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Abstract

Neural recording technologies have significantly advanced our understanding of brain
function; however, they remain constrained by fundamental trade-offs among temporal
resolution, spatial scalability, invasiveness, and long-term data acquisition. These limitations
restrict the ability to capture large-scale neural dynamics over extended durations. To address
this challenge, we propose a conceptual and computational framework for molecular neural
recording, in which neural activity is encoded into nucleic acid—like representations through
biologically inspired processes.

In the proposed framework, high-frequency neural spike activity is first transformed through a
temporal buffering mechanism that mimics intracellular biochemical integration, enabling the
conversion of rapid signals into slower, recordable states. The buffered signals are then
discretized into event-driven representations and mapped into simplified molecular encodings
with stochastic variability, reflecting the probabilistic nature of biological systems. Rather than
attempting precise spike-level recording, the approach focuses on capturing temporally
integrated neural dynamics that can be reconstructed computationally.

A simulation pipeline was developed to evaluate the feasibility of the framework, incorporating
neural signal generation, buffering, encoding, decoding, and reconstruction. Reconstruction
performance was assessed using correlation and normalized mean squared error (MSE). The
results demonstrate that neural activity patterns can be recovered with moderate fidelity
(correlation = 0.584; normalized MSE ~ 0.045), indicating preservation of essential temporal
structure despite compression and noise.

These findings establish molecular neural recording as a viable event-driven encoding
paradigm that balances biological constraints with computational reconstruction. By
integrating concepts from Neuroinformatics, synthetic biology, and signal processing, this
work provides a foundation for scalable, long-term neural recording systems and opens new
directions for brain mapping, neurotechnology, and biologically embedded data storage.
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1. Introduction

Understanding the structure and function of the brain requires the ability to record neural
activity across multiple spatial and temporal scales. Over the past decades, significant advances
have been made in neural recording technologies, including electrophysiological methods such
as single-unit recordings and multi-electrode arrays, as well as imaging-based approaches such
as calcium imaging and functional magnetic resonance imaging (fMRI). These techniques have
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provided valuable insights into neural dynamics, connectivity, and functional organization.
However, despite these advances, current recording modalities remain fundamentally
constrained by trade-offs between temporal resolution, spatial coverage, invasiveness, and
scalability.

Electrophysiological techniques offer high temporal resolution, often at the millisecond scale,
enabling precise measurement of action potentials and neuronal firing patterns. However, these
approaches are typically limited in spatial coverage and often require invasive implantation,
restricting their applicability for large-scale or long-term studies. Conversely, imaging
techniques such as calcium imaging allow for broader spatial coverage and the observation of
neuronal populations, but they suffer from reduced temporal resolution and indirect
measurement of neural activity. Functional imaging modalities, including fMRI, provide
whole-brain coverage but operate at much slower timescales and measure hemodynamic
responses rather than direct neuronal activity. These inherent limitations highlight the need for
alternative approaches that can overcome the constraints of conventional recording systems.
One emerging paradigm involves leveraging biological systems themselves as recording
media. In this context, molecular recording has been proposed as a strategy for encoding
cellular or neural activity into nucleic acid sequences, such as DNA or RNA, effectively
creating a biological “memory” of dynamic processes. Recent developments in synthetic
biology and molecular engineering have demonstrated the feasibility of recording
environmental signals, lineage information, and cellular events into genomic substrates using
engineered systems.

Applying molecular recording principles to neuroscience introduces the concept of molecular
neural recording, wherein neural activity is encoded into molecular sequences that can later be
decoded and analysed computationally. This approach offers several potential advantages,
including the ability to achieve high-density, long-term recording across large populations of
cells, as well as compatibility with existing sequencing technologies for data retrieval.
However, translating neural signals into molecular representations presents several
fundamental challenges. One of the primary challenges is the temporal mismatch between
neural activity and molecular processes. Neurons can fire at frequencies exceeding 100 Hz,
whereas molecular processes such as transcription, polymerase activity, or enzymatic reactions
typically operate on much slower timescales. This discrepancy makes it difficult to directly
encode high-frequency neural events into molecular sequences without loss of information.
Additionally, molecular systems are inherently stochastic, introducing variability and noise
into the encoding process. Another critical challenge is data scalability. Recording neural
activity at large scales using molecular representations could generate vast amounts of data,
raising concerns regarding biological feasibility, storage capacity, and downstream sequencing
requirements. Furthermore, precise spike-level encoding may not be necessary or even feasible
in biological systems, suggesting that alternative representations of neural activity may be more
appropriate. To address these challenges, it is essential to reconsider neural recording not as a
direct measurement problem, but as an information encoding and reconstruction problem. In
this perspective, the goal is not to capture every individual spike with perfect fidelity, but rather
to encode meaningful features of neural activity in a manner that is compatible with biological
constraints and can be reconstructed computationally.

