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Abstract. Deep Brain Stimulation (DBS) of the SubThalamic Nucleus (STN) is 

an effective electroceutical therapy for treating motor symptoms in patients with 

Parkinson’s disease. Accurate placement of the stimulating electrode within the 

STN is essential for achieving optimal therapeutic outcomes. To this end, Micro-

Electrode Recordings (MERs) are acquired during surgery to provide intraoper-

ative visual and auditory confirmation of the electrode position. This work intro-

duces a machine learning-based pipeline for real-time classification of MERs to 

identify the STN during DBS procedures. The pipeline, designed for high classi-

fication accuracy and real-time applicability, incorporates interpretable machine 

learning techniques to ensure compatibility with clinical practices. The perfor-

mance of a multi-layer perceptron was evaluated both with and without an inter-

mediate artifact removal step applied during data pre-processing. The artifact re-

moval step significantly enhanced classification accuracy from 84.4 % to 88.7 % 

(p < 0.001) with a minimal increase in processing time, from 12.5 ms to 14.1 ms 

per 1-second segment (p < 0.001). The proposed method, with its performance, 

outdoes the state-of-the-art methods and offers a significant step forward in sup-

porting decision-making during DBS surgeries, promising improved patient out-

comes through enhanced accuracy and efficiency. 

Keywords: STN-DBS, electrode placement, artifacts detection, real-time clas-

sification, Multilayer Perceptron, PD. 

1 Introduction 

Deep Brain Stimulation (DBS) of the SubThalamic Nucleus (STN) effectively alle-

viates motor symptoms in patients with Parkinson’s Disease (PD) [1, 2] by delivering 

high-frequency stimulation (>100 Hz) to the STN, which is integrated into the Basal 

Ganglia (BG) network. Accurate electrode placement is essential for avoiding side ef-

fects coming from stimulating nearby BG nuclei. For this reason, neurosurgeons typi-

cally rely on preoperative brain mapping (i.e., MRI/CT) and intraoperative 
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MicroElectrode Recordings (MERs) for final electrode positioning [3]. While auto-

mated STN targeting from MERs using either Machine Learning (ML) [4–6] or Deep 

Learning (DL) [7, 8] has been explored, previous studies lacked real-time applicability. 

This work addresses the gaps in the field, presenting a real-time ML-based system 

for classifying MERs as inside or outside the STN, designed to support neurosurgeons 

in the decision-making process, which is otherwise operator-dependent and time-con-

suming, and potentially increases the patient’s exposure to risks [3]. 

2 Materials and Methods 

2.1 Dataset 

This study involves 36 PD patients (age: 59.1 ± 8.4 years) from the Stereotactic and 

Functional Neurosurgery Unit of the University of Turin (Turin, Italy). Subjects were 

selected according to the Core Assessment Program for Surgical Interventional Thera-

pies in Parkinson’s disease (CAPSIT-PD) [9] and STN-DBS bilateral surgery was per-

formed following the procedure previously described elsewhere [10]. MERs were sam-

pled at 20 kHz through the NeuroSet system (NeuroStar®, Tubingen, Germany), and 

high-pass filtered at 200 Hz. Recordings were acquired bilaterally, at depths from -10 

mm to +7 mm relative to the estimated STN location, namely Estimated Distance from 

Target (EDT). The dataset comprises 265 inside-STN recordings (57.8 ± 8.8 s), and 

403 outside-STN recordings (27.5 ± 16.7 s), labelled  by the surgical team. 

2.2 Signal pre-processing pipeline 

Signal filtering. MERs are low-pass filtered at 5 kHz [6] (Butterworth, 6th order), and 

notch-filtered at the higher harmonics of 50 Hz, from 250 Hz to 4 kHz (IIR, 2nd order, 

3-dB bandwidth 4 Hz). Then, movement and electromagnetic artifacts are removed us-

ing a dedicated algorithm, and descriptive features are extracted from cleaned signals. 

The artifact removal algorithm compares the ratio between variances of consecutive 

sliding windows (length 𝑤, 50% overlap) to a threshold 𝑡ℎ. Given the variances 𝜎𝑛
2 of 

a window 𝑤𝑛 and 𝜎𝑠
2 (initialized as infinite) of the last “stable” window: if 𝜎𝑛

2/𝜎𝑠
2 ex-

ceeds 𝑡ℎ, 𝑤𝑛 is discarded, otherwise 𝜎𝑠
2 is updated with 𝜎𝑛

2. 

Parameters 𝑤 and 𝑡ℎ are chosen to maximize the artifacts’ removal, while preserving 

genuine STN signal. To do so, MERs’ samples are labelled as either non-STN (null 

class), artifacts (class 1), or STN (class 0), and 𝑤 and 𝑡ℎ are tuned by minimizing the 

objective function 𝑂(𝑤, 𝑡ℎ) defined in Equation 1: 

 𝑂(𝑤, 𝑡ℎ) = √2𝑏 ⋅ 𝜈𝑠𝑡𝑛
2 + 2(𝑏 − 1) ⋅ (𝜈𝑎𝑟𝑡 − 1)2 + 𝛾(𝑤) (1) 

where 𝜈𝑎𝑟𝑡 is the true positive rate (of correctly classifying an artifact), 𝑣𝑠𝑡𝑛 is the false 

positive rate (of misclassifying a STN activity as artifact), 𝑏 = 0.8 is the relative weight 

of 𝜈𝑠𝑡𝑛, and 𝛾(𝑤) = exp((𝑤 − 1 s)/0.5 s). The objective function’s minimum is found 

using MATLAB R2024a’s bayesopt function with parameters: expected-im-

provement-plus; 100 iterations; 𝑤 from 50 ms to 1 s, and 𝑡ℎ from 1.1 to 3. 
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Features extraction. Features from time- and frequency-domain are extracted from 

