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Abstract—This study introduces a computational framework
that integrates neural mass modeling with reservoir computing
(RC) to accurately reconstruct missing segments of fMRI brain
activity (BOLD signals). We simulate whole-brain dynamics using
biologically-informed structural connections and then train an
RC system to predict the activity of any single brain region based
on the inputs from all others. Our results show that RC achieves
high-fidelity reconstruction, especially for highly interconnected
brain hubs. Crucially, the functional networks derived from
these reconstructed signals are nearly identical to the original
networks. This demonstrates RC’s potential as a powerful tool
for repairing corrupted neuroimaging data in both research and
clinical applications.

Index Terms—Reservoir computing, BOLD signal reconstruc-
tion, functional connectivity, fMRI

I. INTRODUCTION

Nowadays neuroscience is one of the hot topics [1]–[5].
A key challenge in neuroscience is the recovery of missing
or corrupted experimental data, such as blood-oxygen-level-
dependent (BOLD) signals measured by functional magnetic
resonance imaging (fMRI) [6]–[8]. These signals are crucial
for constructing functional brain networks used in diagnos-
ing neurological disorders [9], [10]. Whole-brain modeling
simulates neural activity across the brain using anatomical
connectivity and local neural dynamics [11], [12], often de-
scribed by neural mass models. However, simulating realistic
dynamics requires careful parameter tuning to match empirical
functional connectivity [13].

Reservoir computing (RC) is a powerful machine learning
paradigm for modeling complex dynamical systems [14]–[22].
It uses a fixed, randomly initialized recurrent neural network
(reservoir) and only trains a linear readout layer, making it
highly efficient. RC has proven successful in chaotic system
forecasting, signal prediction, and data recovery tasks.

In this paper, we address the challenge of reconstructing
missing BOLD signals by combining a biologically plausible
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neural mass model with data-driven reservoir computing. We
simulate whole-brain BOLD signals, then use RC to recover
individual signals from the others. We show that RC achieves
high-fidelity reconstruction and, crucially, preserves the orig-
inal functional connectivity patterns.

II. METHODS

A. Whole-Brain Model and BOLD Simulation

We model the whole brain as a network of Nn = 70 nodes,
corresponding to regions defined by the Desikan-Killiany atlas
[23].

Structural connectivity weights Cij and delays τij are
derived from a public neuroimaging dataset [24]. The sim-
ulated neural activity is converted to BOLD signals using the
Balloon-Windkessel model [25].

The parameters of the neural mass model are optimized
using genetic algorithms to minimize the geodesic distance
between the simulated and empirical functional connectivity
matrices, which also ensures a high Pearson correlation.

B. Reservoir Computing for Signal Reconstruction

To reconstruct a missing BOLD signal, we use a reservoir
computing architecture with the other Nn−1 signals as input.
The RC system consists of Input layer, Reservoir (hidden
layer) and Output layer.

• Input layer: Nn − 1 input signals Bi at time i.
• Reservoir (hidden layer): N neurons with state hi up-

dated by:

hi = (1− l)hi−1 + l tanh (WIHBi +WHHhi−1) , (1)

where l is the leak rate, WIH is the input-to-reservoir
matrix, and WHH is the sparse reservoir-to-reservoir
matrix with spectral radius R and connection density δHH.

• Output layer: A linear neuron producing the reconstructed
signal:

oi = WHOhi, (2)
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where WHO is trained by minimizing the regularized L2

error between the output oi and the target signal yi.
The hyperparameters (R, δIH, δHH, l) are optimized over
500 iterations to maximize the r2 score on a validation set.
The quality of reconstruction is evaluated using the r2 score
between the original and reconstructed signals.

III. RESULTS

We first tuned the neural mass model to achieve high
similarity between simulated and empirical functional connec-
tivity matrices. Subsequently, for each subject, we used RC to
reconstruct each BOLD signal from the others.

For each subject, we systematically reconstructed each of
the 70 simulated BOLD signals using a reservoir computer
(RC) trained on the remaining 69 signals. This resulted in a
total of 350 reconstruction tasks (5 subjects × 70 regions).
The performance for each reconstruction was quantified using
the coefficient of determination (r2), which measures the
proportion of variance in the original signal explained by the
reconstructed signal.

The reservoir computing framework demonstrated a re-
markable capacity for accurate signal reconstruction. A vast
majority of signals were recovered with high fidelity, as
evidenced by the distribution of r2 scores. The RC output
closely tracks the temporal dynamics of the original target
signal, accurately capturing the timing and phase of its low-
frequency oscillations. The most notable discrepancy was a
slight smoothing of the signal amplitude, a common character-
istic of data-driven reconstruction techniques which prioritize
phase and timing accuracy over perfect amplitude matching.

Crucially, the functional connectivity matrix computed from
the reconstructed signals was nearly identical to the original
simulated matrix. This indicates that RC preserves the macro-
scopic network properties even if individual signal amplitudes
are slightly smoothed.

IV. CONCLUSIONS

We demonstrated that reservoir computing effectively recon-
structs missing BOLD signals in a whole-brain model while
preserving functional connectivity patterns. The combination
of biologically plausible neural mass modeling and data-driven
RC provides a powerful framework for neuroimaging data re-
covery. This approach has significant potential for applications
in computational neuroscience and clinical settings where data
loss or artifacts are a concern.
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