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Abstract 

Bradykinesia and freezing of the upper limb (FOUL) movements are debilitating symptoms of 

Parkinson’s disease (PD) that occur during rapid alternating movements (RAMs). When attempting to 

perform high-rate RAMs, movements are typically characterized by bradykinesia (maintaining amplitude 

by slowing velocity) or episodes of FOUL (hesitations, freezing, or festination - hastening with small 

amplitudes). Currently, little is known about the neural signatures of basal ganglia oscillations associated 

with bradykinesia and FOUL behaviors. 

 In this study, ten people with PD with externalized deep brain stimulation (DBS) leads (directional 

1-3-3-1 configuration) implanted in the globus pallidus internus (GPi) performed a RAMs task while OFF 

medication and OFF stimulation. Participants performed epochs (8-12 s) of forearm pronation-supination 

movements (±15 deg.) that were cued by an acoustic stimulus alternating between slow (1Hz) and fast 

(2Hz) rates. For each of the 226 fast epochs, power spectra of bipolar local field potentials (LFPs) were 

calculated for all vertically adjacent DBS contact pairs using bipolar ring pairs (containing dorsal-ventral 

information) or directional pairs (containing circumferential information). Each epoch was visually 

classified from the forearm angular position traces as normal (met criteria for movement amplitude and 

rate), bradykinetic (low velocity at target amplitude), or FOUL (hesitations, freezing, festination). Five 

machine learning models were trained to distinguish between the three movement classes, and SHapley 

Additive exPlanations (SHAP) analysis was used to identify the frequency bands that contributed most 

towards classification, for each of the LFP pair sets (ring versus directional pairs). 

 There was no significant difference found in model performance between features using bipolar 

ring pairs or directional pairs. Across both pair types, the non-linear Random Forest (RF), Support Vector 

Machine (SVM), and Multi-Layer Perceptron (MLP) models significantly outperformed the linear Gaussian 

Naïve Bayes (GNB) and Linear Discriminant Analysis (LDA) models. For the RF, SVM and MLP models, 

frequencies within β-band (13-33Hz) and θ-band (4-8Hz) were consistently ranked among the most 

important features, however when comparing the power in individual frequency bands between movement 
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classes, there were no statistical differences shown between any of the top features. This suggests that there 

are non-linear relationships between frequency bands that distinguish between the movement classes, and 

that bradykinesia and FOUL may be distinct neural phenomena.  
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INTRODUCTION 

Background 

Parkinson’s disease (PD) is a neurodegenerative movement disorder affecting 8-18 out of 100,000 

people in industrialized countries, which is caused by the loss of dopaminergic neurons in the substantia 

nigra (Lee and Gilbert, 2016). Dopamine is an important neurotransmitter for motor control due to its role 

in the basal ganglia pathways, where it facilitates movement through the direct pathway and inhibits 

movement via the indirect pathway (Macpherson et al., 2014). Without this dopaminergic input, the direct 

pathway activity is reduced while the indirect pathway is overactivated, leading to the manifestation of 

motor impairments (Ramesh and Arachchige, 2023). Deep brain stimulation (DBS) is an intervention for 

PD where an electrode is implanted in the subthalamic nucleus (STN) or the globus pallidus internus (GPi) 

and provides electrical stimulation to disrupt abnormal activity in the basal ganglia pathways (Lozano et 

al., 2019). Traditional DBS leads consist of four layers of circumferential ring electrodes however, the 

relatively recent development of directional DBS leads, where the two middle levels are segmented into 

three electrodes, has allowed for targeted stimulation while avoiding unwanted side effects associated with 

omnidirectional stimulation (Schnitzler et al., 2022). Recordings of signals within the basal ganglia can be 

performed using externalized DBS electrodes or the implanted Medtronic Percept DBS system. These 

signal recordings allow researchers to study and characterize neural activity associated with impairments 

in motor and non-motor symptoms in PD. 

Motivation 

Bradykinesia and freezing of the upper limb (FOUL) are debilitating symptoms of PD that occur during 

repetitive movements (Espay et al., 2009). When attempting to perform repetitive movements at high rates 

of >2Hz, movements are typically characterized by either bradykinesia (maintaining amplitude by slowing 

velocity) or episodes of FOUL (hesitations, freezing, or festination – hastening with small amplitudes) 

(Heremans et al., 2019; Stegemöller et al., 2009). However, these phenotypes of PD motor symptoms are 

commonly assessed together, such as in the Movement Disorders Society-Unified Parkinson’s Disease 
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Rating Scale (MDS-UPDRS) which evaluates for speed, amplitude, hesitations, and halts concurrently 

(Goetz et al., 2008). 

Much work has identified elevated β-band (approximately 10-30 Hz) activity in the basal ganglia as a 

pathophysiological marker for PD (Cassidy et al., 2002; Weinberger et al., 2006 Yu et at., 2021), with more 

recent work indicating that elevated activity within high frequency oscillations (HFOs, 100-300Hz) may 

also be a feature of PD (Johnson et al., 2021). During repetitive movement tasks such as finger tapping, β-

band oscillations in the STN and cortex have been shown to be movement-modulated (i.e. correlated with 

movement), which decreases with bradykinesia and freezing (Androulidakis et al., 2008; Scholten et al., 

2020), However, while DBS treatment has been shown to affect performance differently for people with 

PD who exhibited bradykinetic and FOUL behaviors (Stegemöller et al., 2013), little is known about the 

neural signatures of basal ganglia oscillations associated with these two movement phenotypes. 

For this study, machine learning was used to determine whether a wide range of frequency bands could 

be used to distinguish between normal, bradykinetic, and FOUL movements during a rapid alternating 

movements (RAMs) task. Compared to traditional statistics, machine learning models excel when there are 

many more variables (features) than there are samples (Bzodok et al., 2018). With the emergence of 

techniques such as SHapley Additive exPlanations (SHAP), it has become possible to gain insight into how 

machine learning models, traditionally thought of as black boxes, make their predictions (Lundberg and 

Lee, 2017). As a result, it may be possible to identify new frequency bands associated with PD motor 

symptoms, while also serving as a dimensionality reduction technique that identifies the most important 

frequencies to be used in simpler statistical models. 

