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Abstract

In this paper, we present a biologically grounded approach
to reservoir computing (RC), in which a network of cul-
tured biological neurons serves as the reservoir substrate.
This system, referred to as biological reservoir comput-
ing (BRC), replaces artificial recurrent units with the spon-
taneous and evoked activity of living neurons. A multi-
electrode array (MEA) enables simultaneous stimulation
and readout across multiple sites: inputs are delivered
through a subset of electrodes, while the remaining ones
capture the resulting neural responses, mapping input pat-
terns into a high-dimensional biological feature space. We
evaluate the system through a case study on digit classifica-
tion using a custom dataset. Input images are encoded and
delivered to the biological reservoir via electrical stimula-
tion, and the corresponding neural activity is used to train
a simple linear classifier. To contextualize the performance
of the biological system, we also include a comparison with
a standard artificial reservoir trained on the same task. The
results indicate that the biological reservoir can effectively
support classification, highlighting its potential as a viable
and interpretable computational substrate. We believe this
work contributes to the broader effort of integrating biolog-
ical principles into machine learning and aligns with the
goals of human-inspired vision by exploring how living neu-
ral systems can inform the design of efficient and biologi-
cally plausible models.

1. Introduction
Reservoir computing (RC) [37] is a machine learning
framework that transforms input data through the dynam-
ics of a high-dimensional system. This transformation often
results in representations that are more easily separable by
simple classifiers, making RC a practical and efficient ap-
proach for tasks such as classification and regression (e.g.,
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time-series analysis [3] and speech recognition [51]). Its ef-
fectiveness has been demonstrated across a range of imple-
mentations. One of the most prominent RC models is the
echo state network (ESN) [15, 23], in which a large pool
of randomly connected recurrent units transforms input into
a high-dimensional nonlinear representation that facilitates
downstream learning. A related paradigm is the liquid state
machine (LSM) [38, 52], which employs spiking neurons to
capture rich temporal dynamics.

In this work, we propose an instantiation of the reservoir
computing (RC) paradigm where the reservoir is not sim-
ulated but physically realized through a living network of
cultured neurons. We refer to this approach as biological
reservoir computing (BRC). Unlike conventional RC sys-
tems that rely on artificial units, our method leverages the
intrinsic dynamics of a biological neural culture to project
input stimuli into a high-dimensional feature space. This
setup offers a unique opportunity to explore the computa-
tional potential of real neural tissue, while also contribut-
ing to the broader goal of integrating biological principles
into machine learning. Indeed, this biologically grounded
approach not only provides a natural substrate for computa-
tion, but also aligns with neuroscientific evidence suggest-
ing that transient neural dynamics play a key role in infor-
mation processing [12]. Moreover, by offloading part of the
computation to a physical system, BRC may offer advan-
tages in terms of energy efficiency—an increasingly rele-
vant concern in modern AI systems [2, 24].

Specifically, the BRC system is built upon a high-density
multi-electrode array (MEA) [4], which enables both elec-
trical stimulation and high-resolution recording of neural
activity. Neurons are derived from stem cells using estab-
lished differentiation protocols [7, 8], and once matured,
they form spontaneously active networks. Input patterns are
encoded as spatially distributed stimulation sequences and
delivered to the culture via the MEA. The resulting neural
responses are recorded and used to construct feature vec-
tors for downstream classification. To evaluate the ability
of our BRC system to generate discriminative feature repre-
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sentations, we conducted an experimental study focused on
a single yet challenging pattern recognition task: the clas-
sification of ten digit-like spatial input patterns (from 0 to
9). Each pattern was defined by a distinct spatial config-
uration of electrical stimulation sites on a multi-electrode
array (MEA). The evoked neural responses were recorded
and used as features for a simple readout layer to classify
the stimulus category.

Despite the inherent variability in biological responses
due to noise, spontaneous activity, and differences across
stimulation sessions and biological replicates, our sys-
tem achieved promising levels of accuracy. These results
demonstrate that cultured neuronal networks, even without
considering plasticity or learning mechanisms, can serve as
effective reservoirs that transform static spatial inputs into
rich, high-dimensional representations suitable for down-
stream classification tasks. This manuscript is structured
as follows. Sec. 2 surveys existing literature on reservoir
computing and biological computation. Sec. 3 details the
experimental methodology, including MEA interfacing and
stimulation protocols. In Sec. 4, we present and analyze our
experimental setup and results. Finally, Sec 5 shapes the
conclusion and outlines directions for future research.