In this study, we propose a conceptual and computational framework for molecular neural
recording that integrates principles from computational neuroscience, signal processing, and
synthetic biology. The framework introduces a temporally integrated encoding strategy in
which neural activity is first transformed through a buffering mechanism that mimics
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intracellular biochemical processes. This buffering step effectively converts high-frequency
neural signals into slower, continuous representations that are more amenable to molecular
encoding. Following buffering, the signals are discretized into event-based representations and
mapped into simplified molecular encodings. This event-driven approach reduces the
complexity of the signal while preserving essential temporal patterns, enabling scalable
encoding within biologically feasible limits. The encoded signals are then reconstructed using
computational methods, allowing for the recovery of neural activity patterns from molecular
representations. To evaluate the feasibility of the proposed framework, we developed a
simulation pipeline that models each stage of the process, including neural signal generation,
buffering, encoding, decoding, and reconstruction. The performance of the system was
assessed using quantitative metrics such as correlation and mean squared error, providing
insight into the fidelity of reconstruction under varying conditions.

The primary objective of this work is not to provide a fully implemented biological system, but
rather to establish a theoretical and computational foundation for molecular neural recording.
By demonstrating that neural activity patterns can be encoded and reconstructed with
meaningful fidelity under biologically realistic constraints, this study provides a proof-of-
concept for a novel recording paradigm. Ultimately, molecular neural recording represents a
shift toward biologically embedded data acquisition systems that leverage the intrinsic
properties of living cells for information storage. Such approaches have the potential to
complement existing neural recording technologies and enable new avenues for studying brain
function at unprecedented scales. The integration of molecular recording with computational
analysis may further facilitate the development of advanced neurotechnologies, including
scalable brain mapping platforms and hybrid biological-digital interfaces. In summary, this
work explores the feasibility of encoding neural activity into molecular representations through
an event-driven, temporally integrated framework. By addressing key challenges related to
temporal resolution, stochasticity, and scalability, the proposed approach contributes to the
emerging field of molecular neurotechnology and provides a foundation for future
experimental and computational investigations.

The proposed molecular neural recording framework is based on a biologically constrained,
event-driven encoding architecture that transforms neural activity into nucleic acid sequences
through a series of intermediate processes. Rather than directly capturing high-frequency
neuronal spikes, the system operates by integrating neural signals over time, discretizing them
into biologically detectable events, and encoding these events into molecular substrates for
subsequent reconstruction.

2. Methodology

2.1 Conceptual Framework

2.1.1 System Overview

The framework is organized into three functional layers: (i) signal detection, (ii) biochemical
buffering, and (iii) molecular encoding. These layers collectively enable the transformation of
fast, transient neural signals into stable, recordable molecular representations.

2.1.2 Signal Detection Layer

At the first stage, neuronal activity is detected through endogenous or engineered biosensors
responsive to electrical or biochemical changes associated with neural firing. Key signals
include intracellular calcium influx, membrane voltage fluctuations, and activity-dependent
signalling cascades. Calcium dynamics, in particular, provide a robust proxy for neuronal
activation due to their strong correlation with action potentials and their inherent temporal
integration properties.
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2.1.3 Biochemical Buffering Layer

A central challenge in molecular neural recording is the temporal mismatch between rapid
neural activity and comparatively slower molecular processes. To address this, the framework
incorporates a buffering layer that converts fast neural signals into temporally integrated
biochemical states. This buffering is achieved through mechanisms such as calcium-dependent
signalling pathways, protein phosphorylation states, and transient RNA expression dynamics.
These processes effectively function as short-term biological memory systems, accumulating
information about neural activity over timescales ranging from milliseconds to seconds. By
smoothing high-frequency fluctuations and retaining integrated signal information, the
buffering layer enables subsequent encoding processes to operate within biologically feasible
limits.