Hypothesis 

The main objective of this study was to use machine learning to characterize neural oscillatory activity 

in the GPi associated with motor performance during a RAMs task in people with PD. We hypothesized 

that these models could be used to identify GPi LFP power spectrum features that significantly distinguished 
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between normal, bradykinetic, and FOUL movements triggered at high RAMs rates. We additionally 

hypothesized that adding in the directional component of the DBS lead would lead to better performance 

of the models.  

METHODS 

DBS Implantation and Externalization 

The surgical procedure to implant and externalize DBS leads was performed as detailed in Aman et al. 

(2020). Prior to the surgery, 3T and 7T MRI scans were obtained to aid in the planning of the trajectory for 

the lead implantation. An intraoperative microelectrode mapping technique (Vitek et al., 1998) was used to 

locate the posterolateral (motor) region of the GPi. Directional DBS leads with a “1-3-3-1” electrode 

configuration from Abbott (Infinity, 0.5mm vertical spacing), Boston Scientific (Vercise Cartesia, 0.5mm 

vertical spacing), or Medtronic (SenSight, 0.5mm vertical spacing) were then implanted in the motor region 

of the GPi. An extension wire was then connected to the DBS lead and tunneled to a subcutaneous pocket 

in the infraclavicular pocket, which was then connected to a second extension wire that was tunneled to the 

abdomen and subsequently externalized (Aman et al., 2020). The participants were allowed to rest at home 

for 4-8 days to recover from the surgery, after which they returned to perform the externalization recordings. 

Study Participants 

All participants were diagnosed with idiopathic PD and had consented to the externalization study prior 

to undergoing DBS surgery. All 12 participants had directional DBS leads (1-3-3-1 configuration, 0.5mm 

vertical spacing) implanted unilaterally or bilaterally in the GPi. They each performed the RAMs task while 

OFF meds and OFF stim. LFP data was recorded from the externalized DBS lead(s) via a trialing cable 

connected to an ATLAS Neurophysiological System (NeuraLynx, Inc.) at a sampling frequency of 24 kHz. 

Two participants were excluded from analysis since they exhibited severe tremor. The 10 remaining 

participants had received either Abbott (n=5), Boston Scientific (n=3), or Medtronic (n=2) DBS leads. 

There was only one subject who received bilateral lead implants, however LFP recordings from their left 
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side were excluded from analysis due to significant noise. All other participants received unilateral 

implants, yielding usable recordings from 5 right-GPi and 5 left-GPi. 

Task 

During the RAMs task, participants were asked to hold the handle of a robotic manipulandum (Entact 

Robotics, Inc.) with the arm contralateral to their DBS side and actively pronate and supinate their forearm 

by ±15° (Figure 1A). They were cued by acoustic stimuli at slow (1 Hz) and fast (2 Hz) rates. Real-time 

visual feedback (Figure 1B) of the manipulandum angular position (as a horizontal moving curser) was 

shown on a screen directly in front of the participants, allowing them to compare their movements to the 

target amplitude. A single trial consisted of four alternating epochs of slow and fast cueing rates lasting 

between 8-12 seconds, where the starting cueing rate and epoch duration were randomized to prevent 

participants from predicting the rate transitions. The angular position of the handle and the cueing tones 

were recorded at a sampling frequency of 24 kHz during the task, synchronized with the LFP data. 

 

Data analysis 

Feature Generation 

All analysis for feature generation was performed using customized scripts in MATLAB version 

R2024a. The raw DBS recordings were filtered between 0.5–500 Hz using a 2nd order Butterworth filter, 

(B) 

Figure 1: (A) Robot manipulandum used during the 

RAMs task and (B) the accompanying visual feedback 

(the dot moved horizontally to indicate the participant’s 

angular position, and the vertical lines show the target 

±15° movement amplitude). 

(A) 
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then downsampled to 3 kHz. The Butterworth filter was chosen due to its flat passband, ensuring that the 

spectral content within the frequency range of interest was preserved with minimal distortion. LFP activity 

was extracted by creating bipolar pairs via the subtraction of signals from vertically adjacent DBS contacts. 

The directional DBS leads used in this study all had four vertical levels of contacts in a “1-3-3-1” contact 

configuration, meaning that levels 1 and 4 had one ring contact while levels 2 and 3 with were segmented 

with three contacts. To compare the use of vertical versus directional pairs on the machine learning models, 

two sets of bipolar pairs were created. Ring pairs refers to bipolar pairs between vertically adjacent level 

contacts yielding three level pairs: 01-02*, 02*-03*, 03*-04 (* denotes contacts that were averaged across 

the three directional contacts into a single “ring”). Directional pairs refers to bipolar pairs between vertically 

aligned contacts within the segmented rings only, yielding three directional pairs: 2a-3a, 2b-3b, 2c-3c. 

Since PD motor symptoms were primarily triggered during epochs with fast cued movement rates 

(“fast epochs”), only fast epochs were used for further data analysis. Power spectra of the LFP data during 

the first 8 seconds of each fast epoch were estimated using the multi-taper method in the Chronux toolbox, 

a method that reduces the high variance seen in conventional estimation methods by averaging the power 

spectra estimates computed using L orthogonal tapers (windowing functions) (Bokil et al., 2010; Prerau et 

al., 2017). For a signal of length N (in seconds) and a desired frequency resolution Δf (in Hz), the number 

of tapers L can be calculated from the time half-bandwidth product TW: 

𝐿 =  ⌊2𝑇𝑊 − 1⌋ 

where 

𝑇𝑊 = 𝑁
∆𝑓

2
 

Therefore, for 8 seconds of LFP data and a desired frequency resolution of 1 Hz, 7 tapers were used for 

power spectra estimation. For each spectrum, the average power contained in 51 frequency bands (11 within 

the 0.5-53Hz range, 40 within the 100-300Hz range) was then calculated and normalized to total power. 

