Real-time artifact removal method
Bandpass filter is a simple approach to remove artifacts. In power-based adaptive DBS scenarios1, an IIR filter is often used to isolate beta oscillations during high-frequency DBS 2–4. However, this method is unsuitable for phase-locked stimulation because the targeted frequency range overlaps with the frequency of the stimulation pulses. Template subtraction methods have gained significant interest and are widely applied in phase-locked clinical studies 5–8. However, these methods assume that stimulation artifacts have a constant pattern, which is often not the case in practice due to variability in stimulation pulse characteristics. An alternative approach is irregular sampling9 or “blanking”, where recorded data during the stimulation artifact interval is removed and replaced. While effective in real-time clinical recordings, this method introduces discontinuity in the signal and down-sampling can result in data loss, especially with prolonged stimulation artifacts. Moreover, it is highly sensitive to errors in detecting artifact onset, particularly in systems with processing delays.

Artifact removal method validation
We evaluated the stability and efficacy of the Kalman filter and irregular sampling methods through simulations using a generated signal containing artifacts with pre-determined artifacts durations and variations. The signal was generated as described in a previous paper9. The original recording consisted of STN local filed potentials (LFPs) from a PD patient with significant beta activity (peak frequency: 20-24Hz) in the OFF-medication and OFF-stimulation condition. Stimulation artifacts were simulated by post-fusing the LFP recordings containing real DBS artifacts recorded from the same patient. Specifically, 12 ms of recordings following 25 individual stimulation pulses were extracted and added to the original signal each time a specific phase was detected. The simulation framework mimics cycle-by-cycle PLDBS dynamics, closely replicating clinical trial conditions.

To assess the effectiveness of the irregular sampling and Kalman filter methods, we measured the relative error between the recovered signals and original recordings. The power spectral density (PSD) of both signals was estimated using Welch's method with a 1-second time window. The relative error in peak frequency band was calculated across various pre-determined artifacts durations, following the approach described in a previous paper 9 : 



Real-time phase estimation method
One class of phase estimation methods can be broadly categorized into direct phase estimation techniques that do not require analytic signal reconstruction and estimate only the phase and not the envelope of the signal. One widely used approach is the zero-crossing estimation method 10,11, which determines the instantaneous cycle frequency by measuring intervals between zero-crossings.  The phase of the current time point is then calculated based on the time difference between the current point and previous zero-crossing point. Another approach involves phase-lock oscillators12, which can be further enhanced by applying a low-pass filter to form a Phase-Locking Loop (PLL) 13. Both phase-lock oscillators and PLL rely on phase errors between a reference and input signal to dynamically adjust their parameters for improved phase estimation.

In recent years, a second class of phase estimation methods has increasingly focused on deriving analytic signals from the real part of the signal. Estimation errors are assessed by comparing the real part of the estimated analytic signal with the actual signal. One widely used approach is the HT, which extracts both phase and envelope after applying an FIR filter 8. However, since HT is inherently non-causal, making it unsuitable for real-time applications, alternative causal techniques have been developed, such as the endpoint-corrected HT 14 (ecHT) and autoregressive HT (arHT) 15–18.

[bookmark: _Hlk203597745]The third class of phase estimation methods employs more complex mathematical models and algorithms to = reconstruct analytic signals. Such approaches integrate state-space models or resonance theory. State-space models predict the future data points using state equations, dynamically update phase parameters by rotating the current state and adjusting estimates based on the discrepancies between predicted and actual values. Examples include the state space phase estimator (SSPE) 19 and the simplified state-space model OscillTrack 20. Based on resonance theory, resonant oscillators (RO) and non-resonant oscillators (NRO) represent two causal approaches for real-time phase and amplitude estimation13,21. Both use linear damped oscillators but differ in structure and frequency tuning. In the RO approach, a single oscillator is tuned close to the target frequency () and combined with an integrator to reconstruct quadrature components, enabling accurate estimation of both phase and amplitude. In contrast, the NRO operates far from resonance () and uses two damped oscillators—with different damping levels—to extract phase and amplitude directly from their state variables. Compared to RO, NRO covers a broader frequency range and achieves higher estimation accuracy in neural oscillatory signals. Compared to RO, NRO covers a broader frequency range and achieves higher estimation accuracy in neural oscillatory signals.