2. Related Works
A central topic in deep learning (DL) research concerns
the biological plausibility of existing computational frame-
works. Numerous studies have critically examined the ex-
tent to which contemporary neural architectures reflect the
structural and functional complexity of biological neural
systems [18, 39, 41, 48]. In light of this, there has been
a growing movement toward the development of biologi-
cally inspired alternatives aimed at expanding the capabil-
ities of machine learning and cognitive modeling [34, 35].
Efforts in this direction have led to a wide array of mod-
els that attempt to bridge the gap between artificial and
biological intelligence, either by implementing more bio-
logically grounded neural computations [11, 14, 30, 47]
or by refining the underlying synaptic and learning mech-
anisms [9, 21, 25, 28, 29, 31–33, 36].

Among these biologically inspired paradigms, reservoir
computing (RC) [37, 44] has attracted significant attention
for its capacity to emulate complex neural dynamics. Two
prominent subclasses within RC are echo state networks
(ESNs) [15, 23] and liquid state machines (LSMs) [38, 52],
which differ in their computational mechanisms and bio-
logical plausibility. While LSMs typically employ spiking
neuron models [1, 16] to generate rich temporal dynamics,
ESNs rely on a large, recurrent network of randomly con-
nected continuous-valued units to embed input signals into
a high-dimensional space conducive to downstream classi-
fication tasks. Although the recurrent architecture is ini-
tialized stochastically, specific strategies are employed to

ensure that the network operates within a stable and com-
putationally useful dynamic regime [15, 43]. Several en-
hancements to the ESN framework have been proposed to
increase its biological plausibility. For instance, models in-
corporating synaptic plasticity mechanisms, such as spike-
timing-dependent plasticity (STDP) [16, 46], aim to more
closely emulate biological learning processes [50]. More
recently, gating mechanisms have been introduced to im-
prove the recall of long-term dependencies in nonlinear re-
current systems [43]. These RC-inspired techniques have
demonstrated promising results across various application
domains, including speech recognition [52] and continual
learning [10].

Building upon this foundation, the present work intro-
duces an extension to the RC paradigm by incorporating
biological neural networks as computational reservoirs, i.e.,
a biological reservoir computing (BRC) wherein cultured
neuronal populations serve as the dynamic substrate for
computation. Although prior studies have explored the use
of multi-electrode array (MEA) devices to interface with bi-
ological neurons [13, 17, 22, 26, 40, 42, 45], only a few
works have investigated the potential of employing biologi-
cal neural networks as computational reservoirs [6, 19]. No-
tably, Cai et al. [6] employed brain organoids as biological
reservoirs, demonstrating their capacity for speech recog-
nition by leveraging the rich temporal dynamics inherent in
such 3D biological structures. Their approach capitalizes on
time-dependent neural activity patterns to encode and pro-
cess input sequences. In contrast, our study focuses on spa-
tially distributed stimulation patterns delivered to 2D cul-
tured biological neural networks, rather than 3D organoids.
Specifically, we employ spatially patterned electrical stim-
ulation across a microelectrode array (MEA) without rely-
ing on temporal sequencing, aiming instead at static pat-
tern recognition. This represents a distinct paradigm, em-
phasizing spatial encoding of input patterns over their tem-
poral evolution. Similarly, our preliminary work [19] ex-
plored the feasibility of stimulating 2D cultured biological
neural networks using a limited set of spatial patterns and
network configurations. However, [19] was primarily ex-
ploratory, involving a small number of stimuli and simpler
classification tasks applied to a single biological network.
By systematically investigating a broader range of spatially
distributed stimulation patterns and evaluating their effects
across three independent biological replicates (BRs), the
present study constitutes one of the first comprehensive ef-
forts to assess the feasibility of using cultured biological
neural networks as functional reservoirs within a reservoir
computing (RC) framework for static pattern recognition.
This approach not only bridges biological neural substrates
and machine learning architectures, but also opens new av-
enues for leveraging the intrinsic properties of biological
networks – such as energy efficiency and complex nonlin-
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Figure 1. Framework of our Biological Reservoir Computing (BRC) paradigm. In this approach, a multi-electrode array (MEA)
functions as a bidirectional interface, enabling both the stimulation of and the recording from a cultured biological neural network. Discrete
inputs are encoded by selectively activating specific subsets of MEA electrodes, which deliver targeted stimuli to the network. The evoked
spiking responses are captured via a separate set of electrodes and transformed into high-dimensional vectors that encode the input within a
latent computational space. Due to the inherent complexity and rich dynamics of the biological reservoir, this transformation is intrinsically
nonlinear. Subsequently, a linear classifier is trained to infer the category of the original input from its corresponding latent representation.

