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ABSTRACT

Advancements in neural recording technologies have led to an explosion in the
scale and complexity of neuroscientific datasets, demanding analytical frameworks that
are not only computationally powerful, but also interpretable and accessible. This
dissertation introduces a cohesive suite of computational methodologies, validations, and
tools to address these demands, focusing on the application of both unsupervised and
supervised machine learning techniques to extract meaningful neural dynamics and
predict emergent network behavior, or clinically significant events, from a high volume
of recordings.

We first focus on the application and validation of dimensionality reduction (DR),
rigorously evaluating Nonnegative Matrix Factorization (NMF) for analyzing state-
dependent neuronal network dynamics in calcium imaging data. We demonstrate its
superiority over commonly used DR methods, specifically PCA, ICA, and UMAP, in
recovering biologically plausible, interpretable subnetwork activity.

Building on this validation, we present CaNetiCs, an open-source software

toolbox that integrates standardized implementations of NMF and complementary DR
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methods, alongside modules for geometric low-dimensional space modeling, and
synthetic neuronal simulations. We apply this framework to datasets from C. elegans and
murine recordings under graded anesthesia, recapitulating known physiological trends
while uncovering novel insights into neural population dynamics and state transitions.

Finally, we extend this analytical ideology to the supervised learning domain by
introducing a data augmentation strategy for enhancing epileptic spike ripple detection in
human electrophysiological recordings. Employing LSTM-based neural networks, we
show that training on a combination of empirically grounded synthetic and in vivo data
improves classifier performance, offering a scalable solution to training-data scarcity in
clinical neurodiagnostics.

Together, these contributions provide accessible, interpretable, and rigorously
validated frameworks for dimensionality reduction and machine learning in neuroscience,
advancing both understanding and translational utility in the analysis of complex neural
systems. By integrating biologically grounded decomposition methods, open-source
analytical software, and data-driven neural network architectures, this work bridges
methodological innovation with practical implementation. The tools and techniques
developed herein not only facilitate the discovery of latent structure in large-scale
neuronal recordings but also enable the automated identification of clinically relevant
biomarkers. In doing so, this dissertation empowers researchers to more effectively
characterize dynamic brain activity across species, brain states, and experimental
paradigms, adding to a computational foundation for reproducible, scalable, and

hypothesis-driven neuroscience.
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CHAPTER ONE: Introduction
Introduction

Recent advancements in neuronal recording technologies have led to an unprecedented
expansion in both the quantity and complexity of neuroscientific data'. Previously
developed, and continuously improving, methods such as calcium imaging,
electrophysiological arrays, multi-photon microscopy, electroencephalography (EEG),
and functional magnetic-resonance imaging (fMRI) now enable researchers to
simultaneously capture neural activity across scales ranging from single cells to large-
scale brain networks, with spatial resolutions varying from cellular precision to whole-
brain coverage, and temporal resolutions extending from milliseconds to extended
experimental observational periods®. These diverse methodologies have fundamentally
transformed neuroscientific research, facilitating more detailed investigations into brain
dynamics previously unattainable.
Among these methodologies, calcium imaging has emerged as particularly influential in
cellular-level neuroscience®. Utilizing genetically encoded calcium indicators (GECISs),
such as the GCaMP family, calcium imaging links neuronal activity to fluorescent signals
measurable via optical microscopy*>, allowing for detailed observation of neuronal
populations in single brain regions®. Similarly, multi-electrode electrophysiological
arrays have enabled precise measurement of neuronal firing patterns, supporting high-
resolution analysis of neuronal activity’. EEG, on the other hand, offers non-invasive,
whole-brain measurement of neural oscillations and biomarkers, providing critical

insights into cognitive and pathological brain states over extended periods and across



diverse clinical populations®.

In addition to the increase in neuronal and temporal data points, contemporary
neuroscientific research frequently integrates multiple experimental contexts into single
studies, further compounding dataset complexity. Researchers routinely explore neural

responses across varied conditions including behavioral states’, sensory stimulations'®!!,

pharmacological interventions'?, genetic manipulations'®, and clinical diagnoses'*!>.
Each experimental condition can significantly alter activity patterns, exponentially
increasing dataset dimensionality and complexity.

Moreover, the scope of brain regions investigated has vastly broadened. Initially confined
to a few accessible areas, current research can span intricate structures, distributed
networks, and multiple interconnected brain regions, simultaneously. Technologies such
as multi-photon microscopy allow visualization of previously inaccessible deep
structures, including hippocampal layers, basal ganglia nuclei, and midbrain circuits!'®.
Concurrently, EEG methodologies capture synchronized activity patterns across
extensive cortical areas!’. This broad anatomical coverage substantially increases dataset
dimensionality, requiring advanced analytical tools capable of dissecting both localized
neuronal dynamics and large-scale network interactions.

Sample sizes within neuroscience studies have likewise increased dramatically, driven by
the need for greater statistical robustness and generalizability. Earlier studies often
involved limited subjects, whereas contemporary research typically includes larger

cohorts spanning multiple experimental groups, genetic backgrounds, or developmental

stages. This escalation in sample sizes not only linearly increases data volume but also



introduces substantial inter-subject variability, necessitating sophisticated analytical
methods capable of identifying robust and biologically meaningful neuronal patterns
across individuals and conditions.

Together, these technological and methodological advancements contribute to an
exponential growth in neuroscience datasets'. Each additional layer of complexity,
whether derived from expanded experimental conditions, broader anatomical coverage,
or larger subject pools, amplifies the analytical challenges confronting neuroscientists
today. Traditional analytical approaches, such as basic statistical summaries or simple
averaging techniques, are inadequate for extracting meaningful insights from these
extensive, multi-dimensional datasets'®. Consequently, there is a critical demand for
advanced computational frameworks that systematically reduce dimensionality, identify
meaningful neuronal patters of activity, and elucidate the dynamics underlying activity

across diverse experimental contexts.

Challenges with Traditional Analytical Approaches
Traditional analytical methodologies, characterized primarily by descriptive statistical
techniques (mean, median, variance calculations, and spike averaging), face inherent
limitations in scaling effectively to handle increasing variant information conferred by
expansive neuroscience datasets. Although computationally straightforward, these
methods generally aggregate across neurons, time points, or both, obscuring essential
fine-scale temporal dynamics and nuanced interactions among neuronal populations. For

example, averaging neuronal responses over trials or cell populations inherently discards



crucial variance information essential for interpreting dynamic interactions within
network activity!?. These approaches typically simplify complex datasets into singular or
aggregate metrics, which significantly reduces the potential insights gained from high-
dimensional data. Consequently, traditional analytical strategies struggle to identify
subtle yet critical biological phenomena, such as transient neuronal synchronization
events, oscillatory dynamics, or state-dependent modulation of neural circuits. Moreover,
they lack the flexibility to adapt to diverse experimental designs and large-scale multi-
condition datasets, often resulting in overly generalized conclusions or overlooked

biological nuances'’.

Machine Learning in Neuroscience
The integration of advanced machine learning (ML) methodologies has fundamentally
transformed neuroscience research, profoundly enhancing our capacity to analyze,
interpret, and predict intricate neuronal phenomena from large-scale datasets. ML
encompasses a wide array of computational frameworks, including deep neural networks,
convolutional neural networks (CNNs), recurrent neural networks (RNNs), and more
classical supervised and unsupervised learning algorithms?’, each suited to specific
analytical tasks within neuroscience. Deep learning methods, such as CNNs, have proven
exceptionally adept at identifying complex spatial features in imaging data, providing
nuanced classifications of pathological states based solely on imaging signatures?®'.
Similarly, RNNS, particularly Long Short-Term Memory (LSTM) models??, have been

effectively utilized for time-series data analysis?***, demonstrating superior performance



in detecting subtle and transient neuronal events such as spike ripples?>-°

in epilepsy
directly from raw electrophysiological signals.

The predictive capabilities inherent in these advanced ML frameworks allow researchers
to systematically uncover latent network dynamics, anticipate neuronal activity under
varying experimental conditions, and facilitate real-time decision-making in experimental
and clinical neuroscientific settings. Additionally, ML techniques enable the extraction of
previously hidden neuronal features, elucidating underlying biological processes that
traditional analytical methods often overlook. These methodologies leverage
computational power and sophisticated algorithmic structures, thereby significantly
advancing neuroscientific research beyond the limitations of conventional analytical
paradigms.

Amidst the proliferation of large-scale, high-dimensional neuronal datasets,
dimensionality reduction (DR) methods have emerged as indispensable analytical tools,
offering essential strategies for systematically extracting meaningful, interpretable, low-
dimensional representations'®!%27-30 These methods significantly mitigate the challenges
posed by extensive neuronal datasets by simplifying the complexity of recorded data into
components that retain maximal variance, thus preserving crucial biological signals while
discarding extraneous noise>!.

Principal Component Analysis (PCA)*2, Independent Component Analysis (ICA)*,
Uniform Manifold Approximation and Projection (UMAP)*?, and notably Nonnegative
Matrix Factorization (NMF)* represent some of the most prominently employed DR

techniques in neuroscience research'®. Each approach offers distinct advantages derived



from their inherent mathematical constraints and operational characteristics. PCA
identifies orthogonal directions in high-dimensional data that maximize variance, thereby
simplifying complex datasets into uncorrelated components. Despite PCA’s wide
adoption and computational efficiency, the interpretability of its components can be
challenging due to potential negative loadings®?, which do not align with inherently
positive neuronal signals. ICA seeks statistically independent components™,
advantageous for disentangling mixed signals within neuronal populations. This
technique excels in scenarios where neuronal sources are assumed independent but often
yields components that may include biologically ambiguous negative values,
complicating interpretability. UMAP, a more recent nonlinear manifold learning
technique, effectively captures both global and local data structures, providing rich
visualizations that reveal underlying neuronal state transitions®*. However, its reliance on
nonlinear embeddings often complicates quantitative biological interpretations, forgoing
linear combinations in lieu of a more sophisticated lower-dimensional nonlinear
embedding'®.

Among these methodologies, Nonnegative Matrix Factorization (NMF) stands out due to
its inherent mathematical constraints, which mandate nonnegative decompositions,
aligning with the intrinsically positive nature of neuronal calcium fluorescence*®, as
opposed to the negativity inherent to neural voltage signals. The "parts-based"
representation characteristic of NMF>7 facilitates direct biological interpretation by
decomposing data into additive, biologically plausible neuronal assemblies or

subnetworks. Unlike PCA or ICA, which utilize orthogonality or statistical independence



constraints, NMF explicitly models neuronal activity as positive combinations of latent
neuronal assemblies, enhancing the biological interpretability and practical applicability
of derived components.

Specifically, NMF preserves biological realism through strictly nonnegative component
weights, preventing biologically implausible negative neuronal contributions. This
enhances interpretability by presenting additive combinations of neuronal sub-networks,
providing straightforward mappings to possible biological mechanisms'®. Moreover,
NMF robustly models latent neuronal dynamics across varying experimental conditions,
maintaining high explanatory power and interpretability across diverse neuronal datasets.
Recent studies have demonstrated the superior performance of NMF in capturing
essential organizational structures in simulated and empirical neuronal networks'®2%3%,
accurately reconstructing known network architectures and dynamics with high fidelity.
Such methodological rigor and robustness reinforce the potential of NMF as a pivotal
analytical tool for addressing the intricate challenges inherent in contemporary
neuroscience research.

We provide a detailed review of state of the art analyses, for the respective recording
modality, at the outset of each chapter, using it as a foundation upon which to build our

subsequent analyses. Each use case is contextualized within existing methodologies to

highlight both advancements and limitations addressed in this work.



Technical Barriers and the Need for Standardization in Neuroscientific Analysis
Despite their significant analytical power, sophisticated techniques such as DR and ML
methods face substantial technical and practical barriers that may hinder their widespread
adoption within the neuroscience community>®. These methods frequently involve
complex computational and statistical challenges, necessitating extensive specialized
knowledge and technical expertise that may not be readily accessible to many
experimental neuroscientists.

Additional significant challenges include ensuring reproducibility, achieving
standardization of analytical pipelines, and maintaining computational efficiency.
Variability in analytical pipelines, inconsistent methodologies, and differences in
software implementations often lead to limited generalizability and considerable
difficulties in comparing results across studies, hampering the accumulation of
knowledge and consensus within the field*’.

To effectively address these barriers, there is an urgent need for the development of
accessible, reproducible, and standardized computational frameworks. Existing analytical
toolkits commonly lack comprehensive integration, modularity, or user-friendly
implementations, limiting their practical utility. Consequently, creating standardized and
intuitive analytical toolboxes is essential to democratizing advanced computational
methodologies. Such frameworks would significantly lower entry barriers, thereby
facilitating widespread adoption and enabling researchers from diverse computational

backgrounds to leverage sophisticated analytical methods effectively in their research.



Motivation, Objectives, Outline, and Implications of This Thesis
The overarching motivation driving this dissertation stems from a critical gap observed in
contemporary neuroscience research: the discrepancy between the theoretical capabilities
of advanced computational methodologies and their practical implementation and
usability within the broader neuroscience community. Despite significant advancements
in computational neuroscience, many powerful analytical techniques, particularly
dimensionality reduction (DR) methods such as Nonnegative Matrix Factorization
(NMF), Principal Component Analysis (PCA), Independent Component Analysis (ICA),
and Uniform Manifold Approximation and Projection (UMAP), remain underutilized due
to substantial barriers in technical complexity, limited validation regarding applicability,
and limited availability of user-friendly analytical platforms. The core of this thesis
specifically addresses these barriers by introducing and rigorously validating these
methods as tools for analyzing neuronal datasets, and building them into accessible,
modular, and comprehensive open-source software toolbox named Calcium Network
dynamiCs (CaNetiCs).
CaNetiCs is carefully engineered to bridge the practical divide, facilitating a widespread
implementation of sophisticated analytical methodologies within diverse neuroscientific
research contexts. At its core, CaNetiCs emphasizes dimensionality reduction techniques,
prominently featuring NMF due to its superior biological interpretability for calcium
imaging, nonnegativity constraints, and ability to produce meaningful neuronal
subnetwork decompositions!®*3*36_ Complementing NMF, the toolbox integrates PCA,

ICA, and UMAP, providing a robust suite of analytical options suitable for varied
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research questions and data characteristics. Furthermore, CaNetiCs includes dedicated
modules for geometric state-space analyses and neuronal network simulation, enabling
researchers to not only analyze empirical data but also systematically benchmark and
validate computational methods through controlled simulations. This integrated approach
substantially enhances methodological rigor, interpretability, and replicability within
neuroscience research.

A central objective of this thesis is not merely methodological advancement but also the
empowerment of hypothesis-driven neuroscience. While many computational tools offer
exploratory capabilities, CaNetiCs also supports systematic, hypothesis-oriented
experimental designs. By allowing neuroscientists to test hypotheses concerning state-
dependent neuronal, the toolbox significantly enriches neuroscientific inquiry. For
example, researchers investigating neuronal synchronization during experimental
modulation under unique contexts can utilize CaNetiCs to precisely dissect relevant
neuronal subnetworks and identify differential changes. This systematic integration of
computational rigor with experimental hypothesis testing amplifies the depth, precision,
and interpretability of neuroscientific findings, thereby advancing the broader
understanding of brain dynamics.

The dissertation is structured to build upon the foundational computational framework
articulated here. Chapter Two assesses the efficacy of NMF in capturing neuronal
network dynamics, explicitly comparing its performance with alternative DR techniques
(PCA, ICA, UMAP) using both simulated datasets and empirical calcium imaging data.

Detailed analyses establish the superior interpretability and robustness of NMF,
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highlighting its strengths in identifying biologically relevant neuronal subnetworks and
reconstructing known neuronal dynamics with exceptional fidelity.

Chapter Three elaborates on the conceptualization, technical development, and extensive
validation of the CaNetiCs toolbox. Through application to diverse experimental datasets,
including whole-ganglion imaging in C. elegans and two-photon imaging of murine
somatosensory cortex across anesthetic states, the toolbox demonstrates remarkable
versatility, accuracy, and ease of use. This comprehensive validation underscores the
generalizability of CaNetiCs across distinct experimental paradigms, species, and
neuroscientific questions, reinforcing its potential as a standardized analytical platform.
Chapter Four details an orthogonal computational analytical capability by presenting
innovative data augmentation techniques aimed at enhancing the detection of subtle
neuronal events using machine learning approaches, specifically Long Short-Term
Memory (LSTM) neural networks. Employing sophisticated synthetic data generation
techniques informed by empirical distributions and expert-driven parameter selections,
this chapter significantly advances event detection accuracy and reliability in
neuroscientific datasets characterized by limited or sparse ground truth data.
Collectively, the methodologies and tools developed throughout this dissertation embody
a substantial advancement in computational neuroscience. By systematically addressing
critical technical barriers, promoting standardization, and enhancing interpretability, we
aim to significantly democratize sophisticated analytical methods. This democratization
not only facilitates deeper exploration and understanding of complex neuronal dynamics

but also fosters interdisciplinary collaboration, thereby driving innovative neuroscientific
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discoveries. Ultimately, this thesis contributes foundational computational infrastructure
and methodological rigor to empower the neuroscience community, enhancing collective
capacity to elucidate neuronal function, dysfunction, and plasticity across a multitude of

experimental conditions and biological scales.
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CHAPTER TWO: Nonnegative Matrix Factorization for Analyzing State
Dependent Neuronal Network Dynamics in Calcium Recordings
Adapted from Carbonero D, Noueihed J, Kramer MA, White JA. Nonnegative Matrix
Factorization for Analyzing State Dependent Neuronal Network Dynamics in Calcium

Recordings. Scientific Reports (2024); 14(1), 27899. https.//doi.org/10.1038/s41598-024-

78448-6
Minor changes in Figures 5 and 6 for clarity
Abstract

Calcium imaging allows recording from hundreds of neurons in vivo with the
ability to resolve single cell activity. Evaluating and analyzing neuronal responses, while
also considering all dimensions of the data set to make specific conclusions, is extremely
difficult. Often, descriptive statistics are used to analyze these forms of data. These
analyses, however, remove variance by averaging the responses of single neurons across
recording sessions, or across combinations of neurons, to create single quantitative
metrics, losing the temporal dynamics of neuronal activity, and their responses relative to
each other. Dimensionally Reduction (DR) methods serve as a good foundation for these
analyses because they reduce the dimensions of the data into components, while still
maintaining the variance. Nonnegative Matrix Factorization (NMF) is an especially
promising DR analysis method for analyzing activity recorded in calcium imaging
because of its mathematical constraints, which include positivity and linearity. We adapt
NMF for our analyses and compare its performance to alternative dimensionality

reduction methods on both artificial and in vivo data. We find that NMF is well-suited for
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analyzing calcium imaging recordings, accurately capturing the underlying dynamics of
the data, and outperforming alternative methods in common use.
Introduction