The relative power in each frequency band at a specific bipolar pair (e.g., β1 band power at pair 01-02*) 
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were used as the features for the machine learning models. Accounting for all frequency bands and bipolar 

pairs, there were 153 features each for the ring pair and directional pair data sets. 

 Movement Epoch Classification 

Each fast epoch of movement was classified as normal (met target movement amplitude and 

velocity), bradykinetic (reduced movement velocity to maintain target amplitude), or FOUL (freezing, 

hesitations, or festination – hastening with small amplitudes) based on visual inspection of the angular 

position traces (Figure 2). The duration of PD motor symptoms was not considered, for example: an epoch 

where FOUL was exhibited during the first two seconds then recovered to normal movements was still 

Figure 2: Example manipulandum angular position traces of RAMs trials where the fast epochs 

(shaded) exhibited (A) normal, (B) bradykinetic, or (C) FOUL movements. Example trials were 

chosen to have the same starting movement rate and epoch lengths but these did vary per trial.  

(A) 

(B) 

(C) 

Angular position 

Epoch start/end 

Cueing tones 
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classified as FOUL. Of the 226 total fast epochs, there were 85 epochs with normal movements (37.6%), 

38 epochs with bradykinetic movements (16.8%), and 103 epochs with FOUL movements (45.6%). 

Overview of Machine Learning Models 

Five types of machine learning models were trained and tested in Python to classify the fast epochs 

based on power spectrum features: Random Forest (RF), Gaussian Naïve Bayes (GNB), Support Vector 

Machine (SVM), Linear Discriminant Analysis (LDA), and Multi-Layer Perceptron (MLP). 

RF classification models consist of many decision trees (estimators), each of which are 

independently trained on a random subset of data and features (Breiman, 2001). After each tree predicts a 

class based on a series of decision nodes, the final class prediction is decided by a majority vote. RF models 

are a popular choice for classification, as they are often robust against high-dimensionality data and noise, 

and tend to have high accuracies without overfitting (Matsuki et al., 2016)). 

GNB classifiers make predictions based on the assumption that the features are naïve (conditionally 

independent from each other) and have a Gaussian (normal) distribution (Rish, 2001). Using Bayes’ 

Theorem, the probability of an input with n features being of a particular class can be calculated given the 

distributions of classes and features within the training dataset:  

𝑃(𝑐𝑙𝑎𝑠𝑠|𝑓𝑒𝑎𝑡𝑢𝑟𝑒1, … , 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑛) =
𝑃(𝑐𝑙𝑎𝑠𝑠) ∏ 𝑃(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑛|𝐶𝑙𝑎𝑠𝑠)𝑛

𝑖=1

𝑃(𝑓𝑒𝑎𝑡𝑢𝑟𝑒1, … , 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑛)
 

After calculating the probabilities for each class, the final predicted output will be the class that had the 

highest probability of occurring. While GNB models are relatively simple, they are sensitive to the 

assumptions of independence and normality. 

 SVM models are able to classify data by finding hyperplanes (decision boundaries) that best 

separate the classes linearly in the feature space (Cristianini, 2000). When linear separation is not possible 

in the feature space, the data can be mapped to a higher dimensionality space using a kernel function. The 

radial basis function (RBF) kernel, used in this study, is defined as  
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𝐾(𝐱𝐢, 𝐱𝐣) = exp (−𝛾2‖𝐱𝐢 − 𝐱𝐣‖
2

) 

where xi and xj are vectors with the features describing two input samples, γ is a parameter, and ‖𝐱𝐢 − 𝐱𝐣‖ 

is the Euclidian distance between xi and xj (Vert et al., 2004). Therefore, the RBF kernel is a measure of the 

similarity between xi and xj. This pairwise comparison between all training samples results in a i × j matrix 

describing the dataset, which can then be linearly separated. 

 LDA is a dimensionality reduction technique that can be used to classify data using Bayes’ Theorem 

(Tharwat et al., 2017). Dimensionality reduction is first performed by projecting the data onto the 

hyperplanes that maximize the between-class scatter (i.e., the distance between the means of each class) 

and minimize the within-class scatter (i.e., the variance within each class). For m classes, the between-class 

scatter matrix is 

𝐒B =  ∑ 𝑛𝑖(𝝁𝑖 − 𝝁)(𝝁𝑖 − 𝝁)𝑇

𝑚

𝑖=1

 

and the within-class scatter matrix is  

𝐒𝑊 =  ∑ ∑(𝐱𝑖,𝑗 −  𝝁𝑖)(𝐱𝑖,𝑗 −  𝝁𝑖)
𝑇

𝑛𝑖

𝑗=1

𝑚

𝑖=1

 

where ni is the number of samples in the ith class, μi is the mean of the ith class, μ is the overall mean, and 

xi,j is the jth sample in the ith class. Then, the transformation matrix W that maximizes the ratio of the 

between-class scatter to within-class scatter, i.e., to solve 

argmax
𝐖

𝐖𝑇𝐒𝐵𝐖

𝐖𝑇𝐒𝐵𝐖
 

is found. After the samples are projected into the lower dimensional space with W, the distributions of the 

transformed data can be used to predict the class of a new sample using Bayes’ Theorem, as described 
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earlier for the GNB models. Similarly, LDA relies on assumptions including classes with normal 

distributions and equal covariance matrices, and linearly separable classes. 