Figure 2. Illustration of a cultured biological network plated on
a MEA device. Each square represents a single MEA electrode.
Input patterns are mapped onto the MEA by assigning elements of
the patterns to specific electrodes. Electrical pulses are delivered
based on the corresponding input intensities, and the evoked activ-
ity of the network is recorded via the remaining electrodes. The re-
sulting spiking responses are used to construct a high-dimensional
representation of the input in the feature space of the biological
reservoir. Neuron scale in the figure is not to scale and is adjusted
for visibility.

ear dynamics – to advance neuromorphic computation.

3. Biological Reservoir Computing
A cultured network of biological neurons may be regarded
as a complex system of randomly interconnected process-
ing elements capable of generating rich, nonlinear dynami-
cal behavior. When interfaced with a multi-electrode array
(MEA) – a bidirectional platform equipped for both elec-
trical stimulation and electrophysiological recording (see

Fig. 2) – this neural substrate can be functionally harnessed
to receive structured input stimuli and produce measurable
responses.

In our reservoir computing paradigm, we define a direct
correspondence between individual input samples and spe-
cific subsets of MEA electrodes. For instance, when an im-
age is used as input, its pixel grid of dimensions H ×W is
projected onto an H×W subset of the electrode array. Each
pixel is uniquely mapped to a designated electrode, and the
pixel intensity modulates the stimulation parameters deliv-
ered to the underlying neurons. Following the stimulation
phase, we collect the evoked spiking activity through the
remaining electrodes on the MEA. These recorded spike
trains are then aggregated into a high-dimensional feature
vector, effectively embedding the input into the latent space
defined by the biological reservoir.

In this configuration, the cultured neural network oper-
ates as a biologically instantiated feature extractor, trans-
forming structured inputs into complex, nonlinear, high-
dimensional representations [8, 42].

To quantitatively assess the quality and discriminative
power of these biologically derived representations, we em-
ploy a single-layer perceptron as a downstream classifier.
The full computational pipeline – including stimulation pro-
tocol and classification framework – is illustrated in Fig. 1.
The following sections detail the procedures for stimula-
tion, feature extraction, training, and performance evalua-
tion of the perceptron within our experimental setup.

3.1. Stimulation Protocol
Interfacing with a biological neural network involves sev-
eral technical challenges, particularly with respect to the
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calibration of stimulation parameters such as pulse ampli-
tude, frequency, and duration. These parameters must be
finely tuned to ensure that stimulation elicits consistent and
robust neural responses while maintaining the integrity of
the hardware. In this work, we systematically investigate
and define a set of optimized stimulation protocols designed
to activate the cultured network effectively and support re-
liable electrophysiological recordings.

To deliver stimulation, specific electrodes within the
MEA are designated as active stimulation sites. We used
a bipolar stimulation, where each electrode pair is config-
ured with opposing polarities, serving as the positive and
negative poles. Each stimulus is delivered as a rectangular
biphasic waveform with a defined amplitude A (expressed
in µA) and phase durations δ+ and δ− (in µs) corresponding
to the positive and negative components, respectively. This
approach enhanced the current balance between the positive
and negative poles, contributing to the long-term stability
and integrity of the electrodes. Since the MEA distributes
current across multiple electrode pairs, the amplitude is in-
terpreted on a per-pair basis. When determining these stim-
ulation parameters, particular care is taken to balance sig-
nal efficacy with hardware preservation: the stimuli must be
sufficiently strong to reliably evoke spiking activity, yet not
so intense or frequent as to cause electrode degradation—a
risk observed during initial trials involving high-current or
high-frequency configurations.