Recent advances in neural recording methods have made it possible to collect
large, complex data sets that can be used to study context-dependent neural dynamics in
great detail '*°, For example, calcium imaging allows simultaneous recording from
hundreds of neurons in a single brain region in vivo, while maintaining single-cell
resolution >®164142 Other tools allow cell “tagging” based on factors, including activity
during a specified time window and molecular genotype **#°. The resultant data set
consists of several hundred time series thousands of points long, multiplicatively
increasing per experimental condition added, in addition to any tagging data. The process
of characterizing such single-cells responses, relating them to those of other cells across
time, and accounting for the tagging information, all while considering changes in animal
behavior, is a difficult but essential task.
Basic descriptive statistics (mean, median, variance) are a common approach to analyze
large neural datasets. However, these approaches are limited because they average over
the temporal dynamics of neuronal activity and can obscure interactions among neurons
at fine time scales *'**7. Dimensionality reduction (DR) is a more sophisticated approach
that can help to reveal low-dimensional dynamics by transforming high-dimensional data
into interpretable, low-dimensional components 2°. Compressing the data in this way can
preserve temporal patterns and correlations and focus subsequent analysis on the

dynamical patterns of interest.
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DR approaches have many applications in the analysis of neural data, including analysis

31,48,49

of electrophysiological recordings , automation of trace extraction of neuronal

activity in fluorescent recordings 640057

, and as a pre-processing step to more complex
behavioral decoding *%. To analyze network dynamics in calcium recordings, nonlinear
DR methods have emerged to map dynamics to low dimensional manifolds 2*>-°!. While
excellent for very low dimensional visualization ®*%, the dynamics are difficult to
interpret beyond the manifold being modeled, with manifolds being difficult to interpret
beyond three dimensions. Further, dynamical nonlinear methods have been applied to
recover neural trajectories as a function of latent variables®®. Linear DR methods have

29,30,36,65

likewise been employed to either statically cluster cells , or to abstractly analyze

activity in low-dimensional subspaces %,

While each methods have their own strengths as a function of different low dimensional
representations, we aim to decompose our data into a lower dimensional series of
neuronal sub-networks and their activities, to detect how neurons form flexible,
correlated cell assemblies under different experimental contexts. We argue more
generalized linear DR methods will provide a more interpretable representation of the
data, at the cost of a few more dimensions than nonlinear methods, dynamical or non-
dynamical, as a function of having fewer tunable parameters and simpler mathematical
decompositions. We further argue Nonnegative Matrix Factorization (NMF) is an
especially promising linear decomposition method for analysis of activity recorded in

calcium imaging in this context. NMF operates under the constraint that every element in

the data, and the decomposition, be nonnegative **, as is naturally true for neuronal
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calcium traces *°. Further, the positivity constraint, coupled with the linearity of the
reduced dimensions, ensures that each of the dimensions sum to form a low dimensional
representation of the data, simplifying the interpretation of the data®’. In neuroscience,
specifically in the context of calcium imaging, NMF has emerged as the state of the art
method to estimate single neuron activity from fluorescent recordings 023465770,
demonstrating efficacy signal de-mixing and functional imaging activity extraction™.
However for analyzing the dynamics of recorded neurons, it has been applied sparingly,
either for quantifying single cell pairwise relationships ’! or statically clustering cells
under a series of strict assumptions 2. Here, we develop an application of NMF to
analyze holistic network activity (Fig. 1), comparing it to the most widely employed
methods that provide a similar decomposition, capturing how precise sub-networks of
neuronal dynamics evolve in different experimental contexts. To assess performance of
the NMF approach, we generate artificial calcium imaging data from simulated ground-
truth networks and assess how well our approach captures the underlying network
structures responsible for the emergent dynamics of the network. We then apply the same
NMF framework to characterize the dynamics of a representative in vivo calcium imaging
data set. We conclude that, compared to alternative methods, NMF best captures the

ground truth networks that underlie the observed calcium dynamics and provides a useful

low-dimensional description of complex physiological data.
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Figure 1. Representative Model Pipeline. a) Recording Field of View (FOV) with Regions of Interest
(ROIs). b) Extracted fluorescent activity traces from ROIs. ¢) Same recording FOV shown in a) with ROIs
colored according to largest component contribution. d) Decomposed activities of the components shown in
¢). e) Sample truncated heatmap showing neuronal contribution or weight for each component

Results
We test NMF against three existing DR approaches in common use: UMAP,
PCA, and ICA. We do so using two different simulated neuronal network architectures to
assess the relative performance of each DR approach, when the network structure is
known. We first build a simple network with five groups of independent neurons, each
with 20 neurons, in which the neurons in each independent node are perfectly connected

(Fig. 2). In this architecture, a spike in one neuron in a node will drive all other neurons
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in that node to spike. We use such an architecture to test if, and how well, models can

identify the five nodes given traces of simulated activity.

a)

Fluorescence

Time

Figure 2. Nodal Network Architecture. a) Diagram showing perfect intraconnection between neurons and
independence between nodes. b) Randomly selected calcium traces generated by the network. ¢) Same
randomly selected calcium traces shown in b), but sorted according to node

To further evaluate the performance between DR methods, we examine a more intricate
network architecture aligned with our spontaneous calcium recordings. In doing so, we
create five distinct random processes driving 150 neurons at varying degrees of strength
(Fig. 3). This approach better reflects the dynamics we aim to capture, encompassing
underlying activity patterns in diverse contexts driven by weighted sub-networks of
neurons. Utilizing this surrogate architecture, our objective is to assess how effectively
the models can extract both the underlying activity patterns, and the corresponding
contributions by individual neurons, given a clear end target for performance assessment.

We present two different analyses for both simulated network architectures. We both
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distribution accurate macroscopic low

dimensional representation of the data. We argue the parts-based representation provided
inherently by NMF supports the improved performance for these data and the goal of

interpretably extracting low dimensional neuronal network dynamics.

Perfectly Intraconnected, Independent Nodes

We generate the nodal networks and fit each of the DR methods to the simulated calcium
traces. Initially, we evaluate the average variance explained and the AIC across 256
networks to gauge how well the models capture the original data at different lower
dimensionality levels. Both NMF and PCA exhibit similar variance explanation patterns

across all components, with the average variance explained stabilizing at five components
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(Fig. 4a, left axis), as required to capture the dynamics of simulated activity in five nodes.
This stabilization is influenced by the introduction of unique noise increments in each
trace (Eq. 13 & Eq. 14). Additionally, the AIC for the NMF method consistently
minimizes at five components across all 256 model instantiations, effectively optimizing
for the correct number of nodes (Fig. 4a, right axis). We note that the shape of the
information criterion curve takes an inverse of the NMF variance explained curve until
the inflection point, reflecting the inherent relationship between these two measures,
arising from the AIC's balance between model fit and complexity, contrasting with the

NMF's focus on maximizing explained variance.
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To evaluate how the different approaches capture the independent nodes of activity as
components, we devised a discrete metric to determine success or failure of individual
node assignment to components, detailed in the methods, for each architecture. We show
the assignment success for a single model for each of the detailed DR methods (Fig. 4b).
We find the best performance with the NMF method, which successfully maps each node
to a component, followed by PCA, ICA, and UMAP. We repeat this process for 256
replicate models (Fig. 4e) and find that NMF always maps each node to a separate
component, followed by PCA which performs with a mean accuracy of 0.8578, and then
ICA and UMAP which perform with mean accuracies 0.6445 and 0.6242, respectively,
and typically fail to successfully map the entire model.

We then visualize how each of the DR methods map the nodal patterns of activity to each
of the components. We do so by showing the weight for each neuron, for each
component, for each method, delimited by node (Fig. 4c), for a single instantiation of the
simulated neural activity. In this example, we find a very clear separation of weights from
each node for the NMF method; each component assigns weights to the neurons within a
node. We argue this separation is a result of the parts-based representation that NMF
inherently embodies *’. In a parts-based representation, each component contributes an
additive combination of components to faithfully represent the original data. This means
that NMF decomposes the overall activity into identifiable parts, enabling a clear
separation of weights for each node. Conversely, the PCA and ICA methods produce
distributions of node weights with less clear separations within a component. While the

first 5 components of the PCA method each identify neurons in each node, the constraints
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of the method result in counterbalancing variables that obfuscate the underlying input
resulting in the data, hindering performance *2. UMAP poorly separates nodes into five
components because a strength of UMAP, and manifold learning in general (e.g., TSNE),
is visualization in very low dimensions (restricted to two or three dimensions) %22

To provide a quantitative assessment of model performance, we calculate the average
displacement between neuronal weights assigned to a component and all other weights
within the same component, for all components of each of the 256 instantiations of the
model (Fig. 4d). We do so to provide a quantitative and continuous measurement of
model performance (separation between weights in node and not in node, at assigned
component) beyond binary success/failure, with the magnitude indicating the degree of
separation between the neurons in the assigned node and all other neurons within a given
component. Normalized per model, a positive value describes an assigned node whose
average weight was higher than the weights of the other node in that component. A
negative value would then describe the opposite, with the magnitude of the displacement
describing the degree of difference between the weights. Our findings reveal NMF best
separates nodes into components, followed by PCA, UMAP, and ICA. While this
supports our finding that NMF specifically assigns patterns of nodal activity to
components, the other methods do tend to separate a majority of the nodes of neurons
individually in each component (the normalized distance tends to exceed 0), with the
differing representations being attributable to the different mathematical constraining
during fitting (UMAP — very low dimensional manifold, PCA — orthogonality, ICA —

independence). However, as we show in our next case, this structure breaks down on the
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introduction of more complicated data.

Random Process Propagation
We simulate a network with a more complicated architecture to further evaluate model
performance. This architecture involves generating five underlying random processes to
drive the network activity. Each underlying random process provides input to each of 150
neurons, with a weight randomly sampled from a generated exponential distribution (Fig.
3). By analyzing these artificial networks, we aim to probe how well NMF maps the
random process by observations from the received neuronal inputs to components. We
similarly aim to compare the performance and low dimensional representation of NMF
and the other methods we implement.
Analyzing the average variance explained for all 256 uniquely seeded networks of this
architecture, we find that NMF explains significantly more at all components (Fig. 5a,
left axis). We argue this is a function of the difference between optimizations. Rather
than having a strict orthogonality constraint between dimensions as in PCA, NMF aims to
reconstruct the data with as little error as possible into the specified number of
dimensions, allowing for explaining more variance with fewer components. The AIC
shows a minimum at five components, the number of random processes used to generate
the network (Fig. 5a, right axis), seeing a similar inverted relationship between AIC and
variance explained.
We quantify assignment success of this model differently from the nodal architecture,
due to the more continuous nature of the data, detailed in the methods. For or an example

model instantiation (Fig. 5b), only the NMF method successfully assigns each process to
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one component. Assessing the performance over 256 realizations of the network (Fig 5f),
we find that NMF successfully assigns each random process to a component. Consistent
with the results for the nodal architecture, the other methods (PCA, ICA, and UMAP)
have reduced performance. We conclude that NMF reconstructs the latent network
structure from the observed data, capturing the five underlying random processes in a
parts-based representation. Beyond discrete prediction, we consider the correlation
between the assigned connection probabilities from the latent processes to the observed
neurons, and the neuronal weights of the predicted component. To start, we visualize the
results for one instance of the NMF model, relating the neuronal weights of each
component to the assigned outgoing connection probability from the assigned underlying
random process to each neuron (Fig. 5¢). We find that large neuronal weights in each
component tend to occur for large connection probabilities for the predicted random
process with a high correlation of 0.85 (Fig. 5d). Repeating this analysis for 256
realizations of the model, and regardless of prediction success, we find that NMF
consistently infers components with high correlations between the connection
probabilities and weights (Fig. Se), and is always able to successfully map all underlying
processes to separate components (Fig. 5f). The other methods have reduced
performance, consistent with the results for the nodal architecture with PCA, ICA, and

UMAP following in performance, respectively.
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Figure 5. Artificial Random Propagating Process Network Analysis. a) Variance Explained for NMF
and PCA, left axis (n = 256 networks) per component added to the model, and Akaike Information
Criterion (AIC) for NMF, right axis (n = 256 networks). b) Assignment visualization between nodes and
components for single network. c) Neuronal weights for NMF model (y axis) for each component (x axis)
compared to assigned connection probabilities (color scale) for the predicted random process. d)
Correlation between neuronal weights for NMF model (y axis) and the respective assigned connection
probability (x axis). e) Average Correlation between neuronal weights for model and the respective
assigned connection probabilities (n = 256 networks). f) Model assignment accuracy (n =256 networks).
g) Correlation between component activity from NMF model and assigned random process activity. h)
Correlations between component activity from model and assigned random process activity (n = 256
networks)

We finally analyze how the activity of each component correlates with the activity of the
underlying random process. Qualitatively, for a single realization of the model, the
component activity captures the underlying processes very well (Fig. 5g) with
correlations between the activities exceeding 0.85. Repeating this analysis across 256
realizations of the network, we once again find that NMF best captures the activity of the
latent input processes, followed by PCA and ICA (Fig. 5h); we note that UMAP does not
estimate the times series of the latent processes. To assess computational performance,
we compare the median run time for the 256 models of this architecture. Because PCA is
a well solved linear algebra problem (singular value decomposition of a matrix)?, it is
the shortest median run time of 0.0245 s. Of the three optimization methods, NMF and
ICA have comparable median run times (0.7349 s and 0.7342 s, respectively. UMAP has
the longest median run time of 1.4906 s, even after we exclude UMAP’s rather high
overhead for initialization. This discrepancy be attributed to model complexity (linearity
of NMF and ICA, and non-linearity for UMAP).

We propose that the positivity and parts-based representation of the NMF method enable
accurate reconstruction of the high-dimensional activity through low dimensional inputs.

We propose that the constraints implemented by the PCA and ICA methods may
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obfuscate inputs to the observed neural network in its low dimensional representations.
Finally, we interpret the poor performance of the UMAP method as indicating this
method is better adapted for low dimensional visualization of less variant data. We
conclude that NMF accurately reconstructs the latent inputs to a biophysically-motivated
neuronal network that simulates calcium fluorescence recordings, despite multiple
barriers to accurate identification (e.g., the underlying process is unobserved, with
random connectivity to the observed neurons whose calcium signal is obfuscated with
two types of noise). These results demonstrate NMF outperforms existing methods in
common use to extract the underlying dynamics present in a series of neuronal activities

recorded in calcium imaging.

Awake-State Data
As a final proof of concept, we analyze application of the DR methods to awake state
calcium imaging recordings from 36 mice. In doing so we apply the same analytical
framework as for the simulated data. Analysis of the variance explained for each model
(Fig. 6a) shows similar performance between the NMF and PCA methods, with a small
but highly significant trend towards increased values for the NMF method (p < 107,
Wilcoxon Signed-Rank test). This small advantage in increased variance explained may
be due to the NMF method acting to capture the original data as quickly as possible into a
set number of components (Eq. 2), rather than using a complex geometrical constraint to
analyze the data®>. We further find that NMF, using AIC, identifies an optimal number of
components to describe the data in each of the recordings (Fig. 6b), with number of

neurons helping inform the number of components at a correlation of 0.662. We



29

qualitatively characterize an NMF model fit to a single recording, using 18 components
as determined by AIC. When characterizing the neuronal weights estimated by the NMF
method, we find behavior consistent with the simulated random process network (Fig.
6¢); the NMF method results in in the neuronal weights with an approximate exponential
distribution (Fig. 6d), with most neurons contributing little to the overall network
activity, and few neurons very significantly contributing. We further briefly characterize
the correlations between the activity for each decomposed component (Fig. 6¢), finding
that pairwise correlations are consistently low between them (Fig. 6f). Given that the
correlations are low, and we capture a significant portion of the variance, we interpret
these results to indicate that the NMF, and the parts-based nature of the model,
successfully extracts unique predominant patterns of activity in the data. We conclude
that, applied to these in vivo calcium imaging recordings, that the NMF method identifies
components with distinct (uncoupled) dynamics.

We note the comparison between NMF and PCA for variance explained (Fig. 6a) is the
only objective comparison possible here, because the in vivo dataset lacks ground truth,
making further comparison between methods confusing and counterproductive.

While we demonstrate here that we successfully decompose statistically similar data from
our simulations into statistically similar models, future work will relate inferred
components and dynamics to experimentally elucidating biological mechanisms and
behavior. We conclude that the NMF method is a promising tool to analyze neuronal
network dynamics and identify meaningly sub-network activity via a relatively simple

and interpretable approach.
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Figure 6. Baseline Awake State Network Analysis a) Variance Explained for NMF and PCA, left axis
(n =36 mice) per component added to the model, and Akaike Information Criterion (AIC) for NMF, right
axis (n = 36 mice). b) Correlation between number of neurons (x axis) and number of optimized
components (y axis) (n = 36 mice). c) Neuronal weights for NMF model (y axis) for each component (x
axis) for a single mouse. d) Neuronal weight histogram from NMF model for the same mouse as c). €)

Component activity for NMF model of the same mouse as in c¢) and d). f) Pairwise correlations between

component activities shown in e)



31

Discussion

We have developed an analytical pipeline to more thoroughly model neuronal
network dynamics with NMF, considering all information provided by the model in its
low dimensional representation. We generate a series of calcium traces recorded from
ground-truth artificial neuronal networks at two degrees of complexity to assess how well
our analyses extract the ground-truth responsible for the simulated dynamics, and
compare the performance of NMF to UMAP, PCA, and ICA. We find the NMF
significantly performs the best, followed by PCA, ICA, and UMAP, respectively. We
then apply our NMF pipeline to a series of in vivo baseline recordings and find that NMF
confers a similar, and easily interpretable representation to the underlying random
process network.
We argue this performance is a result of the “parts-based representation” conferred by
NMF ¥7. Because every single element of the model is necessarily positive, and the
decomposition is aiming to recapture the original data, every component sums to give a
low dimensional macroscopic representation of the original data. Interpreting the
decomposition as the sum of its parts, rather than a complex cancelling of variables to
achieve an algebraic constraint, as in PCA 32, results in NMF being able to provide a
better representation of the dynamics. Further, the only fundamental assumption made in
NMF is that the data can be represented exclusively as positive values. Our other
methods require more stringent assumptions. UMAP makes the assumption that the data
can be embedded on a low-dimensional manifold*>. While very advantageous in less

variant data (large scale trial averaged electrophysiological recordings®’), we argue our
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data is far too variant with limited scalability (single trial, single recording) for this
method to be as effective. ICA assumes that components are both non-normal, and

t 3. While the assumption of non-normality of traces, variables, is a positive

independen
feature given that calcium traces are clearly non-normal data, we argue it is unfair to
assume sub-network dynamics are completely independent of each other. Finally, PCA
assumes the data is best described by the eigenvectors of the covariance matrix 2. We
note that this algebraic constraint does provide PCA the unique attribute of the model
being the same for the first i components, regardless of the number of components fit.
NMF, UMAP, AND ICA will differ in their representation of the data, dependent on the
number of components fit too. As a result, PCA is guaranteed to perfectly lossless in an
inverse transformation of the data, given all components. However, PCA is clearly less
efficient than NMF in generating compact descriptions of data like ours.