2.1.4 Event Discretization

Following buffering, the continuous biochemical signals are transformed into discrete
encoding events based on defined thresholds or state transitions. This step represents a critical
abstraction, wherein neural activity is represented not as continuous spike trains but as a
sequence of biologically meaningful events, such as activation thresholds, bursts, or sustained
activity states. This event-driven representation significantly reduces the temporal precision
requirements of the encoding system while preserving essential information about neural
dynamics.

2.1.5 Molecular Encoding Layer

In the final stage, discrete events are encoded into nucleic acid sequences through engineered
molecular mechanisms. Potential implementations include reverse transcription—based
systems, CRISPR-associated adaptation processes, or other programmable nucleic acid
synthesis pathways. These systems translate biochemical signals into sequence-level
modifications, such as nucleotide insertions, substitutions, or motif generation.The encoding
process is inherently stochastic, reflecting the probabilistic nature of molecular interactions.
However, by leveraging redundancy, parallel encoding mechanisms, and statistical inference
during decoding, reliable reconstruction of neural activity patterns can be achieved despite
noise and variability.

2.1.6 System Output and Data Representation

The output of the framework consists of DNA or RNA sequences that serve as durable records
of neural activity over time. Each sequence encodes information about the occurrence,
intensity, and temporal structure of neural events within individual neurons or defined neuronal
populations. Through high-throughput sequencing and computational analysis, these molecular
records can be decoded to reconstruct underlying neural dynamics.

2.1.7 Key Design Principles

The framework is guided by three core principles: (i) temporal integration of neural signals to
match biological processing rates, (ii) event-driven encoding to reduce data complexity and
improve scalability, and (iii) probabilistic representation with computational reconstruction to
accommodate biological noise. Together, these principles establish a biologically feasible
pathway for translating neural activity into molecular information.

This conceptual architecture provides a foundation for both computational validation and future

experimental implementation, enabling the systematic exploration of molecular neural
recording as a scalable alternative to conventional neural measurement technologies.
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2.2 Computational Pipeline & Validation of Framework

The molecular neural recording framework was implemented as a computational pipeline to
simulate the transformation of neural activity into molecular representations and subsequent
reconstruction. The pipeline consists of sequential stages that mirror the conceptual
architecture while enabling quantitative evaluation. Initially, neural activity was generated as
stochastic spike trains using a Poisson-based model with additional burst dynamics to reflect
biologically realistic firing patterns. The spike trains were then transformed into continuous
signals through an exponential buffering process, which models intracellular biochemical
integration and smooths high-frequency fluctuations. Following buffering, the continuous
signals were discretized into temporal bins and quantized into discrete levels, representing
event-based encoding of neural activity. This step reduces signal complexity while preserving
essential temporal patterns required for reconstruction.

The encoded signals were then subjected to stochastic perturbations to simulate molecular
variability, resulting in a probabilistic representation of neural activity. Decoding was
performed by constraining the encoded values within valid bounds, followed by reconstruction
of the signal through temporal expansion of discrete events. To improve signal stability and
reduce noise effects, a smoothing operation was applied to the reconstructed signal. Finally,
temporal alignment was performed to account for encoding delays and maximize similarity
between the original and reconstructed signals.

Stage Input Process Output
Neural Signal Time series Poisson spike generation | Spike train
Buffering Spike train Exponential integration | Continuous signal
Encoding Buffered signal | Binning + quantization | Discrete events
Molecular Mapping | Events Noise addition Encoded signal
Decoding Encoded signal | Clipping Quantized signal
Reconstruction Quantized signal | Expansion + smoothing | Reconstructed signal

Table 1. Overview of the molecular neural recording computational pipeline.