	Publication
	Methodology
	Application

	Little et al., 2013
	Bandpass filter
	Swann et al., 2018, Quinn et al.,2015, Neumann et al., 2023

	Morbidi et al., 2007
	Kalman filter
	Morbidi et al., 2008

	Hashimotoet al., 2001, Sun and Hinrichs, 2016, Qian et al., 2017, Liu et al., 2024
	Template subtraction
	Chen et al., 2019, Sanabria et al., 2020, Sanabria et al., 2022

	Heffer and Fallon, 2008, Nie et al., 2021
	Interpolation or sampling
	Zhou et al., 2018, McNamara et al., 2022


Table 1 Review of artifacts removal methodology

Table 2 Review of real-time phase estimation methodology

	Publication
	Methodology
	

	Boashash et al., 1992, Zanos et al., 2018
	Zero-crossing
	

	Rosenblum et al., 2002, Santostasi et al., 2016
	Phase-lock oscillators or phase locking loop
	;

	Montaseri et al., 2013
	Resonant oscillators
	; 

	Mansouri et al., 2017, Zrenner et al., 2020, Schreglmann et al., 2021, Takeuchi et al., 2021
	Hilbert Transform and Casual Hilbert Transform (e.g. arHT, ecHT)
	

	Anirudh et al., 2021
	State space phase estimator (SSPE)
	

	Rosenblum et al., 2021
	Non resonant oscillators (NRO)
	

	McNamara et al., 2022
	OscillTrack
	




[bookmark: _Hlk203597802]Table 3 Comparison of real-time amplitude estimation methods
	[bookmark: _Hlk204529179]MSE / uV
	Moving window
	NRO
	arHT
	SSPE
	OscillTrack

	EEG Alpha
	4.4251
	0.1392
	9.5698
	4.2255
	0.1052

	STN Beta
	3.1532
	0.3411
	3.6404
	1.3730
	0.3342


*MSE: Mean Squared Error ()
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[bookmark: _Hlk204075942]Figure 1 Comparison of real-time phase estimation methods​​. Lines connect methods that have been directly compared. In these comparisons, ​​NRO​​ outperformed RO, ecHT, and phase-lock oscillators for neural oscillations, achieving a wider effective frequency band. ​​SSPE​​ demonstrated superior noise tolerance compared to FIR-Hilbert and zero-crossing methods.
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Figure 2 Frequency response characteristics of a fourth-order Chebyshev IIR filter.
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Figure 3 The sine wave processed by the IIR filter retains most of its amplitude information (Top) and exhibits an approximately linear phase response after shifting (Bottom).
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Figure 4 Cortical alpha phase distribution of PLDBS stimulation delivery​​. Participant 1-4 (left to right)​​. Phases: trough (pink), rising (orange), peak (yellow-green), and falling (dark green).
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Figure 5 STN beta phase distribution of PLDBS stimulation delivery​​. Participant 1-4 (left to right)​​. Phases: rising (orange) and falling (dark green).
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Figure 6 Stimulation and rose plot of finger-tapping task (A) Example of 2 s signals across two phase conditions during finger tapping tasks. Pulses are delivered at the rising (orange and falling (dark green) beta phases. Black lines represent raw wideband signals which contain stimulation artifacts. (B) Distribution of delivery phases during tapping tasks across two targeted phases. The black lines represent the mean values of the distributions and dashed lines indicate the pre-determined phase.

[bookmark: _Hlk204082504][image: ]
Figure 7 Permutation testing of Pearson R values for phase error versus oscillation amplitude correlations in EEG-PLDBS across four phase targets: trough, rising, peak, and falling.
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Figure 8 Permutation testing of Pearson R values for phase error versus oscillation amplitude correlations in STN LFP-PLDBS across two phase targets: rising and falling.
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