As we mention in the introduction, a version of NMF, specifically Constrained
Nonnegative Matrix Factorization (CNMF) has become nearly ubiquitous for automated

40.50.51.33.57 including a adaptions for microscopic

trace extraction from calcium recordings
endoscope data®*. CNMF allows for the incorporation of constraints when there is a
priori knowledge to build them. With our data, we have no a priori knowledge regarding
connectivity, and we show that the unconstrained NMF method performs well. However,
it would be feasible to modify our analytical pipeline to account for known constraints in
other cases.

While clearly productive for analyzing local calcium recordings, NMF's nonnegativity

assumption makes it well-suited for potentially analyzing large-scale anatomical
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connectome data or functional imaging experiments (given the data were nonnegative). It
can identify patterns of co-activation or synchronization among brain regions, revealing
the modular organization of brain activity and interactions between assemblies. In the
context of anatomical connectome mapping, NMF could uncover patterns of structural
connectivity that give rise to modules in the brain. However, the structure in functional
imaging and anatomical connectome data is complex and multifaceted. In specific
analysis cases such as these constraining towards a particular solution (CNMF) could be
advantageous.

Hierarchical clustering has also emerged as a prominent method to analyze these large
scale data’?. While both hierarchical clustering and NMF aim to reveal underlying
network structures, there are key differences between these approaches. Hierarchical
clustering discretely assigns each neuron to single clusters based on activity similarity,
while NMF reduce the data into components with each neuron having a weighted
contribution to each component. This allows NMF to capture overlapping and graded
membership of neurons in multiple sub-networks. Moreover, NMF’s parts-based nature
provides a more interpretable representation compared to that of static clustering, which
can be more difficult to interpret

NMEF’s performance is dependent on the statistical characteristics we outline above, and
different DR methods may emphasize different aspects of the data structure dependent on
their assumptions and the analysis objectives, and. For example, PCA identifies
orthogonal components capturing maximum variance, while ICA identifies statistically

independent sources. These methods may capture different facets of the brain's functional
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and structural organization compared to NMF.

Similarly, inhibitory responses, where the fluorescence drops below the neuron’s baseline
fluorescence, have been observed in calcium imaging’®. Here, where we focus on
extracting the dominant patterns and underlying structure of the neuronal activity, the
impact of these minor negative deviations in the fluorescence are statistically very minor.
As a result, such minor effects can be lost amongst the other variability present in the
activity, which can be captured by alternative statistical methods’.

This pipeline was developed with the intent of analyzing state dependent neuronal
network dynamics, and future work will analyze differential network dynamics that arise
from unique experimental contexts. However, NMF, and other DR methods, require an
underlying structure in the data and can be especially sensitive to potential extremes in
the number of components and rates of activity in the network. An extreme sparsity or
extreme saturation of events will lead to a much noisier representation in the model.
Further, a fundamental assumption of DR is that the data can be represented with
significantly fewer components than there are neurons *!. Data that would carry hundreds
of underlying drivers of activity (or any case where the number of patterns approach the
number of neurons) would be obfuscated in a model such as this. Deep learning, on the
other hand, requires immense “ground truth” data sets for training. While deep learning
models have recently emerged as an excellent tool for supervised learning, generally in

24,74-76

neuroscience , and specifically for decoding behavioral events recorded with

58,77

calcium imaging>®'’, in this case we are seeking to describe data with no such training set

or “ground truth” available. Instead, we compare unsupervised methods to solve the
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specific problem of detecting reducing hundreds of neurons into components, or sub-
networks, or cell assemblies.” Therefore, this approach will enable more sophisticated
and nuanced unsupervised analysis of different states of neuronal networks, and how they
shift as a function of context.

In sum, NMF provides a superior method for the holistic analysis of network dynamics
recorded in calcium imaging. This analysis is able to go beyond summary statistics,
providing a low dimensional representation of dynamics while still considering the
activities of each neuron. The mathematical constraints required by NMF, linearity and
positivity, complement the nature of fluorescent recording and neuronal activities well.
Further, the parts-based nature of NMF provides a simple and interpretable representation
of sub-networks of activity summing to drive macroscopic dynamics. As a result, we
have developed an NMF pipeline to be an exceptionally valuable tool for elegantly
demystifying shifting neuronal network dynamics.

Methods

Dimensionality Reduction (DR) Methods

Nonnegative Matrix Factorization (NMF):

NMEF is a linear, matrix-decomposition method requiring all elements be nonnegative .
Each reduced dimension, or component, identified in NMF can be interpreted as a
specific combination of input features representing distinct sources of variance in the data
37 The components then sum to represent the original data, rather than canceling

variables (using negativity) to achieve a geometrically strict representation 2.
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Mathematically, NMF decomposes an original matrix X into two constituent, lower rank,

matrices W and H, given by:

(Eq. 1)
with the aim of iteratively updating W and H to minimize an objective function so that

the product of the two deconstructed matrices optimally reconstructs the original 3

. Here,
X is a column-wise representation of the data, where each column is the time-series
fluorescent activity of a neuron (Fig. 1b) extracted from the recording (Fig. 1a), that is
decomposed into two lower rank matrices, W and H. For NMF, W can be interpreted as a
feature matrix, each vector representing a distinct pattern in the input data, and H
interpreted as a coefficient matrix, representing the contribution of each feature vector to
each point in the original matrix. When using DR for analyses, especially in the context
of neural recordings, the underlying assumption is that the original matrix can be
decomposed into a lower rank series of matrices. The rank, k, should be significantly
smaller than n (k <<n), the number of neurons recorded, while still recapturing a

majority of the variance present in the data ’8. Model performance can be assessed by the

variance explained as represented by the coefficient of determination (R?) °, given by:

SSres

R*=1- :
SStot

(Eq.2)
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where,

SSres = Z(Xi,j - (WH)i,j)z ’
iLj

SStor = ) (Xij = 7.
Lj

(Eq. 3,4)

Thus, the model captures the original data perfectly in the limit as R? approaches one. R?
increases as components are added, because the rank of the two constituent matrices are
increasing. Akaike Information Criterion (AIC) has been adapted for NMF to inform the

d 37,80

rank to which the dimensionality should be reduce , with the optimal model

minimizing it ®'; for our implementation of NMF:

RZ
AIC = Z(F + k(n + t))

(Eq. 5)

Where R? s the reconstruction error defined in Eq. 2, ° is the estimated variance of the
data set, k is the number of components the model is decomposing into, n is the number
of neurons in the recording, and t is the number of time points in each of the time series
being decomposed. For our analysis, we interpret each row of H as a sub-network, with
each entry of that row as a neuron’s contribution of to that sub-network (Fig 1e). Each
column of W is then interpreted as the time-series for that sub-network (Fig 1d). Further,
the neurons in the original recording FOV can be artificially reconstructed to provide
visualization of sub-network contribution (Fig 1¢). We provide the pseudocode from an

implementation of the NMF analysis pipeline:
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Input: X [time points x neurons]
Output: NMF_model

1: normalize data between (0,1)*
2: initialize list of AICs

3: foriin range(1, num_neurons)

4: W, H=1nit WH(n_components = 1)
5: NMF_model = optimize(X, W, H)
6: AIC list.append(NMF_model.aic)
7: if AIC[i-1] < AIC[i]:

8: n_components = i-1

9: break

10: W,H =1init WH(n_components = n_components)
11: NMF_model = optimize(X,W,H)
* we normalize using the global maximum and minimum of the trace set to preserve the relative

difference between them

The above pipeline describes the sequence of using AIC to find an optimal number of
components, and then fit a model to that number of components. Our implementation of
NMF is a modification of the implementation found in Python’s Scikit-Learn package .
We manually initialize W and H, as opposed to the automated method found in the

F 338 and to

package, due to the wide variety of initialization methods possible for NM
maintain consistent, precise, and easily reproduceable control over the initial conditions

of our models. For the analyses found in this paper, we apply nonnegative dual singular

value decomposition (nndsvd), a consistent and efficient initialization method *°. Further,
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we implement variance explained and AIC for automatic model selection, as they are not

part of the base implementation in the package.

Principal Component Analysis (PCA):

We implement PCA because of its widespread use in neural data analysis !0-36:48.66-68.86.87

PCA, efficiently calculated by a Singular Value Decomposition (SVD)*:
X =UzyT

(Eq. 6)

where X is a column-wise representation of our data (i.e., each column is the time-series
fluorescent activity of a neuron, assumed to have zero mean) decomposed into U, X, and
VT. VTis the set of basis or singular vectors, also referred to as the principal components
(PCs) of the original matrix, where each row of this matrix is a component of the data.
Further, each of the PCs are necessarily orthogonal to each other by construction. U is the
projection of the original matrix X onto the principal components in V', and X is a matrix
containing the singular values of X describing the magnitude of the transformation,
ordered by decreasing singular values *2. The variance explained by a PC is the
proportion of its singular value compared to the sum of all singular values. For our
analysis, we interpret each PC as a sub-network or prevalent pattern of activity, with each
entry of the PC being a neuron’s weight or contribution to that PC. We then interpret the
projection of the data onto each PC as the activity or time series of that sub-network,
attributing the dominance of that sub-network to the variance explained. Our

implementation of PCA is a modification of the implementation found in Python’s Scikit-
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Learn package 2. We provide the pseudocode from an implementation of the PCA

pipeline below:

Input: X [time points x neurons]

Output: PCA_model

1: normalize data between (0,1)*

2: subtract mean of each time series

3: PCA_model = PCA(X) #data must be in column-format at this step.

* we normalize using the global maximum and minimum of the trace set to preserve the relative

difference between them

This is a modification of the implementation of PCA found in sklearn 2. PCA calls for
every variable, or trace in our case, to be centered about zero*?. However, we remove the
uniform normalization from sklearn’s implementation to allow for finer tuning of data

normalization before decomposition with the model.

Independent Component Analysis (ICA):

We implement ICA because of its ability to extract independent sources from complex
signals, which could help separate overlapping patterns of neural activity in a single
calcium recording. While ICA has been used for automated trace extraction in calcium
recordings %, this approach has seen limited application in the further analyses of neural
signals estimated calcium recordings. ICA is a statistical technique that aims to
decompose a multivariate signal into statistically independent components >3, rather than

a set of orthogonal components, as found in PCA. ICA operates under the assumption
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that k independent sources produce the data, and that the data are a linear mixture of

these underlying sources. ICA assumes the data to be a linear mixture of sources:

x = As

(Eq. 7)

where x is the original data, s are the underlying independent sources, and A is a mixing
matrix that mixes the components of the sources *°.

In practice, the independent sources found in s, are decomposed using an unmixing
matrix, W, such that the linear transformation of the data by W, estimates the underlying

independent sources *°:

(Eq. 8)

Given that W transforms x to estimate the independent sources, we interpret the
components of W as the contribution of each neuron to the sub-network activities, which
are the independent sources in s. Here, we interpret the s independent sources as the
underlying patterns of activity of each sub-network that drive the observed dynamics.
Like PCA, ICA assumes that inputs are zero mean. While PCA is designed to maximize
the variance of the data along the principal components *2, ICA attempts to separate the
data into k independent sources. We use the fastICA implementation found in sklearn %2,
and provide the pseudocode from an implementation of the ICA analysis pipeline below:

Input: X [time points X neurons]
Output: ICA_model (contains A, s, amongst other information)

1: normalize data between (0,1)*
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2: subtract mean of each time series
3: ICA_model = ICA(X)
* we normalize using the global maximum and minimum of the trace set to preserve the relative

difference between them

While ICA calls for unit variance for each of the features, which in this case would be the
calcium time series, we maintain the relative difference in variance between each
neuronal time series to maintain the relative difference in activity recorded as a function

of the fluorescence.

Uniform Manifold-Approximation Projection (UMAP):

27,89 and

We implement UMAP because of its increasing use to analyze life science data
its ability to capture non-linear relationships. UMAP has been shown to capture complex
patterns to visualize and cluster data in very low dimensions ¥, though the technique
remains untested on calcium recordings. Briefly, UMAP aims to optimize between
preserving local and global structures, where structure is local between neighboring
points and global between data points extending beyond the neighborhood. In neuronal
calcium imaging, "neighborhood" refers to local relationships among neurons with
similar activity patterns at a time point, while global relationships extend beyond those
neighbors at the same point. UMAP subsequently directly maps this structure to a lower
dimension 3, resulting in the output being a single matrix (the equivalent of H, VT, and

S), and not a product of matrices. Therefore, UMAP does not provide temporal

information about the activity of the lower dimensional patterns or sub-networks (Table
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1). Further, there is no well-established way to quantify variance explained in UMAP as
in the other linear methods. We use the python package UMAP-learn to implement
UMAP, and provide the pseudocode from an implementation of the UMAP analysis

pipeline below:

Input: X [neurons x time points] (NOTE TRANSPOSITION FOR THIS CASE, COMPARATIVELY)
Output: UMAP_model (contains low_d_projection, amongst other information)

1: normalize data between (0,1)*

2: UMAP_model = UMAP(X)

* we normalize using the global maximum and minimum of the trace set to preserve the relative

difference between them

In addition to the number of components, k, being a manually set hyperparameter, the
number of points in the neighborhood is also manually set, in addition to the other 37
tunable parameters in the package >*. Because our main objective is to identify how
neurons group to form sub-networks and shift as a function of experimental contexts, we
apply UMAP to decompose the data X into a k£ x n matrix. k is the number of components
or subnetworks we determine to decompose into, while n is the number of neurons,

aiming to give a similar representation to H, V', and S in our other methods.
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Model Variance Information Neuronal Decomposed
Explained Criterion Weights Activity
NMF v 4 v v
UMAP X X v X
PCA v X v v
ICA X X v v

Table 1. Model Attributes

Network Simulation Methods
To assess performance of the DR methods, we implement two simulation paradigms. In
each paradigm, we simulate the spiking activity in a network of interconnected neurons
and estimate calcium imaging traces for each neuron. We then apply each DR approach
to the simulated calcium fluorescence data. We describe each simulation paradigm
below.

Perfectly Intraconnected, Independent Nodes:

We first consider a network of 100 neurons organized into 5 independent nodes, each
consisting of 20 neurons. Neurons within the same node are perfectly connected, such
that a spike by any neuron in one node produces a spike in all other neurons in that node.
Neurons in different nodes are disconnected, such that activity in two neurons of different
nodes are independent (Fig. 2a). The activity of a single neuron is governed by a basic
Poisson spike generator *°, given by:

spike[t] = Xpgng < T *dt
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(Eq. 9)

where a neuron spikes at time t if Xrand (uniform [0, 1]) is less than the product of the set
firing rate, r, and the time step, dt. We update this generator to include additional network
effects, and a refractory period. We represent the connectivity between neurons as an
adjacency matrix A. Within any node of 20 neurons, A is 1, while between nodes A is 0;
we exclude self-connections by setting the diagonal of A to 0. We also include a
refractory period of duration q time steps, such that after a spike a neuron is temporarily
unable to generate a subsequent spike.

We simulate the spiking activity of a single neuron in this network n = {1,2, ... N} as:
. rk . T
spike[t] = Xrana < (Wdt + Ap .y * Spikes[t — 1y x1 ) * RS[t],

(Eq. 10)

where r = 3 is the set nominal rate, N = 100 is the total number of neurons, k = 5 is the
number of nodes, and dt is the time step. A is the adjacency matrix of dimensions N x N,
where each row represents the incoming connections to a neuron, and each column
represents the outgoing connections of a neuron, and RS[t],, = {0,1} is the refractory
state of neuron n at time t. A neuron spikes at time t if the randomly generated number
Xrana (uniform [0,1]) is less than the product in Eq. 10. We note that any multiplication
of an adjacency of 1 to neuron n, in conjunction with a spike at time t-1 will result in a
spike at time t in neuron n, given the neuron n is not in a refractory state. After simulating

12991 as described below.

the network we convolve each spike train with a calcium kerne
The result is a series of 100 fluorescent neuronal activities (Fig. 2b), of which there are

five groups of twenty that are perfectly correlated (Fig. 2c).
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Random Process Propagation:

We generate a second simulation paradigm to more closely represent a physiologically
relevant dynamic in calcium fluorescence data: a small number of independent random
spiking patterns simultaneously driving calcium events in all neurons. To do so, we first
simulate k = 5 independent spiking patterns as,
process spike[t] = Xrqng <TdL.

(Eq. 11)
We then consider a population of N = 150 neurons that receive inputs from each of the
underlying spiking patters (Fig. 3a) weighted as follow: 20% of the neurons have weights
uniformly distributed between 0.2 and 1.0, and 80% of the neurons have weights
exponentially distributed (rate parameter A = 8.0472) with maximum value of 0.2 (Fig.
3b). In this way, most neurons are connected with weights following an exponential
distribution *2, and the few neurons with strong weights drive a majority of the activity.
The resulting adjacency matrix A between the k spiking patterns and N neurons has
dimensions k x N, where each element describes the weight of the kth underlying process
input to neuron n = {1, 2, ... N}. We simulate each neuron’s spike train as:

neuron spike(t] = Xrana < (Anxk * process spike[t — 1] x1) * RS,
(Eq. 12)
where n indicates the nth neuron, k indicates the kth underlying spike processes, and we
include a refractory period for each neuron. Doing so results in N = 150 neuronal spike

l 29,91

trains. We convolve the spike train of each neuron with the calcium kerne , resulting
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in simulated calcium data similar to our in vivo recordings, mirroring: activity rate,
activity distribution, underlying macroscopic drivers, and calcium neuronal time series

characteristics.

Calcium Kernel:

We convolve the simulated spike trains with the following calcium kernel to represent the

fluorescence recorded from the genetically encoded calcium (GECI) kernel jGCaMP7f:

dt
[Ca*?]e = [Ca*?]ey = — —([Ca*?]e—y — [Ca*?],) + A spike[t] + o.Vdt €,

(Eq. 13)
where Ca*? (1 pare the calcium concentrations at t, t-1, and the baseline, respectively.
Here, dt is the time step, 7 is the time constant of the GECI, o is the variance of the
calcium noise, and € is a random variable following the standard gaussian distribution.
We then calculate the fluorescence as:

F, = a([Ca*?],) + B+ op e,
(Eq. 14)
where F; is the fluorescence at time t, a is the intensity, f is the bias, or is the variance of
the calcium noise, and € is a random variable following the standard gaussian
distribution. We set 7 to 0.265 and o to 0.5 to match the kinetics of jGCaMP7f*. We set

the calcium baseline to 0.1, A and a.to 5, B to 10, and or to 1 %,
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Component Assignment Success

Perfectly Connected, Intraconnected Nodes:

To assess whether nodes were successfully assigned to components, we develop a
framework for each of our generated network architectures. For the nodal model, we
begin by summing the weights for each node, in each of the decomposed components,
described by the pseudocode below:

Input: H (matrix of neuronal weights), nodes (array detailing which neurons belong to each node)
Output: aggregated weight matrix

1: aggregated weight matrix = zeros(num_nodes, num_components)

2: foriin range(num_nodes)

3: for j in range(num_compnents)

4: aggregated weight matrix [ 1, j ] =sum(H [nodes[i],])

The result is a five by five matrix, where the element [ 1, j ] is the sum of the weights for
neurons in the ith node for the jth component. To then determine success of prediction,

we establish two conditions that must be met. First, within a particular component, the

sum of weights for the node with the highest value should exceed the sums of weights for

all other nodes within the same component. Second, this highest sum should also be the

greatest for the node, across all components. By applying these conditions, we can assess
the assignment for each node individually. In essence, once we obtain the aggregated
weight matrix, an ideal model would exhibit the same element as the maximum value for

each row and column.
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Random Process Propagation:

We calculate a 5 x 5 correlation matrix between the weights in each of the 5 components
and the connection probabilities from each of the 5 generated random processes sampled
from the defined exponential distribution. To assess assignment, we again consider two
conditions. First, for a chosen component, the highest correlation with the connection
probabilities from one random process should surpass the correlation to the other random
processes in the same component. Second, this highest correlation within each
component should identify a different random process; i.e., each component should
identify a unique random process. We consider a component successfully assigned to
one of the five random processes if its highest correlation is more correlated with that
process than the other four processes.