2.3 Mathematical Framework for Molecular Neural Recording

This study presents a mathematical framework for molecular neural recording, a paradigm in
which neuronal activity is encoded into nucleic acid sequences through biochemical processes.
Neural spike trains are first transformed into continuous intracellular signals via temporal
integration, followed by discretization into detectable molecular events. These events are then
probabilistically mapped into DNA or RNA sequences through stochastic biochemical
mechanisms. The proposed formulation captures the inherent noise, temporal filtering, and
probabilistic nature of biological systems, providing a unified representation that links neural
dynamics to sequence-based molecular records.

2.3.1 Neural Activity Representation

s(t) = \sum_{i=1}"{N} \delta(t - t_i)
where (t_i ) denotes the time of the (i*{th} ) spike and ( N ) is the total number of spikes. This
representation captures the high temporal resolution of neural firing but is not directly
compatible with molecular recording processes due to biological limitations.
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2.3.2 Biochemical Temporal Integration
To account for the temporal mismatch between neural activity and molecular encoding, the
spike train is transformed through a buffering process that integrates signals over time. This
is modeled as an exponential convolution:

B(t) = \int_{-\infty}{t} s(\tau) , e"{-(t - \tau)/\tau_b} , d\tau
Where:
where ( B(t) ) represents the buffered signal and ( \tau_b ) is the characteristic timescale of the
biochemical buffering process. This transformation converts discrete spike events into a
continuous signal reflecting accumulated neural activity.

2.3.3 Event Discretization
The buffered signal is subsequently converted into discrete encoding events based on
thresholding or state transitions:
E k=
\begin{cases}
1, & \text{if } B(t_k) > \theta \
0, & \text{otherwise}
\end{cases}
Where ('\theta ) is a predefined threshold and (t_k ) denotes discrete observation points. This
step reduces the complexity of the signal and enables biologically feasible encoding.

2.3.4 Stochastic Molecular Encoding
The conversion of discrete events into nucleic acid sequences is inherently probabilistic. We
model the encoding process as a stochastic mapping between events and nucleotide
incorporation:
P(n_k \mid E_k) = f(E_k; \lambda, \eta)

Where (n_k) represents a molecular encoding event, (\lambda ) is the effective encoding rate,
and (\eta ) captures stochastic noise arising from biochemical variability.
For simplicity, the cumulative encoding output can be approximated as:

L =\sum_{k=1}"{T} \alpha E_k + \epsilon
Where ( L ) denotes the effective sequence length or encoding magnitude, ( \alpha ) is an
encoding efficiency parameter, and ( \epsilon ) represents noise.

2.3.5 Sequence Representation
The resulting molecular record is represented as a nucleotide sequence:

S=(b_1,b 2, .. b L)quadb_i\in{A, T, G, C}
This sequence encodes information about neural activity through structural properties such as
length, motif patterns, and base composition

2.3.6 Decoding Model (Bayesian Framework)
Reconstruction of neural activity from molecular sequences is formulated as an inverse
problem. Using a probabilistic framework, we estimate the likelihood of underlying neural
events given the observed sequence:

P(E \mid S) = \frac{P(S \mid E) , P(E)H{P(S)}
Where ( P(S \mid E) ) is the encoding model and ( P(E) ) represents prior knowledge of
neural activity statistics. The reconstructed signal ( \hat{s}(t) ) is obtained through
expectation over the posterior distribution.
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2.3.7 Information-Theoretic Formulation
From an information-theoretic standpoint, molecular encoding constitutes a lossy compression
of neural activity. The entropy of the encoded sequence is lower than that of the original spike
train, reflecting a trade-off between fidelity and biological feasibility. Nevertheless, essential
features of neural dynamics can be preserved and reconstructed through appropriate decoding
strategies.
For a population of ( M ) neurons, the encoding process is applied independently or in parallel
allowing reconstruction of population-level activity patterns and network dynamics.
2.3.8 Multi-Neuron Model

S_j\sim f(s_j(t)), \quad j = 1,2,....M
This mathematical framework describes molecular neural recording as a stochastic, event-driven
encoding system in which neural signals are temporally integrated, discretized, and
probabilistically mapped onto nucleic acid sequences. Despite inherent noise and temporal
constraints, the model supports the reliable reconstruction of neural activity patterns through
statistical inference, providing a quantitative foundation for the proposed recording paradigm.