 The final classification model used was the MLP, a type of artificial neural network consisting of 

fully connected (dense) input, hidden, and output layers (Bishop, 1994). Each neuron in the input layer 

receives the data for each feature in the sample, and the output layer has as many neurons as there are 

classes (for multiclass classifiers). The hidden layers are found between the input and output layers, where 

there may be any number of hidden layers with any number of neurons. As the name suggests, artificial 

neural networks are modeled after biological neural networks, where neurons receive inputs and give 

outputs other neurons. In an MLP, each neuron receives a weighted (wi) sum of inputs (xi) and a bias term 

(w0) from all neurons in the preceding layer, which is then transformed with an activation function (g()) 

before being passed along to as an input (z) to all neurons in the next layer: 

𝑧 = 𝑔(𝑎) = 𝑔 (∑ 𝑤𝑖𝑥𝑖 + 𝑤0

𝑑

𝑖=1

) 

The weights are analogous to the synaptic strength between biological neurons, while the bias term is 

analogous to the firing threshold. Activation functions determine how the neuron will respond to its outputs, 

and are often non-linear, allowing for artificial neural networks to learn more complex patterns. In this 

study, all hidden layer neurons had a Rectified Linear Unit (ReLu) activation function, while the neurons 

in the output layer had SoftMax activation functions to give the classification probabilities for each class. 

During the training process, the weights and bias terms are initialized and updated based on the error 

between the actual and predicted classes. 

Model Parameters 

The RF, GNB, SVM, and LDA classifiers were implemented using the scikit-learn library version 

1.4.2, and the MLP was implemented using the Keras library version 3.8.0 (Pedregosa et al., 2011; Chollet, 

2015). For the RF, GNB, SVM, and LDA models, their respective default hyperparameters were used (select 
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parameters are shown in Table 1). For the MLP model, hyperparameter tuning was performed using the 

grid search method to determine the combination of hidden layers (1, 2, or 3), neurons per hidden layer (25, 

50, 75, or 100), and learning rate (0.001, 0.01, or 0.1) that yielded the highest average accuracy during 

cross-validation. 

 

Model Training and Evaluation 

Stratified repeated k-fold cross-validation (5 folds, 2 repeats) was performed on 80% of the dataset 

(nnormal=66 (35.2%), nbradykinetic=30 (16.0%), nFOUL=91 (48.7%)). Stratified splits were utilized due to the 

imbalance of classes, ensuring that for each randomly selected fold, the proportion of normal, bradykinetic, 

and FOUL epochs was preserved. Then, final testing was performed on the remaining 20% of the dataset, 

simulating new and unseen data. All random processes (e.g. test/train/validation splitting, weight and bias 

Table 1: Select hyperparameters for all models. 

Model Hyperparameters 

RF 
Default parameters: RandomForestClassifier(n_estimators=100, criterion=’gini’, 

bootstrap=True) 

GNB Default parameters: GaussianNB(priors=None, var_smoothing=1e-09) 

SVM Default parameters: SVC(kernel=‘rbf’) 

LDA Default parameters: LinearDiscriminantAnalysis(solver=’svd’, n_components=2 ) 

MLP 

Model structure: 

   def build_model(n_layers, n_neurons, learning_rate, input_shape): 

      model = Sequential() 

      model.add(Input(shape=input_shape)) 

      for layer in range(n_layers): 

         model.add(Dense(n_neurons, activation="relu")) 

      model.add(Dense(3, activation="softmax")) 

      optimizer = Adam(learning_rate=learning_rate) 

      model.compile(optimizer=optimizer, loss='categorical_crossentropy', 

metrics=['accuracy']) 

      return model 

 

Tuned hyperparameters 

• Ring pair model: n_layers = 1, n_neurons = 25, learning_rate = 0.01 

• Directional pair model: n_layers = 1, n_neurons = 100, learning_rate = 0.01 
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initialization) was seeded (random seed=42) for reproducibility. A one-sample t-test was performed 

between the validation and testing accuracies, as a significantly lower testing accuracy could indicate that 

a model was overfitting on the training dataset. The performances of each model were also compared 

against each other using a one-way ANOVA with the validation accuracies. 

Feature Importance and Ranking 

 SHapley Additive exPlanations (SHAP) analysis was used to determine which features were 

important towards classification (Lundberg & Lee, 2017). SHAP analysis is based on Shapley values, a 

concept in cooperative game theory that determined the individual contribution (φ) of a player j within a 

total of F players based on payouts (V) of all coalitions (Ponce-Bobadilla et al., 2024): 

𝜑𝑗 = ∑
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
𝑆⊆𝐹\{𝑗}

(𝑉(𝑆 ∪ {𝑗}) − 𝑉(𝑆)) 

Essentially, the Shapley value represents the weighted average of a player’s marginal contributions across 

all possible combinations of players. In the context of machine learning, the SHAP values describe the 

change in predictions made by two models across all subsets of features, one with the feature of interest 

and the other without.  

 For the best-performing models, SHAP values were calculated for each movement type and sorted 

by importance: the greater the mean magnitude of the SHAP values for all samples, the greater the 

importance. To determine the overall feature rankings for a model, the features were scored based on their 

class ranking (the top feature for a class scored 153 points, while the least important feature scored 1 point). 

Scores were summed across all three movement classes, from which the overall model rankings were 

determined.  

 The models were then trained (with cross-validation) and tested, with the top features sequentially 

added to the dataset to determine how many features were needed until model performance ceased to 

improve. This subset of features were compiled across each bipolar pair type, then scored and ranked as 
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described previously to find the overall top features for each pair type. Finally, a Kruskal-Wallis test was 

performed to compare the distributions of each feature across the movement classes. 

RESULTS 

 

Figure 3: Mean normalized power spectra, with shaded standard deviation, for each movement type 

exhibited by each subject for (A) ring bipolar pairs and (B) directional bipolar pairs. The annotations nn, 

nb, and nF indicate the total number of pair recordings during normal, bradykinetic, and FOUL epochs, 

respectively (there were 3 pair recordings per epoch). 
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 As shown by the normalized power spectra for all subjects (Figure 3), most subjects exhibited 

elevated power within the β-band and HFO frequencies, supporting previous findings that peaks in power 

within these bands were pathophysiological features of PD (Yu et al., 2021; Johnson et al., 2021). 