To mitigate any potential bias in the network’s response
due to order effects or temporal dependencies, all stimu-
lation patterns are presented to the neuronal culture in a
randomized sequence. A fixed inter-stimulus interval of
T = 10 s is enforced between successive inputs. This delay
allows the network to return to a baseline or resting state
before the subsequent stimulation is delivered, thereby en-
suring the independence of evoked responses and reducing
carry-over effects [42].

To implement this protocol on the 3Brain high-density
multi-electrode array (HD-MEA) platform, we developed a
custom Python script using the official API provided by the
manufacturer. This custom script enables precise control
over the stimulation sequence, including the randomization
of input order, the timing of pulse delivery, and the selec-
tion of specific electrode subsets for stimulation, ensuring
reproducibility and flexibility in our experimental pipeline.

3.2. Biological Network Readout

For each stimulus presentation, neural activity is continu-
ously recorded from the MEA for a time window extending
from 2s before to 2s after the stimulus onset. To extract
spiking activity from the raw extracellular signals in real
time, we employed a spike detection algorithm based on a
double-threshold strategy, which enables online identifica-
tion of spike times.

The algorithm operates using three parameters: a sliding
time window ws, a low detection threshold thrl, and a high
detection threshold thrh used for final spike identification.
Initially, for each recording channel, the algorithm scans the
signal within a local window of duration ws = 2ms to iden-
tify candidate peaks exceeding thrl × σ, where σ denotes
the standard deviation of the full recorded signal.

To refine the detection, all segments of the signal that
cross the low threshold are temporarily excluded, and a new
standard deviation σn is computed on the remaining data.
Final spike times are then determined as the local maxima
that exceed the updated high threshold, defined as thrh ×
σn.

Now, let ts denote the onset time of a stimulus. For each
electrode (i, j), we compute the spiking activity aCij(ts)
within a temporal window W following the stimulus, de-
fined as the number of spikes observed:

aWij (ts) =

ts+C∑
t=ts

sij(t), (1)

where sij(t) is a binary variable that equals 1 if a spike
is detected at time t, and 0 otherwise. Time is discretized
according to the sampling rate of the acquisition system,
which in our setup was the maximum available frequency
fs = 20,000 Hz. We use aWij (ts) with a properly defined
time window (W ) as the readout of the stimulus. The result
is a 4096-dimensional feature vector that encodes the input
pattern in the latent space of the biological reservoir. To
evaluate the real network’s ability to propagate information
beyond the stimulation site, a square region surrounding the
stimulated electrodes is excluded from this feature vector.

3.3. Classifier Training and Testing Phase
The training phase of the single-layer perceptron classifier
begins with the selection of a set of input patterns, each of
which is mapped onto a predefined subset of MEA elec-
trodes for stimulation. For every input sample, electrical
pulses are applied through the designated electrodes and
repeated N = 20 times to generate a distribution of re-
sponses amenable to statistical analysis. This repetition
is essential because the biological networks exhibit spon-
taneous activity [49] and are subject to intrinsic noise and
varying dynamical states at the moment of stimulation. As
a result, the same input pattern elicits a range of different
responses across trials. Once all feature vectors have been
collected, a linear classifier is trained to associate each high-
dimensional representation with its corresponding input la-
bel. For every class, the recorded responses are randomly
shuffled and split into disjoint sets for training and testing.
Training is conducted using a single-layer perception (SLP)
optimized via stochastic gradient descent (SGD) [5], with
the objective of minimizing the cross-entropy loss [27]. No
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validation set is used, as no early stopping criterion is ap-
plied; this choice allows for maximal utilization of the avail-
able data for both training and evaluation. The model is
trained for 1000 epochs.

