
This is expected for two reasons: First, EMG measures muscle activity
which is more directly linked to the underlying neural activity, whilst
accelerometry captures the physical movements following from muscle
activity. The signal-to-noise ratio of relevant signal characteristics
generated by disease will therefore be higher in EMG than accelerometer
recordings, which are influenced by the weight of the person’s hand as
the patient maintains a posture. Secondly, EMG is independent of the
axis of movement — whereas accelerometer sensors are either monoaxial
that can lose information, or triaxial which requires processing to
combine the separate axes. The benefits of combining EMG and accel-
erometry have been shown for differentiating multiple sclerosis from PD
and ET (Hossen et al., 2022).

Consistent with several previous studies, our findings indicate that
rest tremor is the most effective marker distinguishing PD from ET
(Nistico etal., 2011; Nistico et al., 2022; Xing et al., 2022). Rest tremor is
a primary characteristic of PD, present in approximately 90 % of PD
cases, and typically subsides with movement onset. Although rest tremor
is strongly indicative of PD, it can occasionally occur in ET cases, with
prevalence rates reported between 20 % — 30 % in various studies
(Cohen et al., 2003; Dotchin & Walker, 2008; Louis et al., 2011; Rajput
etal., 2004). Consequently, upon addition of features from both postural
and weighted-postural experimental conditions, we showed an
improvement in classification accuracy. This finding is particularly
significant as it suggests that while rest tremor provides the strongest
single discriminative signal, a comprehensive assessment across multi-
ple conditions yields the most accurate diagnosis.

The choice of features to differentiate between ET and PD is an
ongoing debate (De et al., 2023). We show that traditional power related
features capturing the amplitude of tremor are the strongest differ-
entiators of disease — ET patients exhibit a lower tremor amplitude
during rest but a larger tremor amplitude in postural position — agreeing
with prior studies (Rahimi et al., 2011; Xing et al., 2022). Both fre-
quency- and phase-based features show strong classification accuracy,
but when combined with power-based features, the diagnosis is optimal.
The importance of frequency-based and harmonic features was previ-
ously shown to differ between conditions, with irregular patterns for PD
and regular patterns for ET, respectively (Hossen et al., 2010;
Muthuraman et al., 2011; Raethjen et al., 2009; Sapir et al., 2003).

Our investigation into the classification of distinct motor states-
—specifically, differentiating between rest and postural con-
ditions—yielded robust results. Given that rest and postural positions
predominate in daily activities, the ability to discern between these
states using peripheral signals as an additional feedback holds signifi-
cant potential for the automatic adaptation of the deep brain stimulation
(DBS) parameter space (Malekmohammadi et al., 2016; Swann et al.,
2018; Yamamoto et al., 2013). Current closed-loop studies essentially
close the loop with subthalamic beta band power as the feedback signal
(Arlotti et al., 2018; Little et al., 2013; Nakajima et al., 2021; Velisar
et al., 2019). The classification performance differed between binary vs.
ternary classification and tremor diagnoses: Statistically, the addition of

Discrimination between PD and ET using both sensors (EMG, accelerometer) based on a subset of conditions. Analysis performed with XGBoost using RFECV and

Bayesian optimization.

Classifier Condition Feature Accuracy Precision Recall F1 ROC AUC Balanced Accuracy Specificity
(95 % CI)
XGBoost Rest (Condition 1) Phase, Frequency, Power 0.88 0.91 0.91 0.91 0.90 0.85 0.80
(RFECV) (0.81-0.97)
Posture (Condition 2) Phase, Frequency, Power 0.73 0.75 0.89 0.82 0.69 0.63 0.36
(0.56-0.82)
Posture+ Phase, Frequency, Power 0.73 0.76 0.87 0.81 0.67 0.64 0.4
Weight (Condition 3) (0.53-0.80)
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Table 6
Discrimination between PD and ET using EMG-only and Accelerometer-only features. Analysis performed with XGBoost using RFECV and Bayesian optimization.
Sensor Feature Accuracy Precision Recall F1 ROC AUC Balanced Accuracy Specificity
(95 % CD
EMG Phase 0.71 0.75 0.87 0.80 0.71 0.62 0.36
(0.57-0.84)
Frequency 0.75 0.80 0.85 0.82 0.83 0.69 0.52
(0.73-0.92)
Power 0.88 0.88 0.95 0.91 0.96 0.83 0.72
(0.91-0.99)
Combined 0.93 0.93 0.96 0.95 0.95 0.90 0.84
(0.90-0.99)
Accelero- Phase 0.66 0.71 0.87 0.78 0.68 0.54 0.20
meter (0.57-0.79)
Frequency 0.69 0.69 1.0 0.81 0.69 0.5 0
(0.55-0.81)
Power 0.81 0.81 0.94 0.87 0.84 0.73 0.52
(0.72-0.93)
Combined 0.85 0.89 0.89 0.89 0.90 0.83 0.72
(0.85-0.97)
Table 7

Discrimination between states for PD and ET patients. Binary classifier distinguishes between rest and posture states, while ternary classifier distinguishes between
rest, posture, and posture + weight states. All possible features from the respective states were included, with RFECV and Bayesian optimization applied.