Awake-State Data:

To investigate the application of each DR technique to in vivo recordings, we also
consider calcium imaging data recorded from 36 awake mice. Briefly, recordings in layer
2/3 of murine S1 ' were collected during the awake, resting state *6. Traces representing
calcium transients were extracted from the recordings and processed using standard

techniques .
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CHAPTER THREE: CaNetiCs — An Open-Source Toolbox for Standardized
Dimensionality Reductive Analysis of Neuronal Calcium Activity
Adapted from Carbonero D, Noueihed J, Gabel CV, Kramer MA, White JA. CaNetiCs —
An Open-Source Toolbox for Standardized Dimensionality Reductive Analysis of

Neuronal Calcium Activity. (2025) https.//doi.org/10.1101/2025.08.01.668030

Abstract
The widespread use of calcium imaging has produced large-scale datasets capturing
neuronal population activity across diverse experimental contexts, posing challenges for
analyzing complex, high-dimensional data. Dimensionality reduction (DR) methods have
been pivotal in addressing these challenges by simplifying data into interpretable, low-
dimensional structures, while capturing essential network dynamics. Among DR
methods, Nonnegative Matrix Factorization (NMF) can produce biologically meaningful
representations through its nonnegativity constraint and parts-based decomposition,
making it especially suited for analyzing neuronal calcium signals. To enhance
accessibility and standardization in the analysis of state-dependent neuronal dynamics,
we introduce Calcium Network dynamiCs (CaNetiCs), an open-source toolbox centered
on NMF, integrating standardized DR methods (PCA, ICA, UMAP), geometric low-
dimensional component space analyses, and neuronal network simulation modules.
We validate our toolbox by applying it to two diverse experimental datasets that describe
responses to graded anesthesia: whole-ganglion cellular calcium imaging of C. elegans
and two-photon imaging of murine somatosensory cortex. Our analyses recapitulate

previously observed trends, such as network suppression and decorrelation with


https://doi.org/10.1101/2025.08.01.668030
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anesthesia, while uncovering novel insights into neuronal activity under differing
contexts. CaNetiCs provides an accessible, modular, and interpretable framework,
facilitating broader adoption of standardized dimensionality reduction methodologies for
deeper exploration of neuronal network dynamics across experimental paradigms. The
open-source code, along with documentation, is available at

https://github.com/dannycarbonero/CaNetiCs.
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Introduction
The ability to record activity from large populations of neurons with single-cell resolution
has revolutionized neuroscience, enabling new insights into how distributed networks
dynamically encode behavioral and physiological states'. Calcium imaging, in particular,
allows monitoring of hundreds to thousands of neurons simultaneously across different
brain regions and experimental conditions>®!%#*!42. However, the complexity and
dimensionality of these recordings pose significant challenges for analysis. Standard
approaches, such as computing descriptive statistics or averaging across cells and time
points, often obscure the rich temporal and population-level structures inherent in the
data’!¥7,
Dimensionality reduction (DR) techniques provide a powerful solution by projecting
high-dimensional neural recordings onto lower-dimensional representations, retaining
major sources of variance while facilitating interpretation of collective dynamics?’.

36,61,66,67,86,87 and

Linear DR methods, such as Principal Component Analysis (PCA)'"
Independent Component Analysis (ICA)!®78, have been widely used to identify patterns
of coordinated neuronal activity. More recently, nonlinear methods such as Uniform
Manifold Approximation and Projection (UMAP) have been employed to capture
complex structures in neural population data®’. Yet, each approach imposes distinct
mathematical assumptions, such as orthogonality in PCA, independence in ICA, or

manifold continuity in UMAP3?>**% that can influence the nature and interpretability of

the extracted components.
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Nonnegative Matrix Factorization (NMF) represents a particularly promising alternative
for calcium imaging analysis'®*°. By constraining both the data and its decomposition to
be nonnegative®*, NMF preserves the additive nature of fluorescence signals and
produces parts-based representations, wherein each component corresponds to an
interpretable sub-network of activity!®3¢. Unlike PCA or ICA, which impose strict
mathematical constraints to construct a less interpretable low-dimensional
representation, NMF decomposes neuronal activity into coherent modules that can be
directly associated with underlying biological processes!®. Prior work has demonstrated
that NMF robustly captures dominant organizational features of neuronal activity in
simulated networks, and outperforms alternative DR methods in reconstructing known
ground-truth structures'®,

Although dimensionality reduction methods offer powerful means for interpreting
neuronal population dynamics, their application often requires specialized technical
knowledge and complex, customized computational workflows. Sophisticated analyses,
including variance optimization, information-theoretic model selection, and geometric
modeling of state spaces, can be difficult to implement without significant computational
expertise. Recent work has led to an increase of open-source software toolboxes
emerging to lower the barrier to entry for complex data analyses across fields of
neuroscience’®>%2, However, available toolboxes remain limited with respect to
providing standardized, tunable, and feature-rich user-friendly frameworks specifically
tailored for analyzing state-dependent neuronal dynamics from calcium imaging

recordings. To address this gap, we developed Calcium Network dynamiCs (CaNetiCs),
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an integrated toolbox that consolidates validated analytical methods into a flexible and
accessible codebase.

Building on our prior work'®, our software offers a standardized implementation of NMF-
based dimensionality reduction optimized for calcium recordings, alongside
complementary DR approaches (PCA, ICA, UMAP), geometric low-dimensional
component space analysis, simulation tools for method benchmarking, and basic neuronal
network simulation analysis, providing modularity for hypothesis-driven and exploratory
analyses alike.

A key advantage of our NMF decomposition implemented here is the creation of easily
interpretable structures: lower-rank components that correspond to distinct patterns of
activity, or sub-networks of neuronal activity, and the associated neuronal weights that
reflect the extent to which each neuron contributes to each sub-network'®2°2¢, Each
neuron’s activity is thus approximated as a positive, additive combination of a small
number of dominant modes. This parts-based representation®’ provides an intuitive map
of network organization, identifies leading drivers of population dynamics, and facilitates
quantitative comparisons of neuronal sub-network structures across experimental
conditions. Moreover, the nonnegativity constraint ensures that all extracted features
remain biologically plausible, avoiding artifacts introduced by cancellation effects
inherent to other DR methods!'®?2,

We demonstrate the utility of CaNetiCs by building a standard analytical pipeline that
applies our DR analysis to two diverse experimental datasets: light-sheet calcium

imaging of nearly the entire head ganglia of Caenorhabditis elegans under graded
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isoflurane anesthesia'®, and two-photon imaging of murine somatosensory cortex (S1
L2/3) across awake, anesthetized, and recovery states!!. Across both datasets, we find
that CaNetiCs not only recapitulates previously reported macroscopic trends in network
suppression and decorrelation with anesthesia but also uncovers novel geometric and
dynamic features of state transitions at the population level.

By providing an accessible, flexible, and interpretable framework for dimensionality
reduction analysis, we seek to enable a broader adoption of systematic and sophisticated
network-level approaches for a diversity of calcium recordings under various contexts,
and to facilitate finding deeper insights into how large-scale neuronal dynamics are

shaped by experimental perturbations, biological state, and species-specific differences.

Results
We first apply our developed pipeline to analyze calcium recordings under increasing
concentrations of isoflurane anesthesia in C. elegans'® and in mice!!. We fit models to the

808193 and to three

optimal dimensionality informed by an information criterion
dimensions, consistent with previous analyses!%6¢-6%949 o analyze the neuronal network
dynamics under differing concentrations of anesthesia. We show that our analyses
naturally capture the different dynamics between the species, support the conclusions of

previous more rudimentary analyses, and provide further novel insights to differential

dynamics as a function of anesthetic concentration.
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Neuronal network dynamics of C. elegans under increasing concentrations of isoflurane
We analyze the neuronal network dynamics of anesthesia recorded in C. elegans under no
(0% Isoflurane), intermediate (4% Isoflurane), and deep (8% Isoflurane) anesthesia. We

re-use these data previously reported in Awal et al'®

. For each animal (n = 10) we apply
the CaNetiCs pipeline to the calcium traces (examples in Fig. 7a) as follows.

We first iteratively fit models for 25 components, for each animal, for each condition.
Then averaging across animals, we aim to build a profile for variance explained and
information criterion across conditions. We begin by analyzing the variance explained
across conditions. We find that variance is explained most quickly by the awake state,
followed by the deeply anesthetized state, and then the intermediately anesthetized state
(Fig. 7¢). There are several consistencies in the variance explained profile from our
analyses and the previously conducted analyses of the same dataset!’. Here, we also
capture a grand majority of the variance explained within three components. Analysis of
individual trace!? activity determined that neurons are significantly more correlated
during the awake state, followed by intermediate anesthesia, and deep anesthesia, with
the only statistically significant difference being between the awake and anesthetized
states. Because AIC follows from variance explained, optimizing between model
complexity and variance captured, AIC follows the same trend as variance explained, but
inverted. AIC is lowest during the awake state, followed by the deeply anesthetized state,
and finally the intermediary anesthetized state (Fig. 7d). We then fit models to the
optimum number of components determined by the Akaike Information Criterion (AIC),

for each animal, for each state, where the optimal dimensionality is inferable from the
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conditions for comparison. f) Aggregated neuronal weights for each animal at optimal dimensionality (n =
[3600, 5640, 4080], respectively).

Akaike Information Criterion (AIC), at the minimum of the curve®®#1%3 (Fig. 7d) denotes

the optimum number of components to fit the data to. We find that the inferred number of
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optimal components (Fig. 7b) across states follows the same correlation structure found
when analyzing singular neuronal correlations, with the awake state requiring the lowest
dimensionality, followed by the deep and intermediate anesthetized states, respectively.
We find the difference between the optimal components to be statistically significant
(Wilcoxon signed-rank test, corrected for multiple comparisons, Table 1) between the
awake state and the intermediate state, with the difference trending towards significance
between 4% and 8% anesthesia. This suggests a dimensionality difference between 4%
Isoflurane and the other states, while the awake state and deeply anesthetized state can be
explained by similar dimensionality, but with different activity profiles. The activity
profile differed from that of the correlations in that total activity was highest in the awake
state, followed by intermediate anesthesia then deep anesthesia'®.

We next visualize the neuronal weights decomposed under each condition qualitatively
for a single model (Fig. 7e) and aggregated across animals for all components (Fig. 7f).
In addition to requiring fewer dimensions to optimally explain the awake and deeply
anesthetized states, compared to the intermediate state, a few neurons are found to drive
most of the activity (Fig 1e). Further, normalizing the scale across the decompositions for
the different states, we qualitatively find the highest weights in the model for the awake
state, especially for the first component (Fig. 7¢). Examining the distributions of
aggregated weights for all components across states (Fig. 7f), we find the weights
distribute similarly to the total macroscopic trends of activity in the data'®, with the deep
anesthetization weights being the most suppressed, the intermediate anesthetization

having the widest distribution, and the awake state having the longest tail. These results



59

demonstrate that our analytical pipeline is capturing both the dynamics and the

dimensionality of the data in an unsupervised dimensionality reduction model.

. Having chosen the number of
Comparison Components p-value
0% Iso - 4% Iso 0.023 dimensions, we proceed by fitting models
0% Iso - 8% Iso 1.000 to three dimensions for all experimental
4% TIso - 8% Iso 0.094 states to build a low-dimensional

component space model (Fig. 8),
Table 2. Significance values for statistical

comparison of optimal number of components
found in Fig. 7b). Wilcoxon Signed-Rank Test,
corrected for multiple comparisons, n = 10.

building upon previous analytical
methods, and furthering previous
analysis! -66-69.94.95,

We first qualitatively examine neuronal dynamics for a representative animal (the same
animal utilized in Fig. 7). By visualizing the activity profiles of the first three components
across different anesthetic conditions (0% Isoflurane, 4% Isoflurane, and 8% Isoflurane),
we observe clear distinctions that align closely with previous analyses of this dataset!’.
Specifically, the awake state (0% Isoflurane) exhibits a highly structured activity pattern
with a distinctly ordered, nearly oscillatory behavior across all three components. In
contrast, the intermediate anesthetic state (4% Isoflurane) displays a disrupted and
scrambled activity pattern, reflecting a transitional and dynamically unstable neuronal
state. The deeply anesthetized state (8% Isoflurane) reveals markedly suppressed
neuronal activity, with greatly diminished amplitude across components (Fig. 8a). These

qualitative observations corroborate prior findings, offering visual validation of

differential neuronal network dynamics across anesthetic states.



a)

c)

e)

9)

Component Activity

c1

c2

c3

c1
c2
c3

c1
c2
c3

c1
cz2
c3

3.0

0.0

0% Iso
4% Iso
8% lso

Vo

¢ Juauodwod

¢ yuauodwiod

0 200

|
{

800 1000 1200 1400 1600

Time (s)

400 600

0% Iso

40 60

4% Iso

80

40 60

8% lIso

80

20 40 60 80
Neuren #
0% lIso 4% Iso
A
1S
04 2 o4
=]
0.2 5 3 02
= = =
0.0 w 00
0.0 0.0 0.0 0.0
Cp, 0.2 02 (A C, 0.2 0.2 A
Pog,, 0.4 0.4 0 Mo, 04 0.4 o
- Y '8y <<
2 [y ‘2 o
8% lIso
0.4
x| I
0.0
0.0 0.0
G,y 02 02
o, 0.4 04 o
M o
Directions

y
p ¢

0% Iso 8% Iso

100

100

100

b) le3 Cc1
14
0.00 0.02 0.04 0.06 0.08 0.10
le3 Cc2
g 1
z
&
0
0.00 0.02 0.04 0.06 0.08 0.10
le3 c3
14
0 7 7 T T T |
0.00 0.02 0.04 0.06 0.08 0.10
Frequency (Hz)
d) Aggregated Weights
3.0
25
2.0
g
?‘! 15
1.0
) /
00 4_ :
0% Iso 4% Iso 8% Iso
f) Volumes
0.0175 4
00150 | ‘
| |
0.0125 4 | |
4 0.0100 4 ‘
<
|
0.0075 4 / |
o
0.0050 +
0.0025 4
0.0000 - . . .
0% lIso 4% Iso 8% Iso
h) Distances
0.051
0.04
0.034
o)
=2
E
0.024
0.014
0.00 i
0% lso 4% lso 8% lso



61

Figure 8. Three-Dimensional Low-Dimensional Component Space Models for C. elegans
Isoflurane Dataset. a) Component activity traces for first three components for the same animal
shown in Fig. 7a). b) Decomposed frequency content for components shown in Fig. 8a). c)
Visualization of neuronal weights for single three-dimensional models for the same animal in Figs.
8a,b). d) Aggregated neuronal weights for all three-dimensional models, across animals and states (n
=3600). e) Plotted low-dimensional component space of components against each other, with
encapsulated volume, for animal shown Fig. 8a,b,c). f) Distribution of volumes, across animals and
states (n=10). g) Distribution of directions, across animals and states (n=5380). h) Distributions of
speeds across animals and states (n = 5380)

To characterize further these oscillatory characteristics, we perform spectral analyses to
assess the frequency content within each component across anesthetic conditions.
Consistent with our qualitative observations, spectral analysis reveals prominent low-
frequency peaks specifically within the awake state, consistent with oscillatory dynamics.
These peaks are notably attenuated or absent in both intermediate and deeply anesthetized
states, underscoring the disruption and suppression of structured neuronal oscillations as
anesthetic depth increases (Fig. 8b).

We next visualize the neuronal weights derived from a three-dimensional decomposition,
again for the same representative animal. Qualitatively, we observe a trend consistent
with our earlier findings from optimal dimensionality analysis (Fig. 7); neuronal activity
in the awake state is driven by larger neuronal weights compared to anesthetized
conditions (Fig. 8c). Quantitative analysis of neuronal weights across the full dataset
further supports these observations. We detect a similar overall relationship to that
observed with optimal component decompositions, though with a notable difference: the
intermediate anesthetic state's distribution tail does not exceed that of the deeply
anesthetized state. This discrepancy arises from truncating the weight distribution due to
the fixed three-dimensional decomposition rather than utilizing state-specific optimal

dimensionalities (Fig. 8d).
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To further illustrate the dynamics, we plot the dynamics projected to these first three
components in three-dimensional space. We find a distinctly ordered movement about
this space in the awake state, reflective of the pronounced oscillatory structure. In
contrast, the intermediate state displays less well-ordered dynamics, and the deeply
anesthetized state shows marked suppression and minimal spatial exploration (Fig. 8e).
To characterize the extent of these different dynamics, we compute the volume fit to the
curve across all animals and observe the largest volumes in the awake state, followed by
intermediate, and the smallest in the deep anesthetic state; the deep state significantly
differs from both awake and intermediate states (Wilcoxon Rank sum test, n = 10,
corrected for multiple comparisons). These results align with the observed magnitude of
neuronal activity differences across conditions (Fig. 8f).

Analyzing the directional trajectories of the movement about space, we find highly

consistent, smooth directional changes in the

Comparison Volumes p-value ) )
awake state, a marginal decrease in
0% Iso - 4% Iso 0.289 ] ] )
smoothness in the intermediate state, and
0% Iso - 8% Iso 0.004
slightly more irregular directional changes in
4% Iso - 8% Iso 0.020

the deep anesthetic state (Fig. 8g).

Table 3. Significance values for statistical

comparison of volume expanse in space (Fig. Finally, examining the distances traveled
8f). Wilcoxon Rank-Sum Test, corrected for

multiple comparisons, n = 10. through the low-dimensional space, we find

that the awake state traverses the shortest distances per unit time, followed by the deep
anesthetic state, and then the intermediate anesthetic state (Fig. 8h). These patterns of a

smoother, slower, movement in state space are consistent with the previously identified
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higher neuronal correlation profiles reported in Awal et al.!’.