Model Evaluation 

A one-way ANOVA on the accuracies during cross-validation (“validation accuracies”) showed that 

across ring pairs and directional pairs, the RF, SVM, and MLP model performance did not significantly 

differ from each other, and they all significantly out-performed the GNB and LDA models (p<0.05) (Tables 

2 and 3). To assess how well the models could generalize, classification accuracies during cross-validation 

versus testing were compared using a one-sample t-test. These t-tests for the RF, SVM, and MLP models 

showed no significant differences (p>0.05) between validation and testing accuracies when using either 

ring or directional pairs (Tables 2 and 3), indicating good model generalizability. On the other hand, the 

testing accuracies for GNB and LDA models were significantly lower than their validation accuracies for 

both pair types, indicating that the models overfit on the training dataset and had poor generalizability. The 

Table 2: The validation (mean ± SD) and testing accuracies, and p-

values for all models using ring pairs. * denotes p < 0.05. 

Model Validation Accuracy Testing Accuracy p-value 

RF 0.83 ± 0.08 0.85 0.481 

GNB 0.61 ± 0.07 0.51 0.002* 

SVM 0.85 ± 0.08 0.79 0.064 

LDA 0.65 ± 0.11 0.41 <0.001* 

MLP 0.85 ± 0.09 0.82 0.295 

 
Table 3: The validation (mean ± SD) and testing accuracies, and p-

values for all models using directional pairs. * denotes p < 0.05. 

Model Validation Accuracy Testing Accuracy p-value 

RF 0.82 ± 0.09 0.82 0.884 

GNB 0.60 ± 0.07 0.54 0.027* 

SVM 0.83 ± 0.08 0.85 0.615 

LDA 0.69 ± 0.11 0.38 <0.001* 

MLP 0.81 ± 0.09 0.79 0.693 
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validation accuracies between using ring pairs and directional pairs were also compared using two-sample 

t-tests for each model, however, none of the models showed significant differences (p<0.05) in 

performance. 

Top Features 

SHAP value analysis was performed on the best-performing models (RF, SVM, and MLP) to determine 

which features contributed most towards classification. In the SHAP summary plots (Figures 4 and 5), each 

dot represents power content data from a single epoch (the darker the dot, the higher the value), and the x-

axis indicates the contribution of a given feature towards classification (positive SHAP values indicate 

positive contributions, i.e., towards a class; negative SHAP values indicate negative contributions, i.e., 

away from a class). For example, from Figure 4A, high β3 power at pair 01-02* tended to contribute 

negatively from predicting an epoch as normal, positively from predicting as bradykinesia, and negatively 

from predicting as FOUL. The ranking of features in Figures 4 and 5 was determined based on the mean 

magnitude (absolute value) of all SHAP values, as both higher positive SHAP values and lower negative 

SHAP values indicate greater importance. 

SHAP value analysis was performed on the top-performing RF, SVM, and MLP models to assess 

feature contributions and determine the top important features. For each model, the features were scored 

based on their ranking for each movement class (the lowest and highest possible scores were 1 point and 

153 points for being ranked last and first out of 153 features, respectively). Then the scores were summed 

across all three classes and ranked to determine overall feature rankings. For example, from Figure 4A, the 

feature β3 power at pair 01-02* scored 149 points for being ranked the 5th (out of 153) most important 

feature for normal classifications, 153 points each for being ranked 1st for bradykinesia and FOUL, giving 

an overall score of 455.  
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Figure 4: SHAP summary plots of the top 10 features (most important features are ordered highest) for 

each movement class for the (A) RF, (B) SVM, and (C) MLP models using ring pairs. 

(A) (B) (C) 

(A) (B) (C) 

Figure 5: SHAP summary plots of the top 10 features for each movement class for the (A) RF, (B) 

SVM, and (C) MLP models using directional pairs. 
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When the RF, SVM, and MLP models were trained with only their respective top overall features, 

model performance plateaued once the top approximately 10 features were included (Figures 6 and 7), 

indicating that the remaining features contributed little or redundant information. When the top 10 features 

from each model were combined from all ring pair models, there were 18 unique features, of which 10 

appeared for multiple models (Table 4) For the directional pairs, there were 20 unique features, of which 8 

appeared for multiple models (Table 5). 

 

 

Figure 6: (A) RF, (B) SVM, and (C) MLP model 

performance with ring pairs when using only the 

top-ranked features. 

(A) 

(B) 

(C) 

Figure 7: (A) RF, (B) SVM, and (C) MLP model 

performance with directional pairs when using 

only the top-ranked features. 

(A) 

(B) 

(C) 
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A Kruskal-Wallis test was performed on each top feature to determine whether there were differences 

in relative power between the three movement classes. Since the Kruskal-Wallis test assumed independent 

samples, the mean power content for each subject were used as samples. However, when considered 

individually, none of the top features for neither ring or directional pairs showed statistically significant 

differences between classes (Figure 8). 

Table 5: Overall feature rankings for directional pair data across the RF, SVM, and MLP models 

(features that only ranked within the top 10 most important features of one model are not included). 

Feature Model Rankings Overall Rank 

β2 (2a-3a) 2 (RF), 2 (SVM), 4 (MLP) 1 

β3 (2a-3a) 3 (RF), 1 (SVM) 2 

β4 (2a-3a) 1 (RF), 4 (SVM) 3 

θ (2a-3a) 9 (RF), 3 (SVM), 6 (MLP) 4 

θ (2c-3c) 7 (SVM), 1 (MLP) 5 

β2 (2c-3c) 6 (SVM), 9 (MLP) 8 

γ1 (2c-3c) 7 (RF), 10 (SVM) 13 

β1 (2c-3c) 10 (RF), 10 (MLP) 19 

 

Table 4: Overall feature rankings for ring pair data across the RF, SVM, and MLP models (features 

that only ranked within the top 10 most important features of one model are not included). 