To assess the generalization performance of the trained
model, we employ a 5-fold cross-validation strategy. In
each fold, the dataset is randomly partitioned into five
equally sized subsets. Four subsets are used for training the
linear classifier, while the remaining one is held out for test-
ing. This process is repeated five times, such that each sub-
set serves exactly once as the test set. The classifier remains
fixed at the state reached at the end of training in each fold,
with no additional updates or fine-tuning performed during
testing.

Since the testing pipeline replicates the training setup,
the statistical properties of the test features closely match
those of the training features, ensuring a consistent and un-
biased evaluation. For each test sample, its latent repre-
sentation is fed into the trained classifier, and the resulting
prediction is compared with the corresponding ground truth
label. Performance is quantified using classification accu-
racy, defined as the ratio of correctly predicted samples to
the total number of test samples. This metric provides a
robust measure of the system’s ability to serve as a biologi-
cally grounded reservoir computing architecture.

4. Experimental Evaluation
This section presents the experimental setup used to evalu-
ate our Biological Reservoir Computing (BRC) system and
discusses the results obtained using a custom digit dataset.
Specifically, we assess the classification performance of the
latent representations generated by the biological reservoir
through three biological replicates of the same neural cul-
ture. The stimulus patterns are constructed following an
electronic clock layout. This approach emulates the seg-
ments of a digital display, where each active electrode pair
represents a lit LED segment forming part of a digit. Fig. 3
provides a visual overview of the stimuli employed and
Fig. 4 provides two examples of the recorded responses,
computed over a time window of W = 10ms.

4.1. Artificial Reservoir Comparison
To establish a reference point and enable direct comparison,
we implemented an artificial reservoir (AR) based on a net-
work consisting of 4,096 recurrent units with a connection
sparsity of 10%—i.e., only 10% of all possible interconnec-
tions between units were active. The AR was initialized in a
resting state, with all unit activations set to zero, and driven
by the same input stimuli used in the biological experiments
to ensure comparability of conditions.

To replicate the variability inherent in spontaneous neu-
ral activity, we incorporated biologically realistic input
noise into the AR model. This noise was empirically es-

timated by analyzing N = 100 randomly selected time
windows of spontaneous activity, with a temporal duration
of W , recorded from the biological network. The average
spike count computed from these segments was used to gen-
erate synthetic noise, which was superimposed on the input
stimuli before being passed to the AR. After the presenta-
tion of each stimulus, the AR dynamics were allowed to
evolve for one additional time step—excluding a square re-
gion around the stimulation units, in line with the masking
procedure applied in the biological experiments—was used
as input to a single-layer perceptron for classification.

While the AR model serves as a valuable performance
benchmark and is expected to yield superior results due to
its engineered structure, it does not possess the physical or
energetic characteristics of a real biological system. Conse-
quently, the AR provides an upper bound for performance
evaluation, whereas the BRC system offers insights into bi-
ologically grounded computation and energy-efficient in-
formation processing.

4.2. Quantitative Results
To evaluate the performance of the BRC system, it is first
essential to determine the most informative time window
for reading out the network’s response to stimulation. For
this purpose, we analyzed the classification accuracy across
different stimulation sessions while systematically varying
the duration W of the post-stimulus time window used to
extract neural activity.

Fig. 5 shows the results obtained by aggregating data
from n = 9 independent stimulation sessions performed
across multiple days and biological replicates. A clear de-
creasing trend emerges, with the highest classification accu-
racy consistently observed when W = 5ms. This suggests
that the most informative response — in terms of discrim-
inability among different stimuli — occurs within the first
few milliseconds following stimulation.

This result is expected, as the initial segment of the neu-
ral response primarily reflects the immediate, first-order
activation of neurons directly connected to the stimulated
electrodes. In biological terms, a 5ms window roughly cor-
responds to the timescale of a single synaptic transmission,
capturing the direct postsynaptic potentials triggered by the
stimulus. At these early latencies, the signal is minimally
affected by recurrent processing, spontaneous activity, or
noise propagation, making it highly specific to the input
pattern. As the time window W increases beyond this point,
the recorded activity becomes increasingly influenced by in-
direct responses, recurrent network dynamics, and sponta-
neous background activity.

