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Abstract EEG recordings are often affected by the loss or corruption of individual channels due to electrode
detachment, poor scalp contact, or external interference. Such channels must be accurately reconstructed
before further analysis. In this study, we investigate Next-Generation Reservoir Computing (NG-RC) as
a data-driven approach for reconstructing corrupted EEG channels and compare its performance with
spherical spline interpolation implemented in MNE-Python. Using an 18-channel dataset from 24 healthy
participants, we reconstruct each channel from the remaining channels and assess reconstruction quality
in six frequency ranges: δ (1–4 Hz), θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), γ (30–40 Hz), and the
full 1–40 Hz range. On noise-free data, NG-RC outperforms spline interpolation across all channels and
frequency bands, with the most pronounced improvements observed in the high-frequency β and γ ranges
and over frontal and central regions. Under additive Gaussian noise of increasing intensity, the performance
of both methods decreases monotonically; however, NG-RC consistently remains more accurate, and the
performance gap between the methods widens as noise intensity increases. This advantage is especially
evident in the β and γ bands, where spline interpolation deteriorates substantially. These findings suggest
that NG-RC provides a robust data-driven alternative for recovering corrupted or missing EEG channels
in noise-prone recordings.

1 Introduction

Electroencephalography (EEG) is a widely used non-invasive neuroimaging modality with high temporal resolution
[1, 2], essential for diagnosing and managing epilepsy [3, 4], sleep disorders [5, 6], stroke [7], encephalopathies [8],
and traumatic brain injury [9]. It is used in clinical diagnostics, including epilepsy monitoring [10] and sleep staging,
to cognitive neuroscience [11] and brain–computer interfaces (BCIs) [12–14]. However, EEG data are susceptible
to various artifacts, originating from physiological sources (such as ocular, muscular, and cardiac activity) as
well as environmental and instrumental interference [15]. Beyond transient artifacts, technical issues like electrode
detachment, drying conductive gel, or wire failure can lead to persistently corrupted or entirely missing channels.
Such data loss disrupts the spatial integrity of the recordings and severely complicates subsequent analyses, from
source localization to multivariate pattern classification.

The standard method for recovering bad or missing EEG channels is interpolation. Spherical spline interpolation,
popularized by its implementation in the MNE-Python software suite [16], is the most widely used method [17].
This technique estimates the potential at a faulty electrode by linearly combining signals from nearby channels
based on a physically plausible model of scalp potential distribution. While computationally efficient and clinically
validated, the method has a fundamental limitation: its interpolation weights follow from a fixed spatial model
rather than being learned from the data, so it relies only on instantaneous spatial correlations and exploits neither
the temporal structure of the recording nor any nonlinear structure in the relationship between channels. Whether
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these sources of information improve reconstruction is an empirical question, which a data-driven approach is well
suited to address.

In a parallel domain, machine learning has increasingly offered powerful tools for time-series modeling. Reservoir
computing (RC), in particular, provides a framework for processing dynamical systems [18–23]. Classical RC
employs a fixed, randomly initialized recurrent neural network, a “reservoir”, to nonlinearly map input sequences
into a high-dimensional space, where the desired output can be recovered by training only a simple linear readout
layer [24]. A more recent variant, Next-Generation Reservoir Computing (NG-RC), was introduced by Gauthier
et al. [25]. NG-RC replaces the opaque, random reservoir with a transparent, deterministic feature vector composed
of time-delayed inputs and their polynomial combinations. This approach eliminates randomness, reduces the
number of hyperparameters, and has shown state-of-the-art results in forecasting chaotic dynamics [25, 26] and
reconstructing spatiotemporal systems from limited observations [27]. Its explicit feature space makes the model’s
behavior easy to interpret.

Despite its promise, the application of NG-RC to EEG signal processing remains largely unexplored. EEG is a
challenging signal for this task: it is highly non-stationary, characterized by distinct oscillatory rhythms spanning
a wide frequency spectrum (from slow delta waves to fast gamma oscillations), and exhibits intricate inter-channel
dependencies. A systematic investigation of a transparent, next-generation reservoir computer for this task, and
particularly its behavior in the presence of noise, has not yet been systematically studied.