] Overall, we conclude the awake state's
Comparison Components p-value
0% Iso - 0.7% Iso 1.000 movement is more expansive (i.e.,
0 = V. 0 .
0% Iso - 1.4% Iso 0012 covers more of the lower dimensional
0 = 1. 0 .
0% Iso - Recovery 1.000 space) and more directed and smooth
0.7% Iso - 1.4% Iso 0.042 compared to the anesthetized
0.7% Iso - Recovery 1.000 conditions.
1.4% Iso - Recovery 0.009 Here, by leveraging both qualitative

Table 4. Significance values for statistical comparison and quantitative analyses across
of optimal number of components found in Fig. 9b).
Wilcoxon Signed-Rank Test, corrected for multiple

. geometric and temporal domains to
comparisons, n = 36.

create a DR framework for calcium recordings, our approach corroborates earlier
findings'® and introduces a unified framework for interpreting complex state-dependent

network dynamics while adding novel insight.

Neuronal network dynamics of murine S1 L2/3 under increasing concentrations of
isoflurane

As a second illustration of the CaNetiCs pipeline, we analyze calcium recordings from
layer 2/3 of murine S1 (n = 36 rodents). The experimental context begins with imaging of
an awake or baseline state, increases to an intermediate anesthetic concentration (0.7%
Isoflurane), proceeds to a deeper anesthetic concentration (1.4% Isoflurane), and ends
with imaging of a recovery state with no anesthetic (examples in Fig. 9a). In Noueihed et
al ', the authors used these data to show that single-cell neuronal activity becomes more

sparse and more uniform, as a function of entering deeper levels of anesthetic sedation.
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Figure 9. Optimal Dimensionality Models for Murine Isoflurane Dataset. a) Activity traces for a subset
(n=25) of neurons, for a single animal, across conditions. b) Distribution of optimal components for all
animals, across states (n = 36). ¢) Mean variance explained curve with standard deviation intervals (n=36).
d) Mean Akaike Information Criterion (AIC) curve with standard deviation intervals (n=36). ¢)
Visualization of neuronal weights at optimal dimensionality for animal shown in a), standardized across

conditions for comparison. f) Aggregated neuronal weights for each animal at optimal dimensionality (n =
[27711, 27589, 22354, 26388], respectively).

Here, we re-use these data to illustrate application of the CaNetiCs pipeline.

We begin by analyzing the variance explained versus the number of components across
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the three anesthetic conditions. We find that variance was most rapidly captured by the
deeply anesthetized state (1.4% Isoflurane), with a distinct gap between this condition
and the others (Fig. 9¢). This finding aligns closely with prior analyses of single neuronal
activities, which demonstrated a marked decrease and increased uniformity or correlation
of neuronal activity under deep anesthesia'!. The variance explained analysis
corroborates these findings by rapidly capturing the simplified, more correlated neuronal
activity patterns characteristic of deep anesthesia. Computing the Akaike Information
Criterion (AIC), we observe a similar trend (Fig. 9d). The deep anesthetic state
consistently showed the lowest AIC values, indicating optimal model complexity at fewer
components due to the relatively simpler activity profile. Evaluating the optimal number
of components inferred from the minimum of the AIC curves, we find that the deeply
anesthetized state (1.4% Isoflurane) requires significantly fewer components to represent
neuronal activity compared to all other anesthetic conditions (Table 3, Wilcoxon Signed-
Rank test, corrected for multiple comparisons, n=36). No significant differences emerged
among the other anesthetic conditions regarding optimal dimensionality (Fig. 9b).
Examining the neuronal weights for a single representative model, we find results
consistent with previous analyses. Specifically, visual inspection (Fig. 9¢) suggests
neuronal weights are consistently highest during the awake state, indicating active
neuronal contributions. Intermediate and recovery states exhibited more moderate
neuronal contributing to the model, albeit with increased intermittency, while the deeply
anesthetized state demonstrated comparatively minimal neuronal weights. To

characterize these observations, we aggregate neuronal weights across all animals and
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experimental conditions and find neuronal weights are highest in the awake condition,
followed sequentially by the recovery and intermediate states, with the deeply
anesthetized state consistently demonstrating the lowest neuronal weights (Fig. 9f).
Taken together, these results highlight the capacity of our DR approach to robustly
capture the underlying structure of neuronal activity in reduced-dimensional
representations, adjusting dimensionality as the anesthetic conditions informed the
information criterion. Importantly, our analyses consistently suggest the presence of an
intermediate state, distinct from both the deeply anesthetized and awake baseline states.
This intermediate state is characterized by moderate neuronal activity complexity, driven
by lower component weights and reduced interactions between neuronal networks, along
with decreased overall neuronal activity. However, it maintains a dimensionality similar
to that observed in the awake state.. This intermediate state, partially uncovered here and
suggested by previous studies!!, emphasizes the nuanced neuronal dynamics underlying
anesthetic-induced changes in cortical activity.

Finally, we fit three-dimensional models to each animal across all experimental states to
further analyze the neuronal dynamics. Visual inspection reveals activity patterns

consistent with previous analyses of the neuronal activity'!.
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Figure 10. Three-Dimensional Low-Dimensional Component Space Models for Murine Isoflurane
Dataset. a) Component activity traces for first three components for the same animal shown in Fig. 9a). b)
Decomposed frequency content for components shown in Fig. 10a). c¢) Visualization of neuronal weights
for single three-dimensional models for the same animal in Figs. 10a,b). d) Aggregated neuronal weights
for all three-dimensional models, across animals and states (n = 10743). e) Plotted low-dimensional
component space of components against each other, with encapsulated volume, for animal shown Fig.
10a,b,c). f) Distribution of volumes, across animals and states (n=36). g) Distribution of directions, across
animals and states (n=188928). h) Distributions of speeds across animals and states (n = 188928)

The awake state displays the most extensive activity, followed by intermediate activity
levels during intermediate anesthesia (0.7% Isoflurane) and the recovery state, with
significantly reduced activity evident in the deeply anesthetized state (1.4% Isoflurane)
(Fig. 10a). Subsequent spectral analyses revealed little to no structured differences
independent of activity levels across anesthetic conditions, indicating frequency content

changes primarily reflect overall activity amplitude (Fig. 10b).

Qualitative visualizations of neuronal
Comparison Components p-value
weights decomposed into three
0% Iso - 0.7% Iso 0.052
0% Iso - 1.4% Iso 4.05¢-09 components for a single
0% Iso - Recovery 0.360 representative model indicate trends
(V] - .
0.7% Iso - 1.4% Iso 1.41e-06 consistent with the more
0.7% Iso - Recovery 1.000 comprehensive optimal models,
1.4% Iso - Recovery 4.86e-08 exhibiting increased sparsity, with

Table 5. Significance values for statistical comparison of few neurons making meaningful
volume expanse in space, found in Fig. 10f). Wilcoxon
Rank-Sum Test, corrected for multiple comparisons, n

py contributions. This sparsity likely

reflects the inherent limitation of capturing the full complexity of neuronal dynamics
within just three dimensions, underscoring the need for higher-dimensional

representations to fully encapsulate the data (Fig. 10c). Expanding this analysis
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quantitatively by aggregating neuronal weights across all animals confirmed the observed
qualitative trends. The awake state again showed the highest neuronal weights, with
intermediate and recovery states presenting moderate weights, and the deeply
anesthetized state consistently exhibiting minimal contributions. This suggests that
although reduced dimensionality captures broad dynamics, it misses details present in
higher-dimensional optimal models (Fig. 10d).

Further, plotting neuronal activity in three-dimensional state space revealed that the
awake state demonstrated the most expansive and dynamic exploration of this space,
consistent with its greater and more diverse neuronal activity (Fig. 10e). Quantitative
assessments of volumes encapsulating these trajectories showed statistically significant
smaller volumes in the deeply anesthetized state compared to all other states (Table 4,
Wilcoxon Rank-Sum test, corrected for multiple comparisons, n=36). Moreover, an
emerging, though not statistically significant, trend indicated intermediate spatial
volumes for the 0.7% Isoflurane and recovery

states, highlighting potential intermediary characteristics between awake and deeply
anesthetized conditions (Fig. 10f).

Analyzing directional movement in the three-dimensional space revealed a shift from
predominantly stochastic trajectories with a preference for small directional changes in
the awake state, towards more distinct bimodal directionality under deep sedation, further
positioning intermediate anesthesia and recovery states as transitional (Fig. 10g). Finally,
evaluating distances traveled through the three-dimensional space revealed relatively

similar trajectories across all states, excluding the deeply anesthetized state, which
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consistently showed reduced movement.

Collectively, these analyses reinforce the utility of the three-dimensional low-
dimensional component space framework in capturing key aspects of neuronal dynamics
and revealing nuanced insights, such as a potential intermediate state as a function of
entering and exiting anesthesia, that might not immediately be evident from single-
neuron analyses alone. The relationships observed among states, dimensionalities,
activities, and transitional states underscore complex neuronal dynamics modulated by
anesthetic depth and recovery.

Overall, our analytical pipeline extracts low-dimensional representations of neuronal
calcium recordings that not only recapitulate findings from previous analyses but also
enable novel insights into neuronal network dynamics across experimental conditions.
The combination of information-theoretic optimization with dimensionality reduction
yields interpretable structures that align with known biological phenomena, such as
anesthetic-induced suppression and decorrelation of neural activity. Moreover, we
demonstrate that our unsupervised approach can robustly uncover markedly different
underlying structures across species, highlighting the method’s generalizability and broad
applicability. By providing both quantitative and qualitative validation of network
dynamics, we demonstrate that our toolbox offers a unified, flexible framework for
analyzing diverse neuronal datasets. These results illustrate that dimensionality-reductive
modeling, when standardized and optimized as in our toolbox, not only confirms previous
findings but also opens new avenues for hypothesis generation and deeper biological

interpretation.
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Discussion
Here, we present an integrated analytical pipeline centered around NMF for the
dimensionality reductive analysis of neuronal calcium recordings and wrap this
framework into an open-source toolbox. Our goal was to provide a standardized, tunable,
and interpretable approach for reducing complex neuronal population activity into
tractable low-dimensional representation with easily implementable software.
We validated our approach by applying it to two distinct datasets, calcium recordings
from C. elegans and L2/3 murine S1 cortex under varying depths of isoflurane anesthesia.
Across both datasets, our method robustly captured biologically meaningful differences
in neuronal dynamics between experimental states!®!!. Notably, the low-dimensional
structures extracted by NMF closely concurred with previous analyses of these datasets,
while providing new avenues for quantitative and geometric analysis, such as
characterizing the expanse of network activity in state space and the smoothness of
neuronal trajectories moving in a dimensionally reduced space. Importantly, we observed
that the extracted low-dimensional representations differed substantially between species,
following true underlying biological distinctions, rather than analytical artifacts. This
ability to adaptively capture species-specific network structures in an unsupervised
manner underscores the generalizability and broad utility of the approach. Further, when
comparing three-dimensional decompositions to the optimal dimensionality fits, we
observed an important difference between species. In C. elegans, where the underlying
neuronal dynamics are comparatively simpler, fitting to three components recapitulated

much of the structure captured at the optimally inferred dimensionality. This suggests
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that the dominant modes of neuronal activity in C. elegans are highly compressible and
well-approximated by this lower-dimensionality state space. In contrast, the murine S1
cortex recordings, characterized by more complex and heterogeneous dynamics, revealed
that the three-dimensional models began to capture broad trends across anesthetic states
but failed to fully encapsulate the richness of the underlying activity. Here, the reduced
dimensionality truncated finer structure, particularly in intermediate and recovery states.
This highlights a critical consideration. While low-dimensional representations are highly
informative, the appropriate dimensionality must be chosen with regard to the biological
complexity of the system under study.

Given the hierarchical structure of our data, we focused our statistical analyses on
measures aggregated at the level of the animal, such as optimal dimensionality and
volumes spanned in state space, rather than on per-point measures like individual neuron
weights, speeds, or directions, which exist at vastly higher scales (10°-~10° points per
condition, detailed in the Fig. captions for each distribution). While the modest number of
animals naturally limits the statistical resolution attainable for detecting subtle effects,
our aim was not to derive absolute metrics but rather to robustly evaluate relative
differences across experimental states. These relative comparisons, such as shifts in
dimensionality or space coverage with anesthetic depth, are highly interpretable and
biologically meaningful even with moderate sample sizes. Thus, our approach
emphasizes the practical utility of low-dimensional analysis for discerning clear network-
level changes, without overinterpreting absolute effect sizes beyond the inherent

sampling resolution.
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Several potential future directions naturally follow from our work. One intriguing avenue
would be to leverage the NMF-derived models fit to specific states as "basis sets" for
transforming and projecting activity from different states, enabling quantitative
comparisons across conditions in a common low-dimensional subspace. This could allow
a more nuanced understanding of how network structure shifts with perturbations such as
anesthesia, aging, or disease. Moreover, future work could integrate constraints or priors
more deeply into the decomposition process to reflect known network motifs or
anatomical features, moving toward semi-supervised or guided dimensionality reduction.
Additionally, the use of dynamic or adaptive dimensionality, adjusting component
number over time in single states, could further improve resolution of state transitions
and network remodeling.

While the main analyses in this study focused on spontaneous NMF, fully unsupervised
decomposition and dimensionality, we also implemented a constrained version (CNMF)
to allow the imposition of specific analytical designs or hypotheses. CNMF has been
widely applied to trace extraction and motion correction tasks**->%>1:3357 Here, we
implement and reframe as a flexible analytical tool for controlled, hypothesis-driven
analysis of low-dimensional structure, opening new possibilities for targeted network
investigations.

Beyond NMF and CNMF, we also implemented the standard and widely employed
methods of PCA, ICA, and UMAP in our toolbox. While NMF is an exceptional method
for optimizing for these low-dimensional representations of macroscopic activity, each of

these dimensionality reduction techniques offers distinct advantages depending on
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analytical goals: PCA identifies orthogonal axes of maximal variance; ICA seeks
statistically independent sources; UMAP preserves both local and global relationships
through nonlinear manifold embeddings. By integrating these approaches, we provide
end-users flexibility to tailor dimensionality reduction to the specific needs of their
biological questions.

In addition to building tools for activity analysis, we, further, incorporated simulation
modules that allow users to generate synthetic neuronal network recordings with tunable
properties. These modules, implementing both interconnected and independent process
models'®, provide a powerful exploratory tool for validating dimensionality reduction
strategies and understanding model behavior under controlled conditions.

Nonetheless, important limitations must be acknowledged. A major constraint in applying
dimensionality reduction methods is the necessity of balancing the sample size of animals
against the inherent complexity of the data. While dimensionality reduction is predicated
on the assumption that k<n, where k is the number of components and n is the number of
neurons, statistical power ultimately derives from the number of independent biological
replicates. In practice, acquiring sufficient sample sizes of high-resolution calcium
recordings can be labor-intensive and technically demanding. Thus, interpretations drawn
from low-dimensional structures must always be made with careful consideration of the
biological sampling resolution.

In conclusion, here we introduce an accessible, flexible, and extensible framework,
wrapped into a software toolbox, for applying dimensionality reduction to neuronal

calcium imaging data, validated across multiple species and conditions. Our results
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demonstrate that standardized dimensionality reductive modeling not only reproduces
prior observations but extends them, offering new biological insights and frameworks for
interpreting network dynamics. We anticipate that this toolbox will facilitate a broader
adoption of systematic dimensionality reduction in neuroscience, enabling researchers to

more easily reveal structure within complex neuronal populations and recordings.

Methods

Dimensionality reduction (DR) methods

Nonnegative Matrix Factorization (NMF):

We focus our analysis on implementing Nonnegative Matrix Factorization (NMF)
because of its superior ability to analyze calcium signals'8. NMF is a linear
decomposition DR technique that aims to factor a given matrix into two constitutive
lower rank matrices, where all elements of all matrices are constrained to be nonnegative.
Given by a matrix X € R™", NMF aims to decompose X into two lower rank matrices W

€ R™* and H € R¥™, such:

(Eq. 15)

where we can capture a significant portion of the variance at k << min(m,n)’®, and the
multiplication of W and H optimally approximates X for k**. The accuracy of the
approximation is described by the variance explained as represented by the coefficient of

determination (R?) ”°, and is given by:
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R2—=1— SSres ’
SStot

(Eq.16)

where,

SSres = Z(Xi,j — (WH); )?,
i,j
SStor = Z(Xi,j _)_()2 .
i,j

(Eq. 17,18)

with the model better decomposing the original data in X as R? increases, perfectly
capturing it as the limit of the variance explained approaches one. A major advantage to
NMF is the adaptation of Akaike information Criterion (AIC) for more robustly selecting

80,93

the number of dimensions for decomposition **”°, where the optimal number of

components minimizes®':

AIC = 2(

SS
2T€S+¢)

o2
(Eq. 19)

where SSyes is the sum of the squared residuals (Eq. 3), 6% is the estimated variance of the
dataset, and v are the free parameters in the model (the number of dimensions being
decomposed into k, multiplied by the sum of the dimensionality of X, m + n). AIC
provides a more objective metric for optimization, as opposed to the “elbow” method
used in other DR contexts?”%, directly informing the optimal dimensionality of the

reduction.
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Linearity lends itself to more interpretable model representations at the cost of going
beyond very low-dimensionality as is common in nonlinear manifold learning®>%. We
can interpret each entry of each row of H as a neuron’s contribution to that component or
sub-network of activity, and each column of W is then interpreted as the time-series for
that component. Nonnegativity furthers the interpretability conferred by linearity
because the data are modeled as the sum of the components, where each component can
be interpreted as a specific combination of input features, representing distinct sources of

variation in the data’’.

Modeling NMF low-dimensional component spaces in three-dimensions:

Previous research has used linear components and nonlinear components modeled in
three-dimensional space, found in W, to further analyze the neuronal dynamics!%6

69.94.95 Here, we build an expanded framework for low-dimensional component space

analysis.

Fitting geometries to component activity in three-dimensions:

To quantify the extent of neuronal activity represented in three-dimensional space, we fit
geometric closed surfaces to the derived curves. The enclosed volume serves as a robust
metric to describe the spatial expanse of neuronal activity. Specifically, we apply
standard convex hulls’® or alpha shapes®’, using established computational libraries”®* to

define precise geometric boundaries around activity patterns. A convex hull is the

smallest convex set enclosing all points, often resulting in an overestimation of volume
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due to its convexity constraint, while alpha shapes provide a more flexible fit, capturing
concave features by adjusting a tunable parameter (alpha) that determines the granularity
of the boundary. The resulting volume enclosed by these surfaces provides a quantitative

measure to characterize the spatial dynamics and expanse of neuronal activity.

Analyzing the movement of component activity in three-dimensions:

Following previous research, we quantify the smoothness of activity trajectories by
calculating the angles between consecutive segments, where smaller angles represent
smoother transitions’* indicative of consistent neuronal dynamics. Conversely, larger
angles can identify abrupt transitions or instability in neuronal activity. Additionally, we
evaluate the dynamics through computed speeds, defined as the Euclidean distance
between consecutive points along the curve. Higher speed values indicate rapid shifts in
neuronal network states or activity bursts, whereas lower speeds correspond to periods of

relative stability or sustained network states.