Feature Model Rankings Overall Rank 

β2 (01-02*) 2 (RF), 2 (SVM), 7 (MLP) 1 

β3 (01-02*) 1 (RF), 7 (SVM), 5 (MLP) 2 

β4 (01-02*) 3 (RF), 1 (SVM) 3 

θ (01-02*) 5 (SVM), 2 (MLP) 4 

θ (02*-03*) 6 (SVM), 1 (MLP) 4 

δ (03*-04) 4 (SVM), 4 (MLP) 6 

α (02*-03*) 10 (RF), 3 (SVM) 7 

HFO26 (01-02*) 6 (RF), 8 (MLP) 8 

δ (01-02*) 8 (SVM), 10 (MLP) 13 

δ (02*-03*) 9 (SVM), 9 (MLP) 13 
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β2 
(01-02*) 

θ 
(01-02*) 

θ 
(02*-03*) 

δ 
(03*-04) 

β4 

(01-02*) 

HFO26 
(01-02*) 

β3 
(01-02*) 

α 
(02*-03*) 

δ 
(01-02*) 

δ 
(02*-03*) 

(A) 

β2 

(2a-3a) 

β3 
(2a-3a) 

β4 
(2a-3a) 

θ 
(2a-3a) 

θ 
(2c-3c) 

β2 
(2c-3c) 

γ1 
(2c-3c) 

β1 
(2c-3c) 

(B) 

Figure 8: Distribution of power content (each point represents the mean value for a subject) 

across the top overall features (ranked highest to lowest, from left to right) for (A) ring pairs 

and (B) directional pairs. The boxplots show the median and quartiles of the data, and the 

cross shows the mean. See Table A1 for specific definitions of each frequency band. 
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DISCUSSION 

In this study, SHAP value analysis revealed the spectral features of GPi LFP data that were most 

important for machine learning models that accurately predicted between normal, bradykinetic, and FOUL 

movements. Out of five machine learning models, the RF, SVM, and MLP models significantly out-

performed the linear GNB and LDA classifiers. However, the use of ring or directional bipolar pairs in the 

features provided to the models had no significant effect on prediction accuracy. When the most important 

features across all models and pair types were compared, β-band and θ-band oscillations dominated, with 

additional top features within the δ, α, γ, and HFO frequency bands. 

Model Evaluation 

Regardless of bipolar pair type, the RF, SVM, and MLP models had similarly high accuracies that 

significantly outperformed the GNB and LDA models. This was likely because GNB and LDA models 

relied on the assumptions that the features were normally distributed, independent, and linearly separable 

in the feature space (Rish, 2001; Tharwat et al., 2017). However, the distribution of features was not 

normally distributed due to the variation between subjects (Figure 8), and many of the features were not 

independent (e.g., power in the β1 frequencies would be correlated across pairs). While SVM also used 

linear hyperplanes to classify the data, the additional transformation with the non-linear RBF kernel allowed 

more complex relationships to be captured (Cristianini, 2000). The additional high performances by RF and 

MLP models serve as a strong indication that the characterization of normal, bradykinetic, and FOUL 

movements requires non-linear methods, as the linear classifications made by the GNB and LDA models 

were insufficient for accurately distinguishing between the movement classes. 

For all models, bradykinesia consistently had the lowest F1 scores (see Tables B1 and B2), which is the 

harmonic mean of the precision (a ratio describing how many samples were correctly classified out of all 

samples predicted to a class) and recall (a ratio describing how many samples of a class could be correctly 

identified) (Hicks et al., 2022). This could be due to the class imbalance, where bradykinetic epochs only 

accounted for 16.0% (30 samples) of the training dataset. As such, the models may not have had enough 
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data to learn the neural signatures of bradykinesia, leading to confusion with normal or FOUL epochs. 

However, another possibility is that bradykinetic neural activity is more similar to normal or FOUL(for 

example, note how β-band power in Figure 8 are more similar between normal and bradykinetic 

movements), or that the participants were moving slowly in the unlikely event of a lack of motivation, 

rather than inability, to hit the target movement frequency.  

For the RF, SVM, and MLP models, it is worth noting that there was little confusion between 

bradykinetic and FOUL epochs (i.e., very few bradykinetic epochs were misclassified as FOUL, and vice 

versa). When only considering the bradykinetic and FOUL classifications, the RF, SVM, and MLP models 

were able to distinguish between the two movement classes with >90% accuracy (see Appendix B). This 

distinction between both kinematic and neuronal features provides early evidence that bradykinesia and 

FOUL may need to be evaluated as separate phenomena during clinical assessments such as MDS-UPDRS. 

If these two phenotypes have distinct neural mechanisms, these findings could help explain previous studies 

that showed DBS stimulation had distinct effects on patients whose motor symptoms during a RAMs task 

manifested as slowing versus hastening (Stegemöller et al., 2013). 

Bipolar Pairs 

By comparing the model accuracies when using ring versus directional pair features, it was shown that 

there was no statistical difference in model performance between the two pair types. We hypothesized that 

the directional pairs would yield higher accuracies since previous studies have recorded greatest power and 

modulation in directional contact that faced posterolateral (sensorimotor) region of the GPi, while ring 

contacts could diminish spatially selective neural signatures (Aman et al., 2020). This lack of difference in 

prediction accuracy may have been due to the sheer quantity of features that were provided to the models. 

As shown in Figures 6 and 7, model performance stopped increasing once approximately 10 of the top 

features were included, meaning that the remaining features contained little or redundant information. 

Although the ring pairs features may have not individually contained as much spectral information as a 

directional pair feature, the patterns in power within each frequency band may have been more important 
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for the machine learning models rather than the specific dorsal-ventral or circumferential direction. There 

were also variations in DBS implantation depth and orientation, as well as variations in the size and shape 

of the sensorimotor GPi region for each participant (Aman et al., 2020; Patriat et al., 2018), which could 

have minimized the effect of contact pair as a feature. Further comparison with imaging data would be 

needed to confirm the consistency of the DBS lead implantation. 