In this article, we present a comprehensive investigation of NG-RC for the reconstruction of EEG signals, includ-
ing channels degraded by additive noise. We propose a tailored NG-RC pipeline for multichannel EEG recovery,
featuring a leave-one-out epoch-based hyperparameter optimization strategy. We evaluate reconstruction perfor-
mance across canonical EEG frequency bands (delta, theta, alpha, beta, gamma, and full-spectrum), providing a
detailed profile of the method’s spectral fidelity in direct comparison with the standard spherical spline interpola-
tion from MNE-Python. We assess the noise robustness of both NG-RC and spline interpolation by systematically
contaminating all channels with additive noise of varying amplitudes and measuring the resultant degradation in
reconstruction accuracy.

Our findings indicate that the NG-RC model consistently outperforms the conventional approach, especially
in higher frequency regimes where the temporal structure of the signals is most informative, and remains robust
to measurement noise. These results establish NG-RC as a compelling data-driven alternative for EEG signal
recovery, with potential for applications in artifact correction.

The remainder of this paper is organized as follows. Section 2 describes the experimental EEG dataset, the NG-
RC architecture and its training protocol, the MNE-Python spline interpolation baseline, and the performance
metrics used for evaluation. Section 3 presents the findings, including the frequency-band-resolved reconstruction
quality on clean signals and the noise robustness analysis. Finally, Sect. 4 summarizes the main contributions,
discusses the limitations of the study, and outlines directions for future investigation.

2 Methods

2.1 Experimental EEG data

As experimental data we use 18 EEG signals recorded using a NeoRec cap 21 system according to the international
10–20 system: Fp1, Fp2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T7, T8, P7, P8, Cz, and Pz. The reference
electrodes and ground electrodes were placed at Fz and Fpz, respectively. EEG signals were recorded at a sampling
rate of 500 Hz and then bandpass filtered in the range of 1–40 Hz to remove low-frequency drift and high-frequency
noise.

The detailed description of the experiment can be found in [28]. Twenty-four healthy volunteers (aged
20–32 years; mean age 25.3 ± 3.4 years) participated in the study. Data for each participant consists of the
60 epochs of 5 s duration corresponding to the perception of abstract and realistic stimuli for the left and right
hands.

2.2 Next-generation reservoir computing

To recover the signals, we utilize a Next-Generation Reservoir Computing (NG-RC) architecture introduced in
[25]. NG-RC represents a fully data-driven alternative to conventional reservoir computing, particularly suited
for temporal data processing tasks including signal reconstruction and prediction. The core principle involves
building an extended feature representation from time-lagged input variables and their nonlinear transformations
(see Fig. 1).

We now describe the construction of the augmented feature vector. At a given time step i , the system receives
Nin input channels, represented as Xi = [Xi1, Xi2, . . . , XiNin ]

T. To incorporate temporal dependencies, we employ
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Fig. 1 Schematic
representation of the
extended state vector
formation, including k = 2
delays for each input signal,
taken at intervals of Δt
(linear part), along with
their pairwise products
(nonlinear part, p = 2).
Wout represents the trained
matrix of output weights,
and Xrec, i is the
reconstructed signal at time
step i

k delayed versions of the input, with a fixed lag of Δt between consecutive delays. The linear portion of the feature
vector is assembled by concatenating these time-shifted signals:

Vlin = Xi ⊕ Xi−Δt ⊕ Xi−2Δt ⊕ · · · ⊕ Xi−kΔt, (1)

where k denotes the total number of historical snapshots, and Δt is the spacing between them.
The nonlinear extension of the feature space is obtained by applying a polynomial expansion to the linear

features. Following the formulation in [25], the nonlinear component is defined as:

V(p)
nonlin = Vlin

⌈
⊗

⌉
Vlin

⌈
⊗
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. . .

⌈
⊗

⌉
Vlin

︸ ︷︷ ︸
p times

, (2)

where p indicates the degree of the polynomial, and the operation
⌈

⊗
⌉

produces all distinct monomials formed
by pairwise multiplication of elements from the combined vectors. This allows the model to represent complex
nonlinear couplings among the input variables.