Constrained Nonnegative Matrix Factorization (CNMF):

Another major advantage of NMF is that it can be constrained after initialization to force
optimization towards a more biased or specified model'®. CNMF has become state of the
art for automated trace extraction of calcium recordings**%>15357 However, constraining

has yet to be implemented for more targeted analysis of dynamics. We do so here.
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Similarly to NMF, CNMF satisfies:
X=W(AQH)

(Eq.20)

where A is a constraint matrix that enforces constraints on selected entries of H.
Specifically, A has the same dimensions as H and contains values indicating which
elements of H remain free (1) and which are constrained (0). The elementwise
multiplication A O H then applies these constraints directly, effectively enabling or
disabling individual elements of H. We note that for this implementation to remain
constrained, multiplicative solvers must be used!®.

We validate our implementation of CNMF using artificially generated datasets.
Specifically, we generate random Gaussian data for X, W, and H, and incorporate
constraints through a randomly generated binary matrix A. This ensures that each
element of H is properly constrained according to A during the optimization process (Fig.

11). We provide the pseudocode for an implementation of CNMF below:

Input: X [n_samples x n_features]

1: W, H=1init. WH(n_components = target component_number)
2: A = init_A # this is user defined for analysis purposes
3: model constrained = optimize with _constraints(X, W, H, A)

*the only differences between an NMF implementation and the above CNMF implementation are in
the necessary initializing of the constraint, and the providing of the constraint matrix to the

optimization function
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Figure 11. Constrained Nonnegative Matrix Optimization Proof of Constrained Optimization. a)
Initialized 25%25 random matrix before optimization. b) Same 25x25 matrix as shown in a), after
optimization. c¢) An initialized binary matrix to constrain the matrix shown in a). d) Difference between
weights, before and after optimization, split according to constraint status.

Other feature implementations in our software wrapper

Other NMF initializations:

For our analyses, we initialize using nonnegative singular double value decomposition, a
proven method to improve model convergence speed®. However, a variety of methods
can be used to initialize an NMF with advantages, disadvantages, and different end goals
for what components should capture®***. Here we also implement custom, nonnegative

PCA, and kmeans clustering initialization methods, in addition to the ones provided by
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sklearn®?, to allow for more granular user control for analysis, across the general different

end goals of initializations®*%4.

Other DR methods:

In addition to NMF and CNMF, our software wrapper integrates a comprehensive set of
widespread and previously characterized dimensionality reduction (DR) approaches in
the context of this analysis'®. We employ Principal Component Analysis (PCA),
Independent Component Analysis (ICA), and Uniform Manifold Approximation and
Projection (UMAP). PCA identifies orthogonal axes of maximal variance, ICA seeks
statistically independent components in the data, and UMAP applies a nonlinear approach
to preserve both local and global structure in the data. We implement these additional
methods to broaden the analytical capabilities of the software and offer a high degree of

user customization for more specific or targeted analyses.

Neuronal network simulations:

Previous research has implemented network simulation methods to generate artificial data
to validate model performance'®?’. Here we build a practical and easily tunable way to
implement two simulation paradigms, the interconnected networks model in which
neurons exhibit user-defined degrees of mutual influence, and the downstream or
independent process model, where each neuron (or group of neurons) are primarily
driven by separate input streams'8. While previous research structured a specific set of

connection of parameters for validation, our implementation allows full user tunability of
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parameters across architecture, firing rate, temporal resolution, and connection
distributions!®, in addition to full tunability of calcium signal simulation as well, to

account for a broad range of sensor dynamics'$>*°!,

Validation analysis of previously collected experimental data

Neuronal network dynamics of C. elegans under increasing isoflurane:

Using NMF, we investigate the neuronal network dynamics of previously collected C.
elegans recordings under increasing concentrations of anesthesia (0% Isoflurane, 4%
Isoflurane, and 8% Isoflurane), for ten animals. Briefly, researchers encapsulated C.
elegans in a permeable hydrogel and used light-sheet microscopy to image nearly all head
neurons (n = 150) expressing GCaMP6s (a calcium indicator) at two volumes per second
to measure fluorescent activity'?. Neurons were tracked over time, across conditions, and

normalized activity extracted!%!101-104,

Neuronal network dynamics of murine layer 2/3 in murine S1 under increasing

isoflurane:

We further investigate neuronal network dynamics of layer 2/3 of murine S1, also under
increasing concentrations of isoflurane (0%, 0.7%, 1.4%, and recovery), for 36 animals.
Previous work recorded two-photon calcium imaging in head-fixed mice at a frame rate
of 29.16 Hz'!, systematically varying the inspired isoflurane concentration. The same

neurons were also tracked across conditions'!, and activity also extracted!!>%>?,
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Recording analysis pipeline
We develop and implement a standardized pipeline to analyze both recording sets. For
each animal in either dataset, we first set the minimum of all traces to 0, to satisfy the
constraints of nonnegativity. We then concatenate the recordings across all experimental
states to globally normalize activity across each animal, setting the animal minimum to 0
and the maximum to 1. With traces on the same scale across experimental contexts, for
each experimental condition, we begin by iteratively fitting models for the first twenty-
five components to quantitatively characterize the profile of variance explained and
information criterion as a function of adding components. Further, by characterizing the
information profile for a particular recording, we can also find the optimal number of
components to describe the recording'®, at the minimum of the AIC curve®!.
We continue by fitting the recording to the optimal number of components to analyze
neuronal contributions (found in H) [Eq. 15] to patterns of activity in an unsupervised
learning fashion.
Finally, we fit a three-component model to apply NMF in three-dimensional space.
Recent DR analysis of our data revealed oscillatory dynamics in three-component
space'’. Here, we extend these previous findings by quantifying the oscillatory properties

through spectral analysis using a standard Fourier transform!®

. We conclude by finding
the space encapsulating the activity in three-dimensional space, volume, and

characterizing its movement about space, speed and direction.

We provide the pseudocode for our analytical pipeline below:
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Input: animal_recordings [time points X neurons x experimental epochs]

1: make trace minimum for all traces across epochs 0

2: concatenate traces [time points * experimental epochs x neurons]

3: normalize traces from (0,1)*

4: split traces into original dimensions [time points X neurons X experimental epochs]

5:  for epoch in epochs:

6: initialize list of variance explained, and AICs

7: for i in range(1, num_components) # we use 25

8: W, H =init WH(n_components = i)

9: NMF_model = optimize(X, W, H)

10: var_ex_list.append(NMF_model.var_ex)

11: AIC list.append(NMF_model.aic)

12: optimal_components = min(AIC _list)

13: W _optimal, H optimal = init WH(n_components = optimal components)

14: model optimal = optimize(X, W_optimal, H_optimal)

15: W _state space, H state space = init. WH(n_components = 3)
16: model_state space = optimize(X, W_state space, H_state_space)
17: volumes, directions, speeds = analyze state space(model state space.W)

* we normalize using the global maximum and minimum of the trace set to preserve the relative

difference between them.
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CHAPTER FOUR: A data augmentation procedure to improve detection of spike
ripples in brain voltage recordings
Adapted from Schlafly ED*, Carbonero D*, Chu CJ, Kramer MA. A data augmentation
procedure to improve detection of spike ripples in brain voltage recordings.
Neuroscience Research (2025); 215, 15-26. https://doi.org/10.1016/j.neures.2024.07.005

* represents equal contribution from authors, Carbonero written text in maroon

Abstract

Epilepsy is a major neurological disorder characterized by recurrent, spontaneous
seizures. For patients with drug-resistant epilepsy, treatments include neurostimulation or
surgical removal of the epileptogenic zone (EZ), the brain region responsible for seizure
generation. Precise targeting of the EZ requires reliable biomarkers. Spike ripples —
high-frequency oscillations that co-occur with large amplitude epileptic discharges —
have gained prominence as a candidate biomarker. However, spike ripple detection
remains a challenge. The gold-standard approach requires an expert manually visualize
and interpret brain voltage recordings, which limits reproducibility and high-throughput
analysis. Addressing these limitations requires more objective, efficient, and automated
methods for spike ripple detection, including approaches that utilize deep neural
networks. Despite advancements, dataset heterogeneity and scarcity severely limit
machine learning performance. Our study explores long-short term memory (LSTM)
neural network architectures for spike ripple detection, leveraging data augmentation to

improve classifier performance. We highlight the potential of combining training on



86

augmented and in vivo data for enhanced spike ripple detection and ultimately improving
diagnostic accuracy in epilepsy treatment.
Introduction

Epilepsy is a significant neurological disorder, with an estimated prevalence rate
of 6.38 per 1,000 individuals experiencing active epilepsy at any given time'®. The
diagnosis of epilepsy encompasses a diverse array of neurological syndromes, all
characterized by the commonality of recurrent, spontaneous seizures. Seizures are
typically unpredictable interruptions of normal brain function, concurrent with
abnormally excessive and synchronous neuronal activity!'?:19, In focal epilepsy, seizures
begin in a dysfunctional brain region and propagate!?. For patients with drug-resistant
epilepsy (when medications fail to prevent seizure recurrence), therapeutic options

110-112

include neurostimulation or surgical removal of sufficient epileptogenetic cortical

tissue, aiming to diminish seizure frequency!%!13,
To identify the epileptogenic zone (EZ) — the cortical tissue responsible for seizure

114

generation — and target subsequent treatment requires a reliable biomarker . Ripples —

oscillations characterized by their brief duration, low amplitude, and high frequency (80—

5 Clinical studies demonstrate that

250 Hz) — have emerged as a candidate biomarker
ripples occur more often in the seizure onset zone (SOZ)!'!!° suggesting their utility in
localizing epileptogenic regions. Moreover, resection of ripple generating tissues has

been associated with improved patient prognoses!!®~122, Despite the promise of ripples as

a biomarker for the EZ, detection poses significant challenges’. The current gold

standard to identify ripples relies on manual interpretation of invasive or non-invasive
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electroencephalogram (EEG) recordings'?® by experts, or manual validation of detection
by automatic processes'?*. These manual approaches not only demand substantial time'?>,
but also suffer from poor inter-rater reliability!?®, limiting reproducibility. To address
these limitations requires more objective, efficient, and automated detection methods,
which could dramatically enhance the precision and reliability of surgical epilepsy
treatments.

The task of differentiating between epileptic events and normal brain activity is further
complicated by the presence of both physiologically normal and epileptic ripples within

cortical tissue. Physiological ripples, associated with human memory processes'?’ 1%,

are
indistinguishable from epileptic ripples in duration, amplitude, and spectral frequency!'?*
132 One approach to distinguish the pathological events associated with epilepsy is to
identify ripples that occur with epileptiform spikes — high amplitude (~100 uV), long
lasting (~100 ms) deviations in the brain’s voltage activity — which serve as a marker of
epilepsy with high specificity!4!3313% Previous studies suggest that these co-localized
spike and ripple events (spike ripples) provide a better marker for brain regions that
generate epileptic seizures than either of the events in isolation!>13%:136,

Modern machine learning approaches provide novel tools to automate and improve
detection of the interictal (i.e., between seizure) electrophysiological events associated
with epilepsy. Existing studies have implemented different deep learning approaches to
automate the detection of spikes, ripples, and spike ripples!*’. One common approach

employs convolutional neural networks (CNNs), efficient in image classification?!.

Application of CNNs requires converting EEG recordings into images, for example
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expressing the activity as a spectrogram image. Subsequently, a CNN can be trained to
recognize specific features of spike ripples within these spectrogram images’>!3%1% This
approach leverages the ability of CNNs to discern patterns in image data, without
requiring specific feature selection.

An alternative deep learning approach implements Long-Short Term Memory models
(LSTMs)?2, a variant of Recurrent Neural Networks (RNNs) suitable for time-series data.
LSTMs have been applied to classify EEG spikes during the interictal period, using a
series of extracted time domain features'*’. Other approaches have focused on Fourier-
transformations of these time-series, using frequency-domain features to classify spikes,
ripples, and spike ripples in intracranial EEG?. Another approach employs an LSTM to
provide continuous predictions at each point in a time series, aiming to enhance the
temporal resolution and predictive accuracy of event detection'*!.

Despite the emergence and growing prominence of these methods to identify the
interictal electrophysiological events of epilepsy, their performance and reproducibility
are limited by the inherently heterogeneous, variable, and small number of datasets
available for training!*>!4*. However, data augmentation approaches have emerged to
mitigate these limitations. Recent studies have shown that artificially enhancing and
expanding datasets improves the performance of epileptiform event detection, helping to
address the challenges of data scarcity and variability!#14,

Here we introduce a new data augmentation strategy to increase the number of spike and

spike ripple events available for training a neural network. To generate synthetic traces

containing spike ripples and spikes without ripples, we estimate spike and ripple features
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from in vivo data and the existing literature, and then generate new instances of events
from these estimates. This approach allows us to create an arbitrarily large training set
not constrained to specific features observed within a limited dataset. We then use these
data to train two existing LSTM model architectures developed to classify ripple events,
one in the frequency domain?, and another in the time domain'*!. We find that a
combination of sequential training on augmented, then in vivo, data produces the best
performing classifiers. These results demonstrate the potential of data augmentation as a
supplement to model training for further improvement of spike ripples detection in
human brain voltage recordings.

Methods

Human dataset
In this study, we re-use human data from'® as described and analyzed in”>. To summarize,
we analyze EEG recordings (sampled at 2035 Hz) from 34 participants: 21 with
childhood epilepsy with centrotemporal spikes (CECTS, age 4.9-16.8 years, 17 males)
and 13 controls (age 8.7—-14.3 years, five males). For each participant, all available data
recorded during non-REM sleep were selected for analysis (range 214-2840 s, mean
1030 s). Medications included lacosamide (2 participants), levetiracetam (8 participants),
lamotrigine (2 participants), and oxcarbazepine (1 participant); see Table 1 of '° for
additional details. We analyze one EEG channel per hemisphere per participant,
prioritizing channels with interictal spikes or selecting C3 and C4 electrodes if no spikes

were present. Detailed clinical data are available in '°.
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Augmented dataset
We generate synthetic spike ripples by dividing these events into three components: a
spike-wave component, a ripple component, and background noise. We generate each
component separately, as described below, and then sum these components to generate
the composite spike ripple event.
Spike-wave:
We parameterize the spike-wave waveform using Piecewise Cubic Hermite Interpolating
Polynomials (PCHIP). PCHIPs are a class of spline comprising cubic polynomials that
are monotonic on an interval and C' at the knots!4"-14,
The monotonicity means that the spline can be constructed to predictably reproduce the
prototypical peak-valley-peak morphology of a spike-wave using parameters that are
intuitive and interpretable (Fig. 12). Here, we use five knots corresponding to different
features of the spike-wave: spike onset, spike peak, post-spike valley, wave peak, and
wave termination. The coefficients at the first and last knots are fixed so that the spike-
wave evolves on a baseline of 0. As a result, the waveform is characterized by 8
parameters: 5 knot positions (41, ..., ks) and 3 coefficients to characterize waveform
amplitude (Vpeak, Vir, Vwave ). For interpretability, we transform knot positions to the time of
the spike peak (fpeax) and a set of four segment widths (w1, ..., wa):

tpeak =k = w;= kiy1— k;

(Eq. 21)
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see Fig. 12.
W, W, W3 Wa
g >

Figure 12. Spline construction of the synthetic spike-wave. (A) The waveform is divided into four
segments: spike rise (w1), spike descent (w2), wave rise (w3), and wave descent (w4). The waveform
amplitude at the transition between segments is characterized by parameters vpeak, vtr, vwave ; parameter
tpeak indicates the timing of the spike peak. (B) Three examples of synthetic spike-waves (pink) generated
using parameters based on in vivo observations (black); black scale bars below the spike peak indicate 1
standardized unit; intervals are 1 second in duration.

Ripples have been described as “spectral islands”, or isolated regions of relatively high
spectral power in spectrogram images(Chu et al., 2017; Kramer et al., 2019; Nadalin et
al., 2021). We model these islands as a function m of distance R from a center point in
time-frequency space:

R S5 wobr, aBy) = alf — pup)? + 2B(f — up ) — we) + v(E — we)?

m(R; A,¢) = Ac exp[-max(R — 1,0)]

(Eq. 22, 23)
These equations define an ellipsoidal island centered at [, /] with maximum amplitude

Ac (a scalar multiple of c); the island has a plateauing top so that m(s) = Ac for R(*) < 1.
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The function m resembles a 2D-Gaussian, except for the plateauing top. Gaussians are
often described in terms of variance and correlation, making this a more intuitive
description of the spectral island. For this reason, we convert the coefficients a, S, y to

variance and correlation of the corresponding 2D-Gaussian:

[aﬁ B IGZf Sftl
ﬁy B Srt O'Zt

Sft = POrO

(Eq. 24, 25)

To simulate a ripple, we generate a 2s Gaussian white noise trace and then filter (1000
order FIR) the signal to ps+ or; this narrowband filtering step minimizes leakage from
higher frequencies and produces ripples with sinusoidal shape!*1>!. We then compute
the continuous wavelet transform (CWT, Morse wavelet, 10 voices per octave!*) to
obtain the scalogram of the white noise trace and replace the amplitude component of the
scalogram with the spectral island estimated from Equation 23 with ¢ = 0. Finally, we
perform an inverse wavelet transform on the adjusted scalogram to obtain the simulated

ripple trace (Fig. 13).
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Figure 13. Synthetic ripple generation procedure. (A) Schematic representation of the algorithm for
generating synthetic ripples (see Methods). (B) Three examples of synthetic ripples (blue) generated based
on parameters estimated from in vivo observations (black). Black traces show the in vivo recording
bandpass filtered to 80-500 Hz. Panels show CWT scalograms of the in vivo and synthetic ripples; darker
colors indicate larger magnitudes; the horizontal (vertical) axis indicates time (frequency); frequencies
shown are between 80 and 500 Hz. Orange contour lines in scalograms indicate contours of fitted
magnitude surface. Each trace is 200 ms in duration.

Background signal:

Pink noise, as observed in neural field activity!>?, data were simulated as described in'*.

Briefly, pink noise is characterized by the relationship P(f) ~f~ “, where P(f) is the sample

power spectral density at frequency f. Here, we set a=1 consistent with in vivo
observations classified as background activity (Median=1.03, IQR=[0.96, 1.08]). The
resulting noise trace was scaled so that median power in the high frequency band ([80—
500] Hz) matches the ripple background level c.

Event selection and signal preprocessing:

Candidate spike ripple events were identified from the in vivo data using a semi-
automated detector and expert validation, as described in”>. Background events were

undetected by the semi-automated detector and validated by an expert not to contain a



94

spike ripple, as described in’>. The voltage recordings from each electrode were z-scored

relative to the median and median absolute deviation.