Important Frequencies 

Across both ring and directional pairs, features from the β-band frequencies (spanning 13-33Hz) 

consistently ranked highest, consistent with findings showing changes in β-band modulation during PD 

motor symptoms (Scholten et al., 2020). However, it is still unclear to what degree any observed differences 

in β-band power could be attributed specifically to neural mechanisms associated with each movement type, 

or whether they were movement-related (e.g., it could be expected that the higher β-band power exhibited 

during FOUL versus bradykinesia could result from a near/complete arrest versus a slowness of movement, 

respectively) (Androulidakis et al., 2008; Neuville et al., 2021).  

Features from the θ-band (4-8Hz) were also ranked highly for both pair types, although these 

oscillations are thought to be associated with tremor (Brown, 2003). There were additional features within 

the δ (0.5-4Hz), α (8-13Hz), and HFO26 (225-230Hz) frequency bands for the models using ring pairs, and 

within the γ1 (33-38Hz) for directional pairs. A peak in power within the HFO (100-300Hz) in the GPi has 

been shown to be a feature of PD, and increased HFO modulation has been associated with faster movement 

during a reach task (Johnson et al., 2021). While this peak was observed in the power spectra for all 

participants (Figure 3), power in the HFO26 band was higher (although not statistically significant) during 

epochs of motor impairment than during normal epochs. If HFO modulation were to persist during 

repetitive movements, it could have been expected that the power, when computed across an entire epoch, 

would have been higher for normal epochs. However, the roles of δ, α, γ oscillations in the GPi are still 

unclear. 
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When the distributions of the top features were analyzed, there were no significant differences between 

classes for any features, likely due to subject-by-subject variability. Although it would have been ideal to 

compare the power content in each feature on a subject-by-subject basis, this was not possible since five of 

the participants only exhibited one movement type, and only three out of the ten participants exhibited all 

three movements. While the features did not individually show statistically significant differences, it was 

clear that there must be more complex, non-linear relationships between the top features that the RF, SVM, 

and MLP models leveraged to predict with such high accuracies. This could indicate that current adaptive 

DBS systems, which primarily monitor β-band activity (Feldmann et al., 2022), will require more complex 

algorithms than are currently available commercially to detect and tailor stimulation parameters for specific 

complex motor symptoms. 

Limitations and Future Directions 

One of the primary limitations of this study was sample size. Since there were only 226 samples 

(epochs) across 10 participants, the top features identified by the machine learning models may have been 

specific to the cohort in the study. Additionally, with more participants, it would have been possible to 

determine if the discrepancy between model accuracy and the lack of statistical significance within the top 

features was truly due to non-linear relationships or simply due to a large variation within a small sample 

size. It would also allow for the comparison of features across different participants who exhibited different 

phenotypes of PD motor symptoms (e.g., those who only had bradykinesia, or FOUL, or both).  

Another limitation was that the method to initially assign classes was qualitative and did not take into 

account the duration and severity of PD motor symptoms. For example, epochs where slight hesitations 

were observed and had severe freezing were both classified as FOUL. If the behavioral and neural activity 

were mostly “normal” during the epoch with slight hesitations, training on its data could lead to confusion 

between normal and FOUL classes. To address this issue in the future, measures such as the density of jerk 

singularities (Fimbel et al., 2003, 2009) or a freezing index (Mancini et al., 2012) should be used to quantify 
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the RAMs movement, from which machine learning regressors (instead of classifiers) could be used to 

predict the degree of motor impairment. 

Continuation of this study could compare the neural activity during different medication and DBS 

stimulation statuses. If PD motor symptoms persist even when ON meds and/or ON stim, this methodology 

could reveal which features or frequency bands are affected (i.e., which ones become more/less important). 

On the other hand, if the symptoms improve, changes in the distributions of the top features identified in 

this study could be analyzed to determine whether they are pathophysiological features of PD.  

By analyzing the power spectra, one of the implicit assumptions in this study was that neural activity 

was stationary throughout an epoch. However, as indicated by numerous studies cited throughout that 

showed modulation of neural activity be modulated by movement, this assumption was likely insufficient. 

Further work could be done to analyze the changes in spectral features with time, such as through the use 

of spectrograms or coherence measures.  

CONCLUSION 

This study introduced a machine learning methodology to identify GPi neural oscillatory features that 

could characterize and distinguish between normal, bradykinetic, and FOUL movements during an upper 

limb RAMs task. SHAP analysis was performed on models that accurately predicted the three movement 

types, describing and ranking the contributions of each feature towards classification. Although it was 

hypothesized that the use of directional contact pairs would improve model performance, there was not 

significant difference between the accuracy of models trained on ring or directional pair features. For both 

pair types, the non-linear RF, SVM, and MLP models performed significantly better than the linear GNB 

and LDA models, indicating that there may be more complex, non-linear relationships between neural 

features that characterize each movement type. Of the top features, frequencies within β-band and θ-band 

were predominantly ranked highest, although there were no statistical differences in any of the top features 
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between movement classes. These findings could be used to improve closed-loop DBS systems, which 

currently only monitor β-band activity, to more accurately detect and treat different PD motor symptoms. 
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Appendix A: Definition of Frequency Bands 

Table A1: Description of frequency bands (bolded rows indicate frequencies listed in Tables 4 and 5, and 

Figure 8).