The full feature vector for a single time step is then constructed by merging the linear representation, the
nonlinear expansion, and a constant offset term:

Ψi = 1 ⊕ Vlin ⊕ V(p)
nonlin. (3)

The reconstruction of the desired signal Xtarget
i at time i is performed through a linear readout layer:

Xrec
i = Wout Ψi, (4)

where Wout denotes the trainable output weight matrix.
We train and evaluate the NG-RC separately for each participant and for each reconstructed channel, so that

every channel of every subject is assigned its own optimal set of hyperparameters (k, Δt, α, p). The available data
consists of 60 epochs in total, which we split equally into a training set (30 epochs) and a held-out test set (30
epochs). The test set is used exclusively for the final performance comparison against other methods and is never
involved in hyperparameter optimization.

Hyperparameter optimization is performed on the training set using a leave-one-out cross-validation scheme
over the 30 training epochs. Specifically, for each candidate set of hyperparameters (k, Δt, α, p), we conduct 30
iterations. In each iteration, 29 epochs serve as the fitting subset and the remaining 1 epoch serves as the validation
subset. Formally, for a given split s, let the fitting subset consist of epochs with indices E(s)

fit and the validation
epoch be e

(s)
val. For each epoch e ∈ E(s)

fit , we construct a feature matrix by stacking the augmented state vectors Ψi

column-wise across all time steps within the epoch:

F(e) = [Ψ
t
(1)
e

| Ψ
t
(2)
e

| . . . | Ψ
t
(Te)
e

] ∈ R
Nf×Te , (5)
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where Nf is the feature dimension and Te is the number of time steps in epoch e. The feature matrices from all
fitting epochs are concatenated along the temporal axis:

Ψ(s)
fit = [F(e1) | F(e2) | . . . | F(e29)] ∈ R

Nf×T
(s)
fit , (6)

where T
(s)
fit =

∑
e∈E(s)

fit
Te. The corresponding target matrix Xtarget

fit is formed analogously. The output weights are
then computed via ridge regression on the concatenated fitting data:

W(s)
out = Xtarget

fit (Ψ(s)
fit )T(Ψ(s)

fit (Ψ(s)
fit )T + αI)−1, (7)

where α is the Tikhonov regularization coefficient and I is the identity matrix. The reconstruction quality is
quantified using the coefficient of determination R2 (8) which is evaluated on the held-out validation epoch e

(s)
val,

and then averaged over all 30 leave-one-out iterations. The hyperparameters are optimized in the following ranges:
k ∈ [1, 2, . . . , 15], Δt ∈ [τ/4, τ/2, τ , 2τ , 3τ , 4τ ], α ∈ [10−3, 10−2, 10−1, 100], and the polynomial degree p ∈ {1,
2}, where τ is the first minimum of the autocorrelation function of the target signal. The case p = 1 corresponds
to a purely linear, delay-embedded feature vector, whereas p = 2 additionally includes the quadratic cross-terms
defined in Eq. (2). The set (k, Δt, α, p) yielding the highest R2 is selected as optimal.

After hyperparameter optimization, the final output weights are obtained by training on the entire training
set (all 30 training epochs) using the optimal (k, Δt, α, p). The final model performance is then assessed on the
held-out test set (30 epochs) and compared against alternative reconstruction methods.

2.3 Performance metric

Reconstruction quality is assessed using the coefficient of determination R2. For an epoch with target signal
Xtarget

e = [x1, . . . , xTe
] and reconstructed signal Xrec

e = [x̂1, . . . , x̂Te
], the R2 score is given by:

R2
e = 1 −

∑Te

t=1(xt − x̂t)2∑Te

t=1(xt − x̄e)2
, (8)

where x̄e is the epoch-wise mean of the target. An R2 value of 1 indicates perfect reconstruction, 0 corresponds
to the mean-predictor baseline, and negative values signify performance worse than this baseline.

To compare the reconstruction quality of NG-RC and spline interpolation from MNE-python we use the following
metric of relative accuracy:

Q =
R2

NG-RC − R2
MNE

1 − R2
MNE

× 100%, (9)

which determines how much of the gap between R2 = 1 and R2
MNE is covered by NG-RC. When both methods

produce the same accuracy, Q = 0. In case of MNE outperformance, Q < 0, otherwise it is > 0. Maximal value of
Q = 100% can be achieved only if R2

NG-RC = 1.