25% overlapping 1-second-long segments. Features from the time-domain include: root 

mean square; peak count [11]; amplitudes’ skewness and kurtosis [6, 11]. Frequency-

domain features are computed from the Power Spectral Density (PSD), estimated with 

Welch’s method (Hamming, 2000 samples, 50% overlap, 2048 NFFT). Spectral fea-

tures include: relative power in the band 1 kHz – 2 kHz; “PSDindex” [12]; power in the 

band 3 kHz - 4 kHz over the power in the band 1.6 kHz - 2.2 kHz [13]; relative power 

in the band 13 Hz – 20 Hz [3], computed from the PSD of the rectified signal [14]. 

2.3 Classifier design and validation 

Classifier design. The chosen classifier is a Multi-Layer Perceptron (MLP), with its 

architecture selected from a total of 231 different model architectures tested using a 

Grid Search approach. Each model had 8 input neurons and 1 output neuron. Architec-

tures with 1 to 3 hidden layers and 2 to 12 hidden units per layer were tested, selecting 

only those converging from the first to the last hidden layer. Fixed hyperparameters 

included: tanh activation for hidden units, sigmoid activation (threshold = 0.5) for 

the output neuron (0 for outside-STN, 1 for inside-STN), learning rate = 1e-3, batch 

size = 32, number of epochs = 200, and ADAM optimizer (weight decay = 1e-6). 

Validation. Each 1-second segment was classified as inside- or outside-STN. Using 

Leave-One-Patient-Out Cross-Validation (LOPO-CV) [6], the model was iteratively 

trained on 35 patients and tested on the 36th. This produced the performance metrics 

(i.e., accuracy, sensitivity, specificity, F1-score, and computational time per 1-second 

segment) per patient, which were used for statistical analysis and method comparison. 

Classifiers’ training and testing were performed using custom Python scripts (v3.12) 

and PyTorch library (release 2.5.1), on a device with CPU Intel Core i7 (2.10 GHz), 32 

GB of RAM, and NVIDIA GeForce RTX 3060. MLP’s design and validation are per-

formed using features extracted with and without the intermediate artifact removal step. 

2.4 Statistical analysis 

Performance metrics of the two methods, computed for each patient, were tested for 

normality with the Lilliefors test and compared using Students’ paired t-test or Wil-

coxon’s signed-rank test (if non-normally distributed). Statistical analysis was con-

ducted in MATLAB 2024a, setting a significant level (α) to 0.05. 

3 Results 

Figure 1 illustrates the pre-processing and classification results for a representative 

subject, while Table 1 reports the performance metrics for both methods (with and with-

out artifact removal). The chosen MLP architectures are those with the highest average 

accuracy across the LOPO-CV, while 𝑤 and 𝑡ℎ are chosen by minimizing the objective 

function 𝑂(𝑤, 𝑡ℎ) defined in Equation 1. 
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Figure 1. Pipeline application on a representative subject’s hemisphere. (A) MicroElectrode Re-

cordings (MERs) at different EDTs (Estimated Distance from Target). (B) Signal processing. (C) 

Feature extraction. (D) Classification. (E) Average softmax outputs for each EDT without (or-

ange) and with (green) the artifact removal step; black dashed horizontal lines delimit the STN. 

Table 1. Performance metrics as mean values ± standard errors across patients. 

Method Architecture 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

F1 score 

(%) 

Time 

(ms) 

MLP [8,4,2,1] 84.4 ± 1.4 87.9 ± 2.3 80.1 ± 2.8 85.9 ± 1.5 12.5 ± 0.02 

MLP* 
(𝑤 = 0.1 s, 𝑡ℎ = 1.33) 

[8,7,5,2,1] 88.7 ± 1.1 92.8 ± 1.6 81.4 ± 3.1 89.4 ± 1.4 14.1 ± 0.03 

Wilcoxon’s test  p < 0.001 p < 0.001 p = 0.35 p < 0.001 p < 0.001 

P-values smaller than 0.05 are highlighted in bold; MLP = Multi-Layer Perceptron; MLP* = 

Multi-Layer Perceptron with artifact removal. 

4 Discussion and conclusion 

The primary aim of this work was to achieve high classification accuracy and real-

time applicability in identifying the STN from MERs, exploiting ML techniques for 

robust and interpretable feature extraction, aligning with the clinical practice of opera-

tors that visually evaluate signals. 

Our results highlight the efficacy of the proposed pipeline. The artifact removal step 

prior to feature extraction raised average classification accuracy from 84.4% to 88.7% 

(p < 0.001), with similar gains for sensitivity (p < 0.001) and F1 score (p < 0.001). This 

underscores the utility of artifact removal, although its inclusion slightly increased pro-

cessing time: from an average of 12.5 ms to 14.1 ms per 1-second segment (p < 0.001). 

When compared to previous studies, our classifier outdoes those with real-time po-

tential, as the most recent one from Ciecierski et al. [8], reporting 83.4% sensitivity and 

83.8% specificity. However, differences in the datasets used to train and test Ciecierski 

et al.'s method and ours represent a limitation. Further evaluation is necessary to assess 

our method’s generalizability and ensure its applicability to different scenarios. 
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In conclusion, this work contributes with a robust and interpretable ML-based ap-

proach for real-time STN classification from MERs. By addressing practical and com-

putational challenges, it contributes to decision-making in DBS procedures. 
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