Frequency Band 

Name 

Range of Frequencies 

(Hz) 

δ 0.5-4 

θ 4-8 

α 8-13 

β1 13-18 

β2 18-23 

β3 23-38 

β4 28-33 

γ1 33-38 

γ2 38-43 

γ3 43-48 

γ4 48-53 

HFO1 100-105 

HFO2 105-110 

HFO3 110-115 

HFO4 115-120 

HFO5 120-125 

HFO6 125-130 

HFO7 130-135 

HFO8 135-140 

HFO9 140-145 

HFO10 145-150 

HFO11 150-155 

HFO12 155-160 

HFO13 160-165 

HFO14 165-170 

HFO15 170-175 

Frequency Band 

Name 

Range of Frequencies 

(Hz) 

HFO16 175-180 

HFO17 180-185 

HFO18 185-190 

HFO19 190-195 

HFO20 195-200 

HFO21 200-205 

HFO22 205-210 

HFO23 210-215 

HFO24 215-220 

HFO25 220-225 

HFO26 225-230 

HFO27 230-235 

HFO28 235-240 

HFO29 240-245 

HFO31 245-250 

HFO3 250-255 

HFO32 255-260 

HFO33 260-265 

HFO34 265-270 

HFO35 270-275 

HFO36 275-280 

HFO37 280-285 

HFO38 285-290 

HFO39 290-295 

HFO40 295-300 
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Appendix B: Classification Reports and Confusion Matrices 

The performance of classification models can be evaluated through several metrics such as overall 

accuracy, precision, recall, and F1-score based on the number of true positives (TP), true negatives (TN), 

false positives (FP), and false negatives (FN) (Rainio et al., 2024). For multiclass models, the overall 

accuracy (Acc) is defined as 

Acc =  
number of accurate predictions

total predictions made
 

and are displayed in Figures B1-B10. Precision (Pre), recall (Rec), and F1-score (shown in Tables B1 and 

B2) are calculated for each class individually: 

Pre𝑖 =  
TP𝑖

TP𝑖 + FP𝑖
          Rec𝑖 =  

TP𝑖

TP𝑖 +  FN𝑖
          F1 =  

2 ∙ Pre 𝑖 ∙ Rec𝑖

Pre 𝑖 + Rec𝑖
 

If there are a total of N samples, distributed among m classes with ni samples (termed “support”) in each 

class, the precision, recall, and F1-scores can be averaged across a model using a macro average: 

Avgmacro =  
∑ metric𝑖

𝑚
𝑖=1

𝑚
 

or a weighted average: 

Avgweighted =  
∑ metric𝑖 ∙ 𝑛𝑖

𝑚
𝑖=1

𝑁
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Table B1: Classification reports for the RF, GNB, SVM, LDA, and MLP models using ring pairs. 

Model Class Precision Recall F1-score Support 

RF 

Normal 0.94 0.79 0.86 19 

Bradykinetic 0.75 0.75 0.75 8 

FOUL 0.80 1.00 0.89 12 

Model Macro Avg 0.83 0.85 0.83 39 

Model Weighted 

Avg 
0.86 0.85 0.84 39 

GNB 

Normal 0.73 0.58 0.65 19 

Bradykinetic 0.00 0.00 0.00 8 

FOUL 0.43 0.75 0.55 12 

Model Macro Avg 0.39 0.44 0.40 39 

Model Weighted 

Avg 
0.49 0.51 0.48 39 

SVM 

Normal 0.93 0.68 0.79 19 

Bradykinetic 0.60 0.75 0.67 8 

FOUL 0.80 1.00 0.89 12 

Model Macro Avg 0.78 0.81 0.78 39 

Model Weighted 

Avg 
0.82 0.79 0.79 39 

LDA 

Normal 0.64 0.37 0.47 19 

Bradykinetic 0.25 0.38 0.30 8 

FOUL 0.38 0.50 0.43 12 

Model Macro Avg 0.42 0.41 0.40 39 

Model Weighted 

Avg 
0.48 0.41 0.42 39 

MLP 

Normal 0.93 0.74 0.82 19 

Bradykinetic 0.75 0.75 0.75 8 

FOUL 0.75 1.00 0.86 12 

Model Macro Avg 0.81 0.83 0.81 39 

Model Weighted 

Avg 
0.84 0.82 0.82 39 
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Figure B1: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the RF model using ring pairs. 

Figure B2: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the GNB model using ring pairs. 

Figure B3: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the SVM model using ring pairs. 
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Figure B4: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the LDA model using ring pairs. 

Figure B5: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the MLP model (with tuned hyperparameters) using 

ring pairs. 
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Table B2: Classification reports for the RF, GNB, SVM, LDA, and MLP models using directional pairs  

Model Class Precision Recall F1-score Support 

RF 

Normal 0.84 0.84 0.84 19 

Bradykinetic 0.83 0.62 0.71 8 

FOUL 0.79 0.92 0.85 12 

Model Macro Avg 0.82 0.79 0.80 39 

Model Weighted Avg 0.82 0.82 0.82 39 

GNB 

Normal 0.65 0.58 0.61 19 

Bradykinetic 0.50 0.12 0.20 8 

FOUL 0.45 0.75 0.56 12 

Model Macro Avg 0.53 0.48 0.46 39 

Model Weighted Avg 0.56 0.54 0.51 39 

SVM 

Normal 0.85 0.89 0.87 19 

Bradykinetic 1.00 0.50 0.67 8 

FOUL 0.80 1.00 0.89 12 

Model Macro Avg 0.88 0.80 0.81 39 

Model Weighted Avg 0.87 0.85 0.83 39 

LDA 

Normal 0.50 0.53 0.51 19 

Bradykinetic 0.30 0.38 0.33 8 

FOUL 0.22 0.17 0.19 12 

Model Macro Avg 0.34 0.36 0.35 39 

Model Weighted Avg 0.37 0.38 0.38 39 

MLP 

Normal 0.79 0.79 0.79 19 

Bradykinetic 0.83 0.62 0.71 8 

FOUL 0.79 0.92 0.85 12 

Model Macro Avg 0.80 0.78 0.78 39 

Model Weighted Avg 0.80 0.79 0.79 39 
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Figure B6: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the RF model using directional pairs. 

 

Figure B7: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the GNB model using directional pairs. 

 

Figure B8: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the SVM model using directional pairs. 
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Figure B9: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the LDA model using directional pairs. 

 

Figure B9: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing (right) for the LDA model using directional pairs. 

Figure B10: Average confusion matrix during cross-validation (left) and the confusion 

matrix during final testing for the MLP (with tuned hyperparameters) using directional 

pairs. 