3 Results

3.1 Reconstruction of noise-free EEG signals

We first evaluate the performance of NG-RC on artifact-free EEG data without additional noise contamination.
For each of the 18 recording channels, the signal is reconstructed using the remaining 17 channels as input. The
reconstruction quality is assessed separately in six frequency bands: δ (1–4 Hz), θ (4–8 Hz), α (8–13 Hz), β
(13–30 Hz), γ (30–40 Hz), and the full 1–40 Hz range, and compared against the spherical spline interpolation
method implemented in MNE-Python.

Figure 2 displays the spatial distribution of the relative accuracy metric Q (see Eq. 9) across the scalp. This
metric quantifies the fraction of the performance gap between the MNE baseline and perfect reconstruction (R2 =
1) that is recovered by NG-RC. Two main observations emerge from the topographic analysis. First, Q > 0 for
all channels and all frequency bands, demonstrating that NG-RC consistently surpasses the spline interpolation
method irrespective of brain region or oscillatory rhythm. Second, the spatial distribution of the improvement
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Fig. 2 The relative
accuracy Q of the
EEG-signals reconstruction
using NG-RC with
comparison to using spline
interpolation of
MNE-python package in
different frequency bands: δ
(1–4 Hz), θ (4–8 Hz), α
(8–13 Hz), β (13–30 Hz), γ
(30–40 Hz), and in all range
of 1–40 Hz

is not uniform. In the frontal and central regions, particularly at electrodes F3, F4, and Cz, NG-RC exhibits a
substantial advantage over MNE across the entire frequency spectrum. In the high-frequency β and γ bands, the
superiority of NG-RC extends to virtually all scalp locations, whereas in the lower-frequency θ and α bands the
performance gain is concentrated primarily in the frontal and central lobes.

Fig. 3 Representative examples of C4-channel reconstruction using NG-RC (solid blue line) and MNE spline interpolation
(dashed line) compared to the ground truth signal (solid green line) across six frequency bands: δ (1–4 Hz), θ (4–8 Hz), α
(8–13 Hz), β (13–30 Hz), γ (30–40 Hz), and the full 1–40 Hz range
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To provide a qualitative illustration of the reconstruction quality, Fig. 3 displays representative time series of
the original and reconstructed signals for the C4 channel from a single participant. The signals are bandpass-
filtered into the six frequency bands of interest and shown for a 1-second segment of a test epoch. The NG-RC
reconstruction closely follows the ground truth across all bands, whereas the MNE spline interpolation exhibits
visible deviations, particularly in the higher-frequency β and γ ranges where the rapid oscillations are poorly
captured by purely spatial interpolation.

To provide a quantitative summary, Fig. 4 presents the median R2 values for both methods and the corresponding
relative-accuracy metric Q . For each subject and method, the median R2 was first computed across all test epochs
and the 18 EEG channels, and the corresponding subject-level Q value was then derived from these median
R2 values. The bars represent the median of the resulting subject-level values across the 24 subjects, and the
error bars denote the corresponding between-subject standard deviation. The MNE baseline achieves its highest
performance in the θ band (R2 = 0.734) and maintains R2 > 0.6 in the δ, θ, and α bands. However, its performance
decreases sharply at higher frequencies, reaching R2 = 0.183 in the β band and becoming negative in the γ band
(R2 = −0.251), indicating that, in the latter case, spline interpolation performs worse than the epoch-wise mean-
predictor baseline. In contrast, NG-RC maintains R2 > 0.5 across all six frequency ranges and achieves high
reconstruction accuracy in the δ (R2 = 0.850), θ (R2 = 0.849), α (R2 = 0.789), and full 1–40 Hz (R2 = 0.804)
ranges. Even in the challenging γ band, NG-RC attains R2 = 0.534, which is comparable to the MNE performance
in the α band. Consequently, Q is positive in all frequency bands, ranging from 38.6% in the α band to 64.5%
in the γ band, where the spline-interpolation baseline is least effective and the relative improvement provided by
NG-RC is therefore the largest.