2.4 Simulation Parameters and Implementation

The simulation framework was implemented using Python with numerical and visualization
libraries for stochastic modelling and signal processing. Neural activity was simulated over a
fixed duration with a defined temporal resolution, and all parameters were selected to ensure
reproducibility and biological plausibility. Key parameters governing the simulation include
the time step (At), total simulation duration (T), neural firing rate (1), buffering time constant
(1), temporal bin size (AT), number of encoding levels (L), noise variance (6?), smoothing
coefficient (a), and alignment range (3). These parameters collectively determine the behavior
of the encoding and reconstruction processes. The temporal resolution was chosen to capture
neural dynamics at a fine scale, while the bin size and encoding levels were selected to balance
compression and reconstruction fidelity. Noise was introduced to model stochastic variability
inherent in molecular processes, and smoothing was applied to approximate biologically
realistic signal integration. All simulations were conducted under controlled conditions using
fixed parameter values to ensure consistency across experiments. The parameter values used
in this study are summarized in Table 2, enabling reproducibility of the proposed framework.

Parameter Symbol | Value Description
Time step At 0.01 | Temporal resolution of simulation
Total duration T 10s | Length of simulated neural activity
Firing rate A 6 Hz | Average spike rate
Buffer time constant | t 0.2 Controls temporal integration
Bin size AT 20 Number of samples per bin
Encoding levels L 3 Number of quantization levels
Noise variance 02 0.3 Variance of encoding noise
Smoothing factor o 0.35 | Controls reconstruction smoothing
Alignment shift range | & 0-5 Temporal alignment window

Table 2. Simulation parameters used in the computational model.
2.5 Evaluation Metrics
The performance of the molecular neural recording framework was evaluated by comparing
the reconstructed signal with the original buffered signal using quantitative metrics.
Correlation analysis was used to measure the similarity between the temporal patterns of the
original and reconstructed signals. This metric captures the extent to which the overall
structure of neural activity is preserved after encoding and decoding. Mean squared error
(MSE) was used to quantify the average difference between corresponding values of the
original and reconstructed signals. To ensure comparability, both signals were normalized
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prior to evaluation, resulting in a normalized MSE that reflects reconstruction accuracy
independent of scale. Together, these metrics provide complementary measures of
reconstruction performance, capturing both structural similarity and numerical accuracy. The
combination of correlation and MSE enables a comprehensive assessment of the trade-offs
between encoding compression, noise, and reconstruction fidelity.

3. Results

To evaluate the proposed molecular neural recording framework, a computational simulation
pipeline was implemented to model the transformation of neural activity into molecular
representations and subsequent reconstruction. Neural spike trains with stochastic and burst-
like dynamics were generated and processed through temporal buffering, event-based
encoding, and probabilistic reconstruction.

Simulated Neural Spike Train
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o
[=1]
1

Spike Activity
[=]
S

o
;%)
L

0.0 A

0 2I 4 6 8 10
Time
Figure.l Simulated neural spike train exhibiting stochastic firing and burst-like activity
patterns. Neural activity was generated using a Poisson-based model with variable firing rates
to mimic biologically realistic neuronal dynamics. The spike train serves as the input signal for
the molecular neural recording pipeline.

Buffered Neural Signal (Temporal Integration)

12 4

10 A

Signal Intensity
[=2]
1

Time

Figure.2 Buffered neural signal representing temporally integrated neural activity.
The spike train is transformed using an exponential temporal integration model, simulating
intracellular biochemical buffering. This process converts discrete spike events into a
continuous signal compatible with molecular encoding.
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The simulated neural activity exhibited realistic temporal variability, including sparse firing
and burst events, providing a suitable input for evaluating the encoding framework. Following
signal generation, temporal buffering was applied to integrate high-frequency spike activity
into a continuous representation. The buffered signal demonstrates smooth temporal dynamics,
reflecting the accumulation of neural activity over time and enabling compatibility with slower
molecular processes. The buffered signal was then discretized into event-based representations
through temporal binning and quantization.
Event-Based Encoding of Neural Activity

3.0

2.5

2.0

Event Level

1.5

1.0 4

0 2 4 6 8 10
Time

Figure.3Event-based encoding of neural activity through discretization and quantization.
The buffered signal is partitioned into temporal bins and converted into discrete levels based
on predefined thresholds, reducing signal complexity while preserving key temporal patterns.
This step reduced signal complexity while preserving essential activity patterns, enabling
scalable encoding. Reconstruction of the signal from encoded representations demonstrated a
moderate degree of agreement with the original buffered signal.