LSTM Frequency-Domain Method
In the frequency domain, we implemented the LSTM deep neural network defined in 2 to
detect spikes, ripples, and spike ripples. The input features to the network consisted of the
power estimated in three consecutive 0.25 s intervals (z-scored data within each interval,
Hanning tapered). Within each interval, the power (in decibels) was averaged within
eight bands: theta (4—8 Hz), alpha (8—13 Hz), beta (13—-30 Hz), gammal (30-56 Hz),
gamma? (64-116 Hz), ripl (124176 Hz), rip2 (184—196 Hz), and rip3 (204-236 Hz).
We note that the bands at higher frequencies (>80 Hz) were chosen to avoid electrical
noise artifacts at frequencies 120 Hz, 180 Hz, and 200 Hz, as in**. For each event in the
human and augmented datasets, the size of the input data to the LSTM network was [8 x
3], corresponding to the number of frequency bands (8) by the number of time points (3).
The network consisted of 5 layers: (1) a sequence input layer with 3 inputs (the number of
time points), (i1) a bidirectional LSTM layer with 200 hidden units, (ii1) a fully connected
layer with two outputs, (iv) a softmax layer, and (v) a classification layer that computed
the cross-entropy loss for classification with two mutually exclusive classes (spike ripple
or not). We trained the neural network using the Adam optimization algorithm, with a
maximum of 200 epochs, a gradient threshold of 1, and a piecewise learning rate
schedule with initial learning rate of 0.001 and learning rate drop period of 200 epochs.
Data shuftling was performed every epoch to prevent the model from memorizing the

order of samples.
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LSTM Time-Domain Method
In the time domain, rather than implementing a new instance of a previously published
architecture (as we did for the frequency-domain method), we instead leverage transfer
learning'>? to implement a pre-trained LSTM (detailed in ) for the detection of spike
ripples. This original model was trained to detect hippocampal sharp wave ripples, an
electrophysiological phenomenon exhibiting temporal and spectral characteristics
analogous to spike ripples. Given this similarity, we hypothesized the existing network
would identify spike ripples, with fine-tuning further adapting the network to improve
performance. Further, while we implemented previously published architectures for both
the frequency- and time-domains, we only reinitialized the frequency-domain network
because the time-domain network is more complex and would require re-learning of
many more parameters and therefore a much longer training time.
The input to the network consisted of in vivo or simulated time series data. The output
was also a time series, the same length as the input time series, indicating the probability
of a spike ripple at each time. Compared to the frequency-domain LSTM method, the
architecture is more complex, consisting of two deep bi-directional LSTM layers, flanked
by a series of dropout and batch normalization layers. Before reaching the LSTM layers,
the data were first transformed by a Gaussian, and then a series of 1D convolutional
layers, also flanked by dropout and batch normalization layers'#!. Here, we simplified the
network architecture by replacing the final time distributed layer with a global pooling
layer to transform the output from a time series to a single number. We also added a fully

connected sigmoid activation layer for binary output. In training the network, we froze all



96

layers except the two newly added layers and the final bi-directional LSTM layer to
prevent overfitting.

To train the network, we used the same parameters employed in the original network
except for the number of epochs and batch size (here, 128 epochs at a batch size of 32)'4!.
We downsampled the EEG data (from 2035 Hz to 1250 Hz) to match the original
network!*!, using the scipy signal resample’® method. We applied the network to a 0.5 s
interval of data, centered at the time of the event. For each time series, we report a binary
label (0 or 1) indicating the absence or presence of a spike ripple, respectively. We

shuffled the data to avoid learning of order before training.

Training and Testing
We trained each detector in three ways: (1) using only the in vivo data, (2) using only
synthetic data, and (3) using a combination of in vivo and synthetic data. (1) First, we
implemented a leave-one-out (LOO) approach for training and testing each LSTM
architecture to evaluate performance across all available data, while minimizing bias
towards specific subjects and maximizing performance generalizability. For robust
testing of detector performance, we selected six LOO subjects (Fig. 14), each with at
least 23 spike ripple events (mean 113, maximum 207). There was a total of 677 spike
ripples combining all 6 LOO subjects. The size of the training set depends on the LOO
subject. For each excluded LOO subject, the training set consisted of all spike ripples
from the remaining subjects (mean 569, minimum 475, maximum 655), and an
equivalent number of events without spike ripples. For the latter, events were selected

randomly from all available subjects (n=31) with half of the events containing a spike
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alone (i.e., a spike without a ripple) and half of the events consisting of background
activity verified to not contain a spike or spike ripple’®. In this way, we created a
balanced training set. We note that the composition of events from the 28 subjects with
fewer than 23 spike ripples consisted of 1246 background events, 393 spike events, and 5
spike ripples (SO in Fig. 14). We also note that for every LOO subject, we train a newly
instantiated model for the frequency-domain detector and tune the best performing
instance of the time-domain detector. In this way, we do not iteratively update the neural
network model for each LOO subject, but instead tune a new instance of a neural network
model for each LOO subject. We note that, for both the frequency-domain and time-
domain methods, training resulted in 6 networks, one for each left out subject. We then
evaluated the performance of each trained neural network model exclusively on data from

the left-out subject.
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Figure 14. Event counts for the subject population. Number of
spike ripple, spike, and background events for each LO subject
(see legend). We test classifier performance on 6 subjects (labels
S1, S2, ... S6) and trained classifiers on all other subjects. The bar
labeled SO includes event counts for all other subjects (n=28).

(2) Second, we trained each LSTM architecture using synthetic data. The training set
consisted of K synthetic spike ripples, and K events without a spike ripple, for a total of
2K events, where K = {4000, 6000, 8000, 10000}. Events without a spike ripple included
all background events from all subjects not including the six LOO subjects (i.e., all
events verified to not contain a spike or spike ripple from subjects with less than 23 spike
ripples; total 1246 events) combined with the number of synthetic spike events required
to achieve a total of K events. For the frequency-domain method, from the resulting set
of 2K events for training, 10% were withheld for validation. For validation of the time-
domain method, we first generated another K/10 synthetic spike ripples and selected 10%
of background events from all available subjects. We then generated additional synthetic
events without a spike ripple so that the sum of these synthetic events and background
events totaled K/10; the resulting validation set for the time-domain method therefore

consisted of 2K/10 samples or 10% of the training set. We note that, for both the
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frequency-domain and time-domain methods, training resulted in one network, and we
evaluated performance on each left out subject.

(3) Third, we trained each LSTM architecture using a combination of in vivo and
synthetic data. To do so, we began with the networks trained using only synthetic data, as
described in (2) above. Then, for each LOO subject, we applied transfer learning to
update these pretrained networks. For the frequency-domain method, we replaced the
fully connected layer and the classification layer. To slow down learning in the
transferred layers, we set the initial learning rate to le-4, and increased the learning rate
to le-3 in the new fully connected layer. We also reduced the number of epochs to 50.
For the time-domain method, we began with the network trained on the synthetic data
and then fine-tuned the network using the in vivo recordings with the same parameters
and LOO protocol previously described in (1).

Finally, we note that we initially assessed the performance of the time-domain method
(RippleNet!*!) applied to the six LOO subjects without additional training. Because the
original time-domain method classifies each time point in a signal, we applied the
following labeling strategy. For each spike ripple, we labeled the time indices spanning
100 ms before and 50 ms after the event's center as positive for a continuous spike ripple
event. To evaluate the Receiver Operating Characteristic (ROC) curve, we considered the
highest returned probability value from the original time-domain method around the
event center (100 ms before the event center to 50 milliseconds after) for each event.
Similar to the approach in'*!, we subsequently classified the event as a spike ripple if the

returned probability value exceeded a threshold of 0.229 for at least 25 ms. We
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determined this threshold using all data excluding the LOO subjects, as described below.

Calculation of Probability Thresholds and Performance Statistics
We used two probability thresholds to calculate performance for each network trained on
each LOO subject. We chose p = 0.5, reported below as po.s, as a naive threshold,
consistent with the simple assumption that p > 0.5 indicates a positive classification of a
spike ripple. We also chose a threshold pyaiidation calculated from the validation set used to
train the networks for each LOO subject. We computed this threshold as the optimal
operating point of the ROC curve for each validation set (following the algorithm defined
in the function perfcurve in MATLAB R2023a). We note that this procedure resulted in
different probability thresholds for each LOO subject.
We report the mean and standard deviation of 6 performance statistics (specificity,
sensitivity, positive predictive value (PPV), negative predictive value (NPV), accuracy,
and area under the receiver operator characteristic (ROC) curve) for each left out subject

and each probability threshold, according to the following definitions:

Sensitivity = — 17
ensitivity = TP+ FN
Snecificity = — Y
pecificity = TN 7 FP
Positive Predictive Value = il
ositive Predictive Value = TP + FP
Negative Predictive Value = a
egative Predictive Value = TN+ FN

TP+TN
TP+TN+ FP +FN

Accuracy =

(Eq. 26,27,28,29,30)
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where TP and TN indicate true positive and true negative, respectively, and FP and FN

indicate false positive and false negative, respectively.

Logistic regression
To characterize relationships between signal features and detector classifications, we fit
logistic regression models using detector classifications as response variables and
estimated signal features as predictors. Models were built stepwise starting with a
constant/intercept-only model and allowing linear or interaction terms. Terms were added
if doing so significantly reduced the model deviance (p-value of the F-statistic less than
0.05). Fitting was implemented in MATLAB using the stepwiseglm function with a
binomial distribution and canonical (logit) link function. We report the estimated effect
size and p-value of the z-statistic for each coefficient in the complete model; p-values
were based on estimated dispersion — the sum of squared Pearson residuals divided by
the degrees of freedom for error (DFE).

Results

Data augmentation produces synthetic spike ripples consistent with in vivo observations
Accurate training and assessment of neural networks to detect spike ripples requires
sufficient training and testing data. However, creating a database of spike ripples is an
extremely time-consuming task; the gold standard for spike ripple detection is manual
inspection by a trained expert. Therefore, data for training and testing remain limited,

thus limiting detector performance.
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One strategy to address this limitation is data augmentation. In general, data
augmentation involves generating additional training data, typically by adding noise (as
in RippleNet'*!) or through some other manipulation (e.g., image
stretch/skew/recolor)’>!>*. Another approach is Synthetic Minority Over-sampling
(SMOTE), where new samples are generated by interpolating between existing
samples'.

A limitation of these techniques is the assumption that new samples are near the space of
training samples. In practice, such a restriction may not hold. For example, given the
relatively small number of subjects available for training, and the variability inherent in
brain voltage recordings, the spike ripple features for a novel subject may differ from the
training data. Our aim here is to generate an expanded parameter space that includes
samples experts would classify as spike ripples, without necessarily having seen a similar
example. To this end, we included features of spike ripples derived from the data
analyzed here and the literature to guide construction of the synthetic data. Where we did
not find descriptions of specific parameters (for example, pertaining to the duration of the
rising and falling portions of the wave component), we identified plausible parameter
ranges by fitting the spike ripple model to our in vivo observations (see Methods). We
finalized the parameter selection by iteratively adjusting parameters and inspecting the
resultant synthetic traces (Fig. 15). The range of parameters is shown in Table 6.

Each simulated spike ripple required 15 parameters (8 spike parameters and 7 ripple
parameters). Parameters were selected independently from uniform distributions over the

ranges in Table 6. We verified that each parameter set generated relationships that
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satisfied the constraints given by the 8 computed features in Table 6. Parameter sets that

failed to satisfy these constraints were rejected and a new set of parameters was selected.

To simulate a signal without a spike-ripple, we reduced the amplitude of the ripple by

resampling the parameter A from a uniform distribution in the range [0, 2].
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Figure 15. Synthetic spike ripples mimic in vivo spike ripples. Examples of (A) in vivo and (B)
synthetic spike ripples. Scale bars indicate 100 ms (horizontal) and 5 z (vertical).



Mean

Range

N=677 Units Range synthetic Ref (StDev; sigma) Median (IQR) (Q .05, .95])
SPIKE
wi
ms [10, 100] 15,156-159 37.4 (3.0; 11.0) 36.2 (12.1) [23.5, 58.4]
spike ascent duration
tpeak
ms [-50, 50] 9.3 (4.9;7.6) 7.9 (11.7) [-4.5,23.9]
spike peak time
w2
. _ ms [10, 100] See w1 51.1(5.5; 8.0) 52.9 (10.9) [40.8, 69.7]
spike descent duration
w3
_ ms [60, 200] 140.1 (19.3; 47.4) 125.7 (43.3) [83.5, 283.2]
wave ascent duration
w4
_ ms [10, 700] 226.0 (33.5; 113.7) 190.4 (94.0) [71.6, 500.0]
wave descent duration
Vpeak
‘ _ z [5, 20] 156 8.0(2.8;2.2) 7.5 (6.7) [3.0, 14.1]
spike amplitude
Vir
t z [-8, 1] 160 -3.3(1.1; 1.8) -3.0(2.3) [-6.7,-0.2]
trough depth
Vwave
z htTrough + 1, 160 2.9 (1.3; 2.0) 2.5(33) [0, 7.6]

wave amplitude

12]

Y0l



COMPUTED

Vpeak/Wl
z/ms <0.5 0.24 (0.08; 0.07) 0.22 (0.17) [0.07, 0.40]
Spike ascent rate
(Vpeak - Vtr) / w2
z/ms <0.5 0.23 (0.08; 0.05) 0.22 (0.15) [0.10, 0.35]
Spike descent rate 61
(Vwave - Vtr) / w3
z/ms <0.5 0.05 (0.019; 0.020) 0.05 (0.04) [0.01, 0.101]
Wave ascent rate
Vwave / W4
z/ms <0.5 0.018 (0.009; 0.02) 0.01 (0.019) [0, 0.05]
Wave descent rate
w3 + w4
ms [150, 785] 162 366.1 (39.1; 118.9) 332.8 (169.4) | [202.4, 635.0]
Wave width
Vpeak / (AC)
Spike-to-ripple NA <150 93.3 (43.4; 39.1) 71.5 (51.5) [30.5, 195.4]
amplitude ratio
Vpeak — Vir
Peak-trough z >4 11.3 (3.8;2.3) 11.4 (8.0) [5.4, 18.0]
difference
Vwave / Vpeak
NA <1 0.36 (0.06; 0.26) 0.35(0.33) [0, 0.80]

Wave-spike amplitude
ratio

So1



RIPPLE

A

Ripple amplitude NA [5, 25] 14,149,163 6.1(1.1;1.9) 5.8 (2.9) [3.3,10.7]

SNR

1 " 135.7 (16.7)

Hz [80, 200] 135.0 (4.7; 15.2) [109.7, 157.0]

mean frequency

H ms [-30, 10] 14 29.0 (5.0; 7.6) 7.01 (10.5) | [-23.8,3.9]

mean time

or
_ octaves [f(fMu), 30] 118,149 0.34 (0.038; 0.15) 0.27 (0.12) [0.20, 0.62]
width frequency

O

_ _ ms 0.2 14,118,149 16.0 (1.1;5.9) 14.5 (5.4) [10.4, 25.9]
width time

p

time-frequency
correlation

NA 0 -0.24 (0.049; 0.32) -0.26 (0.44) [-0.68, 0.33]

C

z [0.013, 0.032] 0.017 (0.006; 0.002) | 0.017 (0.006) ([0.0078, 0.029]
background amplitude

Table 6. Summary statistics for each spike ripple feature. In vivo statistics are based on 677 observations classified as spike ripples from the
six subjects of interest included in the testing sets.

Mean (StDev; sigma): Estimated subject mean and between subject standard deviation (StDev); sigma indicates within subject standard deviation.
Median (IQR): Median and interquartile range (difference between the first and third quartiles, Qo.2s — Qo.75) across all observations.

Range: Quantiles (Q) 0.05-0.95.

f(fMu) is 1.5/fMu * 1e3 (i.e., we set tSig to accommodate 3 oscillations at frequency fMu within + 1 tSig; scaling by 1e3 is to convert to units of ms)

901
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Data augmentation moderately improves performance of a frequency-domain spike
ripple detector

We first consider a frequency-domain method to detect spike ripples. We implement an
LSTM architecture operating on 24 features (the power in 8 frequency bands from three,
250 ms intervals) to assign the probability of a spike ripple for each event (see Methods:
LSTM Frequency Domain Method and ?*). Without data augmentation, we find good
detector performance (Fig. 16A). Using a leave-one-out cross-validation procedure across
subjects, we find a mean area under the receiver operator characteristic (ROC) curve
(AUC) of 0.80 (standard deviation 0.09). Applying a probability threshold of 0.5, we find
good sensitivity (mean 0.67), specificity (mean 0.77), PPV (mean 0.78), NPV (mean
0.67), and accuracy (mean 0.72). We find consistent results for an alternative probability
threshold computed in the validation data as the optimal operating point in the ROC

curve (Table 7; see Methods).

A In vivo data alone B Synthetic data alone c Synthetic + in vivo data alone
17 17 17 -
08 0.8 0.8
2 2
@ @ 3
©
© 06 ® 06 c 0.6
> > o
= E= £
3 8 4
o4 : o4 < 04
. 3
2 s S2 2 2
- ~ s3 = =
’d sS4
02ty / S5 0.2 0.2}
S6
Combined
0 ! 0 ) 0 g
0 0.2 04 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 02 0.4 0.6 08 1
False Positive Rate False Positive Rate False Positive Rate

Figure 16. Data augmentation improves performance of a frequency-domain spike ripple detector.
Receiver operator characteristic (ROC) curves with training data consisting of (A) in vivo data alone, (B)
synthetic data alone, or (C) in vivo data augmented with synthetic data. Colored curves indicate individual
subjects; see legend in (A). Black curves indicate the results for classifications across all subjects.
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ROC AUC Mean Standard Deviation
In vivo data alone 0.80 0.09
Synthetic data alone (K=10,000) 0.85 0.04
Synthetic data alone (K=8,000) 0.84 0.05
Synthetic data alone (K=6,000) 0.84 0.05
Synthetic data alone (K=4,000) 0.81 0.04
Synthetic + in vivo data (K=10,000) 0.85 0.06
Synthetic + in vivo data (K=8,000) 0.86 0.06
Synthetic + in vivo data (K=6,000) 0.86 0.06
Synthetic + in vivo data (K=4,000) 0.85 0.07

Table 7. ROC statistics for the frequency-domain spike ripple detectors. K indicates the
number of synthetic spike ripples.