Overall, these results indicate that NG-RC provides a systematic improvement over standard spline interpolation,
with the advantage being most pronounced in high-frequency regimes where the linear, purely spatial interpolation
fails to capture the finer oscillatory structure of EEG signals. The strong performance in frontal and central regions
likely reflects the denser spatial sampling and richer inter-channel dependencies in these areas, which the temporal,
delay-embedded feature construction of NG-RC is able to exploit effectively.

We also analyzed which hyperparameters the cross-validation selected. Across subjects and channels, the purely
linear configuration (p = 1) was chosen far more often than the quadratic one (p = 2). This indicates that the
reconstruction is governed by the linear, delay-embedded part of the feature vector, while the polynomial nonlin-
earity contributes little. At first sight this is surprising, because the nonlinear expansion is the distinctive feature
of NG-RC. It is, however, consistent with the macroscopic nature of the scalp EEG signal. Each electrode does
not record a single neuronal source but the spatially summed postsynaptic activity of large neuronal populations
[29]. This summation acts as an averaging operation: the nonlinear fluctuations of the individual sources largely
cancel, and the resulting macroscopic signal, together with its statistical relationships to the signals at other elec-
trodes, becomes predominantly linear. A linear mapping between channels is therefore already close to optimal,

Fig. 4 Band-resolved reconstruction quality of NG-RC and spherical spline interpolation. A Coefficient of determination
R2 between the target and reconstructed signals for spline interpolation (MNE, blue) and NG-RC (green). B Relative
accuracy Q (Eq. 9), defined as the fraction of the gap between the spline baseline and perfect reconstruction recovered
by NG-RC. For each subject and method, the median R2 was first computed across all test epochs and the 18 EEG
channels. The corresponding subject-level Q values were then calculated from these median R2 values. Bars represent the
median of the resulting subject-level values across the 24 subjects, and whiskers denote their standard deviation across
subjects. Results are shown for the five canonical EEG bands—δ (1–4 Hz), θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), and γ
(30–40 Hz)—and the full 1–40 Hz range
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and the quadratic terms have little to add. This interpretation is in line with recent evidence that macroscopic
brain dynamics are, across a broad range of model classes, best described by linear models [30]. Accordingly, the
advantage of NG-RC over spline interpolation does not arise from its nonlinearity but from its use of time-delayed
inputs, which incorporate the temporal context of the signal that spline interpolation ignores entirely. This tempo-
ral information is most valuable in the β and γ bands, whose fast, low-amplitude oscillations are poorly described
by the instantaneous, purely spatial model underlying spline interpolation.

3.2 Noise sensitivity analysis

To assess the robustness of the reconstruction methods against measurement noise, we conduct a controlled per-
turbation experiment. For each participant and each EEG channel independently, we generate a Gaussian noise
signal ξ(t) ∼ N (0, 1) with zero mean and unit variance. The noise is then scaled to a target intensity level and
added to the original signal X (t), producing a contaminated version:

X̃(t) = X(t) + η · σX · ξ(t), (10)

where σX denotes the standard deviation of the clean signal X (t) computed over the entire recording, and η ∈ {0.0,
0.1, 0.2, . . . , 1.5} is the noise intensity parameter controlling the relative perturbation amplitude. The noise
realizations are generated independently for each channel and each participant, ensuring no false correlations are
introduced across the electrode array.

The initial 1–40 Hz band-pass filtering described in Sect. 2.1 was performed once during preprocessing, before
the introduction of noise. The additive Gaussian noise in Eq. (10) was added to the already band-limited signals
in all training and test epochs, without subsequent 1–40 Hz re-filtering. For the band-resolved evaluation, both
the noise-contaminated target signal and its reconstruction were subsequently filtered into the same canonical
frequency bands before the calculation of R2.

It has been previously shown [19, 31 ] that RC is effective in predicting the behavior of stochastic systems, so
we can assume the stability of the reservoir operation under noisy data conditions.