The stimulus amplitude was set to 4 µA per electrode
pair. All digit patterns were presented within the same MEA
region, selected for its maximal spontaneous activity and
signal quality. The average classification accuracy per cat-
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Figure 3. Visual representation of the input patterns. Digit recognition: input patterns represent the digits from 0 to 9.

Figure 4. Heatmaps of neural activity following stimulation:
The left panel shows the recorded response within a 10ms time
window following stimulation with the input pattern ”0”, while the
right panel depicts the corresponding response for the input pattern
”1”. The heatmaps illustrate the spatial distribution of spiking ac-
tivity across the MEA electrodes.

egory computed over the three stimulation sessions (Day 1,
Day 2, Day 3), and the comparison with the average classi-
fication accuracy of the artificial reservoir (AR) computed
over different realizations of the noise are summarized in
Fig. 6. The mean classification accuracy during each stim-
ulation session across days of stimulation and biological
replicates is reported in Tab. 1.

Interestingly, all biological reservoirs achieved perfor-
mance levels comparable to those of the artificial reservoir,
with an average classification accuracy of approximately
75%. This consistency was observed across multiple stim-
ulation sessions and among the different biological repli-
cates, underscoring the reliability and reproducibility of the
system. Notably, our biological reservoir benchmark cap-
italizes on the inherent advantages of using a living neu-
ral substrate, such as rich, nonlinear dynamics and natural
variability, which may offer valuable insights and potential
benefits over conventional artificial models.
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Figure 5. Accuracy variation across different readout win-
dows. For each stimulation session (n=9), classification accu-
racy was computed using neural responses extracted from different
post-stimulus time windows, ranging from 5 to 50ms. The plot
reports the mean accuracy ± standard error of the mean (SEM).
This analysis highlights how the temporal integration window in-
fluences the effectiveness of the reservoir readout.

4.3. Accuracy Variation Across Days

In order to assess the stability and generalizability of
stimulus-evoked responses over time, we evaluated the clas-
sification performance of the classifier trained on data from
the first stimulation session and subsequently tested it on
data collected in the following days. This cross-day testing
approach allows us to probe whether the neural dynamics
elicited by a specific set of stimuli remain consistent across
days, or if they are subject to spontaneous drift and reorga-
nization.

It is well established that neural cultures evolve dynam-
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Figure 6. Mean classification accuracy per input category for each biological replicate. Each box displays the average classification
accuracy for a given stimulus category, computed over multiple stimulation sessions for each single biological replicate (BR 1, BR 2, BR
3). Accuracies are calculated using 5-fold cross-validation within each session and then averaged across the three stimulation sessions
(Day 1, Day 2, Day 3). The last row in the heatmap displays the average classification accuracy per category computed over different
realizations of the noise for the Artificial Reservoir (AR).

Figure 7. Mean classification accuracy per input category across days. Each box represents the average classification accuracy for a
specific stimulus category, computed by training the classifier on data from Day 1 and testing on subsequent stimulation sessions (Day 2 and
Day 3). Accuracies were averaged across three independent biological replicates, with each replicate evaluated using five cross-validation
folds. Error bars denote the standard deviation across replicates, reflecting variability due to biological and experimental factors. The last
row displays the average accuracy per category obtained for the classifier trained on Day 1 and tested on subsequent stimulation sessions
by randomizing the neuronal responses for each stimulus, i.e., maintaining the absolute response but shuffling the spatial structure of the
spiking activity recorded by the electrodes.

ically over time, spontaneously transitioning through var-
ious activity regimes—from uncoordinated, random spik-
ing to highly synchronized bursting patterns [20, 49]. Such
spontaneous reorganization is driven by intrinsic develop-
mental processes and changes in connectivity, and it can
significantly influence how the network responds to exter-
nal stimulation. As a consequence, the evoked responses to
identical stimulation patterns may vary substantially across
days, reflecting underlying shifts in the network’s functional
state.