Comparison of Original and Reconstructed Neural Signals
1.0 1 —— oOriginal Signal
/‘ Reconstructed Signal
0.6 J ]
0.4 - f
0.2 1 /\N\N\j N \\4‘ V\f\
0

Normalized Signal

0.0

T T T T
200 400 600 800 1000
Time

Figure.4 Comparison between original buffered signal and reconstructed signal.
The reconstructed signal captures the major temporal patterns of neural activity, including
bursts and transitions, while smoothing high-frequency fluctuations. This figure demonstrates
the overall effectiveness of the encoding—decoding pipeline.

Quantitative evaluation yielded a correlation coefficient of approximately 0.584, indicating that
the overall temporal structure of neural activity was preserved. The normalized mean squared
error (MSE) was approximately 0.045, reflecting relatively low reconstruction error after
normalization. Additional analyses revealed that reconstruction fidelity depends on system
parameters such as noise level and temporal bin size.
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Effect of Temporal Compression on Error Effect of Noise on Recanstruction Accuracy
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Figure. 5A Effect of temporal compression (bin size) on reconstruction error.
Normalized mean squared error (MSE) is plotted as a function of bin size. Increasing bin size
improves compression but may reduce temporal resolution, illustrating the trade-off between
efficiency and accuracy.

Figure.5B Effect of noise on reconstruction accuracy.
Correlation between the original and reconstructed signals is shown as a function of noise level.
Higher noise levels reduce reconstruction fidelity, reflecting the impact of stochastic variability
in molecular encoding.

Data Compression through Encoding Distribution of Signal Values
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Figure.7 Data  compression achieved through  event-based encoding.
Comparison between the original signal length and encoded representation demonstrates
significant reduction in data size, highlighting the efficiency of the encoding strategy.
Figure.8  Distribution of original and  reconstructed signal  values.
Histogram comparison illustrates differences in value distribution between original and
reconstructed signals, indicating smoothing effects and loss of high-frequency variability
during encoding.

These results highlight the trade-off between compression, noise, and reconstruction accuracy,
supporting the feasibility of event-driven molecular encoding under biologically realistic
constraints.
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Metric Value Interpretation
Correlation 0.584 Moderate preservation of temporal patterns
Normalized MSE 0.045 Low reconstruction error
Reconstruction Fidelity | Moderate | Captures major neural dynamics
Noise Robustness High Stable under stochastic encoding

Table 3. Performance evaluation metrics for signal reconstruction.

4. Discussion

This study presents a conceptual and computational framework for molecular neural recording,
demonstrating that neural activity can be encoded into molecular-like representations and
reconstructed with meaningful fidelity. The results indicate that temporally integrated neural
signals can be recovered with moderate accuracy (correlation =~ 0.584), even in the presence of
stochastic encoding and compression. A key insight from this work is that precise spike-level
reconstruction is not necessary for capturing meaningful neural dynamics. Instead, the
proposed framework emphasizes the preservation of temporally integrated patterns, such as
activity bursts and state transitions. This aligns with biological constraints, where molecular
systems are unlikely to encode high-frequency neural events with exact precision.

The temporal buffering mechanism plays a critical role in bridging the gap between fast neural
activity and slower molecular processes. By integrating signals over time, the system reduces
high-frequency variability and enables stable encoding. However, this also introduces a loss of
fine temporal detail, reflecting an inherent trade-off between resolution and biological
feasibility. The observed reconstruction accuracy reflects a balance between compression and
noise. While lower noise levels and finer temporal resolution improve reconstruction fidelity,
they may not be biologically realistic. Conversely, increased noise and coarser binning reduce
accuracy but enhance scalability and feasibility. This trade-off is fundamental to the design of
molecular recording systems and is clearly demonstrated in the simulation results.