Sensor States Accuracy Precision Recall F1 ROC AUC Balanced Accuracy Specificity
(95 % CI)
PD Binary 0.80 0.74 0.92 0.82 0.89 0.80 0.68
(0.79-0.97)
Ternary 0.56 0.56 0.56 0.56 0.76 0.56 0.78
(0.67-0.84)
ET Binary 0.89 0.90 0.87 0.89 0.96 0.89 0.91
(0.93-0.99)
Ternary 0.75 0.75 0.75 0.75 0.89 0.75 0.88
(0.84-0.93)
Table 8

Discrimination between PD and ET using TSI (tremor stability index) as the feature using XGBoost, artificial neural network (ANN), support vector machine (SVM), and
a logistic classifier. Optimization was performed using Bayesian methods across all postural conditions (rest, posture, and posture + weight).

Classifier Feature Accuracy Precision Recall F1 ROC AUC Balanced Accuracy Specificity
(95 % CI)

XGBoost TSI 0.69 0.70 0.96 0.87 0.59 0.52 0.09
(0.51-0.67)

ANN TSI 0.70 0.70 0.97 0.82 0.66 0.53 0.09
(0.58-0.74)

SVM TSI 0.69 0.69 1.00 0.81 0.63 0.50 0.00
(0.55-0.70)

Logistic Classifier TSI 0.69 0.69 1.00 0.81 0.55 (0.46-0.63) 0.50 0.00

a third class to a classification system automatically increases the like-
lihood of false classification. Our finding of higher three-way (rest vs.
posture vs posture + weight) as well as binary (rest vs. posture) classi-
fication accuracy in ET than PD indicates larger and more consistent
differences between movement states in ET than PD - this is in keeping
with the hypothesis of a single core oscillating driver in ET, and multiple
ones in PD (Muthuraman et al., 2018; Raethjen et al., 2007; Raethjen
et al., 2009). However, we note that using a continuous wavelet trans-
form also poses some difficulties for application in live adaptive settings
since a wavelet demands a width in time which cannot be extended into
unknown future time points.

7. Limitations

Despite our study providing unique insights into tremor differenti-
ation between ET and PD, several limitations require acknowledgment.
First, while we compared multiple machine learning approaches (tree-
based models, SVM, logistic regression, and artificial neural networks),
deep learning methods were not explored. Deep learning could

10

potentially be investigated with substantially larger multi-center data-
sets, though such approaches would need to address interpretability
requirements for clinical acceptance and computational resource de-
mands for deployment in resource-constrained settings. Second, per-
formance in our external test dataset decreased by approximately 20 %
(specificity: 0.92 — 0.70, recall: 1.0 — 0.80, ROC-AUC: 1.0 — 0.79). This
reduction is expected when applying algorithms to data collected with
different devices, clinical settings, and sampling rates (800 Hz versus
128 Hz). Standardizing recording protocols could improve generaliz-
ability. Third, we recognize PD’s heterogeneity, but our study was not
powered to stratify by PD subtype. Future research should investigate
classification accuracy across different phenotypes. Fourth, we used
monoaxial accelerometers in Dataset 1 and triaxial accelerometers in
Dataset 2, which may have contributed to reduced external test per-
formance despite vector normalization. Fifth, the lack of detailed in-
formation regarding disease stage and tremor phenotypes (e.g., pure
resting tremor vs. combined resting and postural tremor in PD patients).
The clinical heterogeneity of both PD and ET is well-established, and
different phenotypes may exhibit varying classification accuracy. Future
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multi-center studies should systematically collect these clinical charac-
teristics to enable subgroup analyses and better understand which pa-
tient populations benefit most from sensor-based classification. Such
analyses could inform personalized diagnostic strategies and identify
cases where additional clinical assessment is warranted. Finally, diag-
nostic inconsistencies across hospitals could affect ground truth labels,
highlighting the need for multi-site data collection with standardized
protocols.

8. Conclusion

In summary, our findings indicate that generalized features derived
from peripheral signals—specifically accelerometry and electromyog-
raphy data—collected during routine diagnostic evaluations demon-
strate significant potential in discriminating between PD and ET. While
our machine learning approach shows promising results, we acknowl-
edge the need for validation across more diverse datasets before clinical
implementation. Nevertheless, these results suggest that quantitative
tremor analysis could serve as a valuable complement to traditional
medical diagnostic procedures, potentially reducing misdiagnosis rates.

This has implications for the usability of accelerometers as they are
present in everyday smartphones, which could be used for preliminary
screening. Additionally, specialized data gloves using both accelerom-
eters and EMG could bring better model inference and help with clinical
diagnoses. Furthermore, our ability to distinguish between different
motor states (rest versus posture) holds promise for implementation in
adaptive deep brain stimulation devices, which might need state infor-
mation to augment stimulation parameter decision-making, potentially
facilitating a more refined optimization of the programming parameter
space.

Future work should focus on several key directions: (1) standardizing
recording protocols across clinical centers to improve generalizability;
(2) expanding external testing to additional institutions and patient
populations; (3) investigating how these features perform across
different PD subtypes and disease stages; and (4) exploring deep
learning approaches with substantially larger multi-center datasets
while addressing the interpretability and computational challenges
inherent to such methods for clinical deployment.

9. Code availability

The code associated with this research is available on GitHub:
https://github.com/tanmoysil/ETPD_Paper.
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