Fig. 5 The dependencies of reconstruction quality R2 of NG-RC and baseline MNE methods on the noise level η in different
frequency bands: δ (1–4 Hz), θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), γ (30–40 Hz), and in all range of 1–40 Hz. Solid and
dashed lines represent the median R2 computed over 30 test epochs, 18 EEG channels, and 24 subjects; shaded areas
indicate ±1 standard deviation across subjects
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The noisy signals X̃i = [X̃i1, X̃i2, . . . , X̃iNin ]
T serve as the input to the NG-RC model during both training and

testing, while the target signal is also taken as the noise-contaminated version of the channel being reconstructed.
This design mirrors a realistic scenario in which both the available measurements and the quantity to be estimated
are subject to the same observational noise. The hyperparameters of the NG-RC model are kept fixed at the values
optimized on clean data (see Sect. 2.2) to isolate the effect of noise on a given model configuration. For the baseline
spline interpolation method, the same noisy signals are supplied as the input to the MNE-Python interpolation
routine; one channel at a time is treated as missing and reconstructed from the remaining channels, exactly as in
the noise-free case.

The reconstruction quality is evaluated on the held-out test set (30 epochs) using the coefficient of determination
R2 computed between the predicted signal and the noise-contaminated target. For each noise level η, frequency
band, and method, we report the median R2 across all 30 epochs, 18 EEG channels, and 24 subjects, with the
translucent bands in Fig. 5 indicating the standard deviation across subjects.

Figure 5 presents the resulting noise sensitivity profiles. Across all frequency bands and all noise levels, the
NG-RC model achieves higher median R2 values than the MNE spline interpolation, and both methods degrade
monotonically as the noise intensity η increases. The size of the gap between them, however, depends strongly
on frequency. In the β (13–30 Hz), γ (30–40 Hz), and full-band (1–40 Hz) ranges the MNE method struggles
considerably, with R2 dropping toward zero or becoming negative at higher noise levels, while NG-RC retains
substantially higher accuracy and continues to exploit inter-channel dependencies even for heavily corrupted sig-
nals. The lower-frequency δ (1–4 Hz), θ (4–8 Hz), and α (8–13 Hz) bands behave differently: both methods are far
less sensitive to noise, their R2 curves decline gradually, and the two approaches stay closer together. A possible
explanation is that spline interpolation relies mainly on the spatial smoothness of scalp potentials. This assumption
is more suitable for lower-frequency EEG components, whose scalp distributions are often broader and smoother.
In contrast, β and γ activity changes more rapidly over time and is more sensitive to local spatial variations and
high-frequency noise. These properties make purely spatial interpolation less effective, whereas NG-RC can benefit
from the temporal context of the signal during reconstruction.

In summary, these findings indicate that the NG-RC-based reconstruction outperforms the conventional spline
interpolation method across the full range of noise intensities, with the largest advantage in high-frequency regimes
and under severe noise contamination, highlighting its potential for robust EEG signal recovery in real-world, noise-
prone recording environments.

4 Conclusions

In this work, we have presented systematic investigation of Next-Generation Reservoir Computing for the recon-
struction of multichannel EEG signals, including those contaminated by additive measurement noise. Using a
dataset of 18-channel recordings from 24 participants, we benchmarked NG-RC against the widely used spherical
spline interpolation method implemented in MNE-Python across six frequency bands and under controlled noise
perturbations.

On clean EEG data, NG-RC consistently outperforms spline interpolation across all channels and all frequency
bands. The improvement is most substantial in the β and γ bands, where the linear spatial interpolation largely
fails (with R2 dropping to 0.183 and −0.251, respectively), whereas NG-RC maintains R2 values of 0.635 and 0.534.
The relative accuracy metric Q reaches its maximum of 64.5% in the γ band, demonstrating that NG-RC recovers
nearly two-thirds of the performance gap between the baseline method and perfect reconstruction. Topographically,
the advantage of NG-RC is especially pronounced in frontal and central electrode sites, suggesting that the method
effectively captures the richer inter-channel dependencies present in these densely sampled regions.