Then, we used all the neuronal responses to the different
stimulus patterns recorded during the first stimulation ses-
sion (Day 1) to train a linear classifier. The trained model
was then evaluated on the data acquired during the sub-
sequent independent stimulation sessions (Day 2 and Day
3), allowing us to assess the temporal stability and gener-
alizability of the biological reservoir’s encoding capabili-
ties. The average classification accuracy per category, com-
puted across the three biological replicates, is summarized
in Fig. 7. As an additional control, we assessed the clas-
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Stim. day Biological Replicates(%) Mean±SD(%)

BR 1 BR 2 BR 3

Day 1 77 ± 5 67 ± 9 78 ± 6 74 ± 6

Day 2 78 ± 5 66 ± 9 73 ± 4 72 ± 6

Day 3 72 ± 6 68 ± 9 67 ± 4 69 ± 3

Table 1. Classification accuracy across stimulation day and bi-
ological replicates. Results are reported for each stimulation ses-
sion (Day 1, Day 2, Day 3) and for the three biological replicates
(BR 1, BR 2, BR 3). Each value indicates the mean classification
accuracy and standard deviation across 5-fold validation. The final
column shows the average performance across replicates per day.

sifier’s performance on a surrogate dataset in which each
neuronal response from the test days was randomized across
recording channels. More in detail, we randomized the neu-
ronal responses for each stimulus, maintaining the absolute
response but shuffling the spatial structure of the spiking
activity recorded by the electrodes. As expected, the clas-
sifier failed to discriminate among the stimulus classes un-
der these conditions, yielding a mean accuracy of 12± 5%,
which is consistent with the chance level expected for a
10-class problem. The results revealed a progressive de-
crease in classification performance across days, with the
accuracy dropping to 46 ± 15% on Day 2 and further to
37 ± 19% on Day 3. Although these values remain above
chance level (10%), they indicate a substantial decline in
the network’s ability to preserve stimulus-specific encod-
ing over time. This performance degradation suggests that
the underlying neural dynamics and connectivity patterns
within the biological reservoir evolve significantly across
days, likely due to spontaneous activity and plasticity phe-
nomena intrinsic to neuronal cultures.

Interestingly, two stimulus categories—specifically, pat-
terns ”1” and ”7”—consistently maintained higher classifi-
cation accuracy across all sessions. While the precise rea-
son for this robustness remains unclear, one possible expla-
nation is that these patterns involve a lower number of stim-
ulation electrodes and exhibit minimal spatial overlap with
other stimuli. Such properties may lead to more distinct and
less noisy evoked responses, facilitating their identification.
However, further investigation is required to rigorously as-
sess the relationship between stimulus complexity, spatial
interference, and classification stability.

5. Conclusion

In this work, we proposed a novel approach to reservoir
computing (RC) by leveraging a network of cultured bio-
logical neurons as the computational substrate. Unlike tra-
ditional artificial reservoirs, our bio-hybrid system exploits

the intrinsic dynamics of living neurons, which operate with
remarkable energy efficiency and rich nonlinear behavior.
These properties make biological reservoirs a compelling
alternative for neuromorphic computing, particularly in sce-
narios where low-power, adaptive computation is desirable.
Furthermore, this line of research contributes to a deeper
understanding of how biological neural circuits process in-
formation, offering insights into the mechanisms underlying
cognition and neural computation.

To validate our approach, we designed and implemented
a custom stimulation and recording protocol using high-
density multi-electrode array (HD-MEA) technology. Our
experiments focused on a digit classification task involv-
ing 10 input categories (digits 0 through 9), each mapped
to a specific spatial pattern of electrical stimulation. The
recorded neuronal responses were used to train a simple lin-
ear readout layer, and the classification results demonstrated
that the biological reservoir was capable of generating high-
dimensional feature embeddings sufficient to support accu-
rate pattern recognition. These findings provide strong ev-
idence that cultured neural networks can be repurposed as
effective computational modules for RC applications, even
in non-trivial tasks such as handwritten digit classification.

While the current study focused on a single benchmark
dataset to assess system performance, future work will aim
to generalize these findings by testing the BRC system on
more diverse and complex input patterns. This will help
evaluate the scalability and generalization capability of the
biological reservoir.

Overall, this work lays the foundation for a new class
of biologically grounded reservoir computing architectures.
By uniting experimental neuroscience with machine learn-
ing principles, we move closer to realizing energy-efficient,
adaptive systems that bridge the gap between artificial and
biological intelligence.
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