Compared to conventional neural recording techniques, the proposed approach offers a
fundamentally different paradigm. Rather than relying on continuous measurement, molecular
neural recording enables long-term storage of neural activity within biological substrates. This
approach has the potential to complement existing technologies by providing scalable, high-
density recording capabilities. However, several limitations should be acknowledged. The
current study is based on computational simulations and simplified models of neural and
molecular processes. Real biological systems may exhibit additional complexities, including
nonlinear dynamics, heterogeneous noise sources, and biochemical constraints. Furthermore,
the decoding process assumes access to the full encoded sequence, which may be challenging
in practical implementations. Future work should focus on extending this framework toward
experimental validation, incorporating more realistic biological models, and exploring
advanced decoding strategies using machine learning techniques. Additionally, integrating
information-theoretic analysis could provide deeper insights into the limits of molecular
encoding capacity.

Overall, this study establishes molecular neural recording as a promising direction for next-
generation neurotechnology, offering a scalable and biologically grounded approach to
capturing neural activity.

Method Temporal Spatial | Invasiveness | Scalability
Resolution Scale
Electrophysiology High Low High Limited
Calcium Imaging Medium Medium Moderate Moderate
fMRI Low High Low High
Molecular Neural Recording | Moderate Very High | Low Very High
(Proposed)
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Table 4. Comparison of molecular neural recording with conventional techniques.

Factor Increase Effect Decrease Effect
Noise (6?) Reduces accuracy Improves reconstruction
Bin size (AT) Increases compression, reduces Improves temporal resolution
detail
Smoothing (o) Reduces noise, may over-smooth Preserves details, increases
noise
Encoding levels Improves resolution Reduces complexity
(L)

Table 5. Trade-offs between model parameters and reconstruction performance.

5. Limitations

Lack of Experimental Validation

The proposed framework is evaluated entirely through computational simulations and does not
include experimental or in vivo validation. While the model demonstrates feasibility under
controlled conditions, real biological systems may exhibit additional complexities that are not
captured in the current implementation.

Simplified Biological Modelling

The framework employs simplified representations of neural activity and molecular processes,
including idealized buffering dynamics and stochastic encoding. Actual biochemical pathways,
such as transcriptional regulation, enzymatic kinetics, and intracellular signalling, may
introduce nonlinear behaviours and constraints not accounted for in the model.

Assumption of Complete Data Retrieval

The decoding process assumes full access to the encoded molecular sequences without
degradation or loss. In practical scenarios, molecular data retrieval through sequencing may be
incomplete or noisy, potentially affecting reconstruction accuracy.

Limited Temporal Resolution

Although temporal buffering enables compatibility with molecular processes, it inherently
reduces the ability to capture precise spike timing. As a result, the framework is more suitable
for representing aggregated neural activity rather than high-frequency spike-level dynamics.
Scalability and Data Complexity Constraints

While molecular encoding offers potential for large-scale recording, the framework does not
explicitly address constraints related to biological storage capacity, sequencing throughput, or
data management. Scaling the system to whole-brain recording may introduce significant
computational and experimental challenges.

6. Conclusion

In this study, we proposed a conceptual and computational framework for molecular neural
recording, demonstrating the feasibility of encoding neural activity into molecular
representations and reconstructing it under biologically realistic constraints. By integrating
temporal buffering, event-driven encoding, and probabilistic reconstruction, the framework
addresses key challenges related to temporal mismatch, noise, and data scalability. The results
show that essential neural activity patterns can be preserved with moderate fidelity (correlation
~ 0.584; normalized MSE = 0.045), supporting the viability of molecular encoding as an
alternative recording paradigm. Importantly, the framework highlights the trade-off between
reconstruction accuracy and biological feasibility, emphasizing that meaningful neural
dynamics can be captured without requiring precise spike-level resolution.

This work provides a foundational step toward the development of molecular neural recording
systems and opens new avenues for integrating synthetic biology with neuroinformatics. Future
advancements in molecular engineering and computational decoding may enable scalable,
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long-term recording of brain activity, with applications in neuroscience research, disease
modelling, and neurotechnology.
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