Under added noise, both methods degrade monotonically with increasing intensity, but NG-RC remains sub-
stantially more robust. The performance gap between the two methods widens as noise increases, particularly
in high-frequency bands where the spline method becomes ineffective. In the lower-frequency δ, θ, and α bands,
both approaches are relatively insensitive to moderate noise levels, reflecting the stronger spatial signature of
high-amplitude slow oscillations. In contrast, the low-amplitude fast oscillations in the β and γ bands are poorly
captured by purely spatial interpolation but are effectively recovered by NG-RC even under severe noise contam-
ination, highlighting the critical role of temporal feature construction.

These results carry two practical advantages. Methodologically, NG-RC combines simplicity with strong per-
formance: unlike deep learning approaches, it requires no iterative gradient-based training and has only a few
transparent hyperparameters. In applied settings, its noise robustness makes it a candidate for real-world EEG
monitoring, such as ambulatory recordings or mobile brain–computer interfaces, where electrode failures and envi-
ronmental noise are common.

This study has several limitations. First, NG-RC is a data-driven method and, unlike spline interpolation,
requires a training stage. In the present analysis, half of each recording was used for training, corresponding to 30
epochs. Although this is a relatively small training set, we did not systematically examine how much training data
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is needed for NG-RC to maintain its advantage. Second, the electrode layout was fixed and relatively sparse, with
18 channels. The magnitude of the difference between NG-RC and spline interpolation may depend on electrode
density, because spline interpolation is expected to improve when neighboring electrodes are located closer to the
target channel. Therefore, the performance of NG-RC under denser montages remains to be evaluated. Finally,
the analysis was limited to a single experimental paradigm and 24 healthy participants, leaving open the question
of how well the results generalize to other tasks, functional states, larger samples, and clinical populations.

As further research directions, it is of interest to identify the possibilities of restoring not only fast EEG signals,
but also slow fMRI signals, which are increasingly considered as promising sources of information for the diagnosis
of various brain diseases [32], including major depressive disorder [33], schizophrenia [34], disorder of consciousness
[35], etc.

In conclusion, Next-Generation Reservoir Computing represents a data-driven alternative to conventional inter-
polation for EEG signal recovery. Its consistent superiority across frequency bands, particularly in challenging
high-frequency and high-noise regimes, together with its conceptual simplicity and computational efficiency, make
it suitable for EEG preprocessing in both research and clinical settings.
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21. A.V. Andreev, A.N. Pisarchik, N. Kulagin, R. Jaimes-Reátegui, G. Huerta-Cuellar, A.A. Badarin, A.E. Hramov, Stochas-
tic cloning of dynamical systems with hidden variables. Phys. Rev. E 112(1), 015303 (2025)

22. A. Badarin, V. Klinshov, P. Smelov, A. Andreev, Reservoir computing reconstructs blood-oxygen-level-dependent sig-
nals: whole-brain modeling study. Eur. Phys. J. Spec. Top. 234(15), 4497–4504 (2025)

23. N. Kulagin, A. Andreev, A.A. Koronovskii, O.I. Moskalenko, A.P. Sergeev, A. Badarin, A.E. Hramov, Intermittency in
predicting the behavior of stochastic systems using reservoir computing. Phys. Rev. E 111(2), 024209 (2025)

24. H. Jaeger, H. Haas, Harnessing nonlinearity: predicting chaotic systems and saving energy in wireless communication.
Science 304(5667), 78–80 (2004)

25. D.J. Gauthier, E. Bollt, A. Griffith, W.A. Barbosa, Next generation reservoir computing. Nat. Commun. 12(1), 5564
(2021)

26. W.A. Barbosa, A. Griffith, D.J. Gauthier, Learning spatiotemporal chaos using next-generation reservoir computing.
Chaos: Interdiscip. J. Nonlinear Sci. 32(9), 093137 (2022)

27. J.A. Platt, S.G. Penny, T.A. Smith, T.-C. Chen, H.D. Abarbanel, Robust forecasting using predictive generalized
synchronization in reservoir computing. Chaos: Interdiscip. J. Nonlinear Sci. 31(12), 123118 (2022)

28. A.A. Badarin, V.M. Antipov, O.M. Drapkina, A.R. Kiselev, Spatiotemporal dynamics of functional connectivity net-
works in EEG-based motor imagery. Russ. Open Med. J. 14(4), 423 (2025)
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