Training with synthetic data produces marginal improvements in detector performance
(Fig. 16B). Using synthetic data alone with K=10,000 synthetic spike ripples to train the
detector, we find an improved AUC (mean 0.85, standard deviation 0.04), and improved
mean values for sensitivity, NPV, and accuracy at both rate thresholds (Table 8).
Augmenting the original data with the synthetic data (again with K=10,000 synthetic
spike ripples) and performing a leave-one-out cross validation, we find further
improvements in performance (Fig. 16C); the AUC (mean 0.85, standard deviation 0.06),
and mean sensitivity, specificity, PPV, NPV, and accuracy all increase compared to the in
vivo data alone (Table 8). We find similar performance when training the detector with
4000, 6000, or 8000 synthetic spike ripples (Table 7), consistent with previous work

showing performance plateaus with relatively small sample sizes?S. We conclude that
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data augmentation marginally improves performance of the frequency-domain spike

ripple detector.

| Sensitivity | Specificity | PPV | NPV | Accuracy
In vivo data alone
Po.s 0.67(0.12) [ 0.77 (0.16) | 0.78 (0.12) | 0.67 (0.08) 0.72 (0.06)
Pralidation 0.67 (0.14) | 0.76 (0.18) | 0.79 (0.12) | 0.67 (0.05) 0.73 (0.07)
Synthetic data alone
Po.s 0.76 (0.10) [ 0.74 (0.07) | 0.78 (0.07) | 0.71 (0.10) 0.76 (0.03)
Pralidation 0.79 (0.08) [ 0.68(0.10) | 0.74 (0.10) | 0.74 (0.07) 0.75 (0.04)
Synthetic + in vivo data

Po.s 0.73(0.11) | 0.81(0.14) | 0.83 (0.10) | 0.72 (0.07) 0.78 (0.06)
Pvalidation 0.70 (0.16) | 0.83(0.16) | 0.85(0.10) | 0.72 (0.09) 0.77 (0.07)

Table 8. Performance metrics for the frequency-domain spike ripple detector. Results for (top) in vivo
data alone, (middle) synthetic data alone, and (bottom) in vivo data augmented with synthetic data. In each
case, we indicate the mean value (standard deviation) across the n=6 subjects used for testing, with two
different probability thresholds. PPV: positive predictive value, NPV: negative predictive value.

Data augmentation moderately improves performance of a time-domain spike ripple
detector
We also consider a time-domain method to detect spike ripples. We begin with a network
pre-trained to detect sharp wave ripples in rodents!*!. Because spike ripples and sharp
wave ripples share similar electrographic features, we expect this existing network will

detect spike ripples, and that additional tuning of this network will improve performance.
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The input to the network consists of raw time series data (here, an EEG recording), and
the output returns the probability that each time point is part of a ripple event. We
collapse the output of the network to a binary classification: whether or not a spike ripple
event occurs in the time series. In training the network, we freeze most of the network to
prevent overfitting and follow a typical tuning protocol (see Methods: LSTM Time-
Domain Method). In what follows, we report performance statistics for the original pre-
trained network (i.e., with no tuning), after tuning on the in vivo data, after tuning on

synthetic data alone, and after tuning on both the synthetic data and in vivo

data.
ROC AUC Mean Standard Deviation
No Tuning 0.67 0.12
In vivo data alone 0.81 0.08
Synthetic data alone (K=10,000) 0.82 0.06
Synthetic data alone (K=8,000) 0.82 0.06
Synthetic data alone (K=6,000) 0.82 0.06
Synthetic data alone (K=4,000) 0.80 0.07
Synthetic + in vivo data (K=10,000) 0.84 0.07
Synthetic + in vivo data (K=8,000) 0.82 0.05
Synthetic + in vivo data (K=6,000) 0.83 0.07
Synthetic + in vivo data (K=4,000) 0.81 0.08

Table 9. ROC statistics for the time-domain spike ripple detectors. K indicates the number of synthetic
spike ripples.

As expected, we find that the model without any tuning performs worst, with a mean

AUC of 0.67 (standard deviation of 0.12, Fig. 17A) and lowest accuracy across all



111

approaches implemented here, for both probability thresholds (Tables 9 and 10). Models
trained on synthetic data alone (with K=10,000 synthetic spike ripples) or in vivo data
alone both improve the AUC (mean of 0.82 and 0.81, respectively) and accuracy
compared to the model without tuning (Tables 9 and 10, Fig. 17B,C). Augmenting the
original data with the synthetic data, we find a marginal improvement in AUC (0.84) and
accuracy compared to the models trained with the in vivo data alone or synthetic data
alone (Tables 9 and 10, Fig. 17D). We again find similar performance when training the
detector with 4000, 6000, or 8000 synthetic spike ripples (Table 9). We conclude that,
consistent with the frequency-domain method, data augmentation marginally improves
performance of the time-domain method. However, we note the marginal improvement in
AUC and accuracy of the frequency-domain method (AUC 0.85 and accuracy 0.78 for
K=10,000; Tables 7 and 8) compared to the time-domain method (AUC 0.84 and
accuracy 0.73 for K=10,000; Tables 9 and 10). While a direct comparison between the
two methods was not our goal, we propose that the smaller feature space of the
frequency-domain method (24 inputs) compared to the time-domain method (625 inputs)

may support improved generalizability of the frequency-domain method.
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Sensitivity Specificity PPV NPV Accuracy
No tuning
pos | 0.71(0.16) 0.28 (0.14) | 0.37(0.19) | 0.66 (0.18) 0.44 (0.18)
Pvalidation | 0.82 (0.12) 0.18 (0.12) | 0.34 (0.18) | 0.66 (0.19) 0.39 (0.18)
In vivo data alone
pos | 0.58(0.27) 0.81(0.12) | 0.62(0.28) | 0.70 (0.14) 0.71 (0.09)
Pvatidation | 0.63 (0.30) 0.77 (0.15) | 0.60 (0.28) | 0.72 (0.13) 0.71 (0.08)
Synthetic data alone
pos | 0.32(0.12) 0.94 (0.01) | 0.79 (0.11) | 0.62 (0.12) 0.66 (0.08)
Pualidation | 0.92 (0.04) 0.57 (0.17) | 0.65 (0.11) [ 0.88 (0.06) 0.73 (0.09)
Synthetic + in vivo data

pos | 0.48 (0.25) 0.91 (0.06) | 0.86(0.07) | 0.68 (0.12) 0.73 (0.09)
Pvatidation | 0.67 (0.28) 0.78 (0.15) | 0.74 (0.09) | 0.76 (0.10) 0.75 (0.09)

Table 10. Performance metrics for the time-domain spike ripple detector. Results for (top) no tuning,

(second) in vivo data alone, (third) synthetic data alone, and (bottom) in vivo data augmented with

synthetic data. In each case, we indicate the mean value (standard deviation) across the n=6 subjects used

for testing, with two different probability thresholds. PPV: positive predictive value, NPV: negative

predictive value
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Figure 17. Data augmentation marginally improves performance of a time-domain method. Receiver
operator characteristic (ROC) curves with training data consisting of (A) no tuning, (B) in vivo data alone,
(C) synthetic data alone, or (D) in vivo data after augmentation with synthetic data. Colored curves indicate
individual subjects; see legend in (A). Black curves indicate the results for classifications across all subjects.
Misclassified samples indicate strategies to improve synthetic training data
To understand how the synthetic training data might be improved, we consider
observations that were classified correctly using training on in vivo data only (training
protocol 1 or TP1) and misclassified by training on synthetic data only (training protocol
2 or TP2; TP1 > TP2; Fig. 18). Inspection of these events suggests that the synthetic

training set could be improved by including common artifacts and by modeling activity

prior to spike onset.
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Figure 18. Examples of misclassified observations. Example events correctly classified with training on in
vivo data alone (training protocol 1 or TP1) and incorrectly classified with training on synthetic data alone
(training protocol 2 or TP2). Blue indicates raw signals; orange indicates band-pass filtered signals (80-500
Hz), scaled by a factor of 5 for visibility. Scale bars (top left) indicate 100 ms (horizontal axis) and 5 z
(vertical axis). Examples are given for (A) the frequency-domain detector, (B) the time-domain detector, and
(C) when both detectors agree.

In 14% of samples, TP1 > TP2 for the frequency-domain detector (17 false positives, 172
false negatives; Table 11). Inspection of false positives reveals different reasons for
misclassification. In one example (Fig. 18A, 1), there is a spike wave in the low frequency
activity, but the activity in the ripple band is persistent rather than limited to a brief
interval during the spike. In another example false positive detection, background activity
is classified as a spike-ripple (Fig. 18A, 11). Here, the low frequency activity resembles a
low amplitude spike wave. Alternatively, inspection of false negative detections reveals
examples of low amplitude spike waves misclassified by the detector as negative for
spike ripples (e.g., Fig. 18C, iv). These examples highlight the challenge of interpreting
the features identified by deep learning models. In a third example false positive
detection, an abrupt shift in the signal causes filter ringing, which the model fails to

recognize as artifact (Fig. 18A, 1ii). Inspection of false negatives reveals multiple
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examples with high baseline activity before spike onset (Fig. 18A, iv) or large amplitude
fluctuations during the wave segment (Fig. 18A, v—vi).

In 17% of samples, TP1 > TP2 for the time-domain detector (143 false positives, 92 false
negatives). The most prevalent confound in the false positives is the presence of multiple
or repetitive high frequency features, a common EEG artifact'®! (Fig. 18B, i—ii). We also
find examples in which the high frequency waveform superimposed on the low-
frequency component is too sharp (i.e., more saw-tooth than sinusoid; Fig. 18B, iii). False
negatives are typically samples with low amplitudes (Fig. 18B, iv—vi).

In 2% of samples, TP1 > TP2 for both detectors (9 false positives, 15 false negatives; 11).
These samples are consistent with the observations noted above. The majority of false
positives are samples with multiple high frequency oscillations in the sample window
(Fig. 18C, iiii). False negatives tend to be low amplitude or have large amplitude
fluctuations before or after the spike (Fig. 18C, iv—vi).

These observations suggest strategies to improve the synthetic training data, such as: 1)
including traces with common artifacts — for example multiple or persistent high
frequency oscillations or abrupt shifts in the signal that produce filter ringing!0-151.161.164,

2) modeling of additional low-frequency fluctuations before and after the spike, and 3)

decreasing the lower bound on spike peak amplitude (vpeak).

N=1372 LSTM-F LSTM-T Both
TP1>TP2 189 (13.8%) 235 (17.3%) 24 (1.75%)
TPI is accurate; TP2 misclassifies 17FP + 172 FN 143 FP + 92 FN 9FP+ 15 FN

Table 11. Misclassifications resulting from training on synthetic data.
FP: false positive, FN: false negative, TP: training protocol
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Interpreting signal features related to misclassifications
An advantage of creating synthetic training data with intuitive parameters is the ability to
interpret detector performance. To demonstrate this approach, we estimate a logistic
regression model to identify signal features associated with undetected (i.e., false
negative) events. Specifically, for all events manually classified by experts as spike
ripples (N = 677), we define a binary outcome variable consistent with the definition of
TP1 > TP2 for both detectors: 1 if the spike ripple was classified correctly using training
on in vivo data only (TP1) and misclassified by both detectors trained on synthetic data
only (TP2), or zero otherwise. In this way, the binary outcome variable represents
detections captured by training with in vivo data, and missed by training with synthetic
data. For this binary outcome variable, we estimate a logistic regression model using the
z-scored features estimated for each event as candidate predictors (Table 6). Predictors
were added to the model one-at-a-time (stepwise) based on reduction in model deviance
(see Methods).
We identify three features associated with changes in false negative misclassifications.
Decreases in the spike amplitude (vpeak) and spike peak time (#eak), and increases in the
spike peak to trough difference (vpeak - vir), increase the odds of an undetected spike ripple
(by factors of 5.8 (p = 7e-5), 1.5 (p = 0.020), and 2.8 (p = 0.0044) for unit changes in the
z-scored features, respectively). Consistent with the observations above (Fig. 18C), these
results indicate low amplitude spikes and large amplitude fluctuations around the spike
— increasing the spike peak to trough difference — increase the odds of an undetected

event by detectors trained only on synthetic data. These results also suggest an approach
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to improve the synthetic training set: including additional spike ripple examples (from in
vivo data or synthetic) that exhibit these features (e.g., low amplitude spikes) to improve

detection of these undetected events.

Discussion
Spike ripples have been proposed as an important biomarker of the epileptogenic zone.
However, training neural networks to detect spike ripples remains a challenge due to the
difficulty of acquiring gold-standard spike ripple events. To address this challenge, we
implemented a new data augmentation approach to generate synthetic spike ripple events.
We tested this data augmentation approach using two existing neural networks previously
designed to detect spike ripple (or morphologically similar) events. We adapted two Long
Short-Term Memory (LSTM) models, differentiated by their architectures and analysis
domains — one operating on frequency domain data, and the other on time domain data.
We trained these networks systematically across three distinct paradigms: with in vivo
human EEG recordings alone, with synthetic data alone, and with a sequential approach
that initially leverages the synthetic data for training followed by the in vivo data. We
compared each paradigm’s ability to detect spike ripple events. For the frequency-domain
and time-domain methods, we found augmentation marginally improved performance,
with best performance occurring for networks trained the combined synthetic and in vivo
data.
Data augmentation is a common step in training a deep learning model. Augmentation
commonly involves transforming real observations in a way that does not corrupt the

ground truth — for example, by stretching or rotating an image, or by adding a small
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amount of noise. Another augmentation approach is to interpolate between existing
observations (e.g., SMOTE'*®) or generate new data with the same statistics as the
training set (e.g., auxiliary classifier generative adversarial networks?°). Interpolation
approaches assume that the training data covers the full space of possible observations,
although complete coverage may not be possible for high-dimensional data. Here we
attempt to mitigate this issue by generating synthetic data based upon expert knowledge
and previous descriptions of spike ripples. Directly comparing the impact of data
augmentation methods on spike ripple detection remains an important topic for future
work.

Synthetic spike ripples were composed of three components: a low frequency spike
component, a high frequency ripple component, and background noise. The spike and
ripple components are characterized by 8 and 7 interpretable parameters, respectively.
We utilized this number of parameters to capture the most salient, interpretable features
of these components (e.g., the spike amplitudes and ripple frequency). While these
parameters allow flexibility to capture different types of spike and ripple waveforms, the
large number of parameters does make searching the parameter space more difficult. To
support a more efficient exploration of the parameter space, future work could reduce the
degrees of freedom by eliminating parameters or fixing the ratio between parameters.
This interpretability allowed us to generate the synthetic data by referring to previous
descriptions, for example to establish reasonable spike widths and ripple amplitudes. This
interpretability also allowed us to analyze the detector classifications in the context of

these features and identify specific signal features associated with misclassifications.
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Understanding these misclassifications suggests strategies to improve detector
performance. For instance, we found that increases in spike amplitude reduce the false
negative rate, or alternatively that both detectors miss spike ripples with low amplitude
spikes. A strategy to improve detector performance, therefore, is to incorporate more
examples of observations with lower amplitude spikes in the training data. Finally, we
also noted several examples where the detectors mistakenly classified common artifacts
as spike ripples (Fig. 18). Therefore, a strategy to improve detector performance is to
generate synthetic examples of artifacts and incorporate these into the training data.

We examined the impact of data augmentation on two different network architectures.
These networks differed in multiple ways, including the type of input feature (time
domain versus frequency domain), the degree of complexity, and in the tuning
parameters. We found that the frequency-domain method consistently outperformed the
time-domain method in classification accuracy. We propose that this difference results
from the differing complexity of the approaches, both in the network architectures and in
the feature dimensionality. The frequency-domain method compresses the time series
data to 8 frequency bands in three 250 ms intervals. The resulting input — with 24
features — creates a more general representation of an event, compared to the specific
value at each point of the original time series data. We propose that this more general
representation of the input data supports improved generalization of the resulting trained
network. In addition, the differing network complexities may contribute to
generalizability. Compared to the frequency-domain method, the time-domain method

includes an extra bidirectional LSTM layer, and 12 additional normalization, dropout,
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and convolutional layers. The many additional parameters in the time-domain method
may result in overfitting to the training data to minimize loss, degrading generalization.
Future work on the time-domain method could involve further optimization, alternative
architectures (e.g., removing layers to reduce complexity of the architecture), or
alternative training approaches (e.g., training from random instead of pre-trained
weights).

Here, we generated synthetic data with the goal of more thoroughly sampling the event
space. Generating more synthetic data (e.g., I million samples instead of 10,000) would
better cover the event space, allowing for the inclusion of rarer event signatures and
subtle variations that are less frequently observed. Further, a more diverse training dataset
could improve generalizability of the model, reducing the likelihood of model bias
towards overrepresented event characteristics. However, reliance on synthetic data
assumes that these events accurately represent in vivo data, and a much larger training set
will increase computational costs.

Here, we demonstrate a new data augmentation procedure to improve detection of spike
ripple events. With continued model development and training, coupled with a wider
breadth of augmentations, more robust, accurate, and clinically relevant models for spike

ripple detection can continue to be developed.
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CHAPTER FIVE: Discussion

This dissertation proposes a cohesive set of analytical frameworks designed to
significantly enhance neuroscientific data analysis through methodological rigor,
interpretability, and computational innovation. Central to these frameworks is the
application and validation of Dimensionality Reduction DR techniques and machine
learning approaches, systematically developed to uncover meaningful neural dynamics
from complex, high-dimensional data.
First, we rigorously validate Nonnegative Matrix Factorization (NMF) as a powerful,
interpretable DR method specifically suited to neuronal calcium recordings. By
comparing NMF results with those from widely-used DR techniques such as Principal
Component Analysis (PCA), Independent Component Analysis (ICA), and Uniform
Manifold Approximation and Projection (UMAP), we find that NMF works best to
capture underlying biologically relevant network dynamics. Detailed analyses using both
simulated neuronal network models and calcium imaging datasets confirm that NMF
excels in identifying coherent, biologically plausible neuronal assemblies. Its parts-based,
nonnegative decomposition inherently aligns with the physiological characteristics of
neuronal calcium signals, enabling clear interpretation of underlying neural structures and
interactions. Furthermore, the application of statistical optimization methods, particularly
the Akaike Information Criterion (AIC), facilitates consistent unsupervised determination
of the optimal number of components for DR, reducing model ambiguity.
Building upon the validated efficacy of NMF, we introduce CaNetiCs, an accessible,

modular, and standardized open-source toolbox designed explicitly to democratize
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advanced DR methods across the neuroscience community. CaNetiCs integrates NMF
alongside complementary DR methodologies (PCA, ICA, UMAP) within a unified, user-
friendly software environment. CaNetiCs encompasses modules beyond fitting DR
models, adding geometric state-space analyses and neuronal network simulations,
enabling researchers to not only analyze real datasets but also experiment with analytical
strategies through controlled, simulated environments. Crucially, we show that applying
modules implemented CaNetiCs to diverse datasets, including neuronal activity from
different species such as C. elegans and mice under varying anesthetic conditions,
demonstrate its ability to robustly capture fundamentally distinct neuronal dynamics
across species. These dynamics align with, and extend, previous analyses, highlighting
both species-specific neuronal interactions and common physiological trends such as
network suppression and decorrelation under anesthesia. This framework aims to
significantly reduce technical barriers, offering neuroscientists without specialized
computational expertise a robust platform to implement and interpret sophisticated
analyses. Through application to diverse datasets, our software successfully recapitulates
known physiological patterns while uncovering novel dynamic features. These
capabilities position CaNetiCs as a dynamic tool to enhance both hypothesis-driven and
exploratory research approaches in neuroscience.

Finally, we extend an analytical framework beyond DR for single-cell calcium
recordings, into a supervised machine learning application, specifically targeting the
detection of pathophysiological events in epileptic electrophysiological recordings. By

developing data augmentation strategies tailored to electrophysiological characteristics of
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spike ripples in EEG recordings, our work significantly enhances the accuracy and
reliability of deep learning classifiers, notably Long Short-Term Memory (LSTM) neural
networks. This methodological innovation addresses critical limitations in current
supervised learning approaches, namely the scarcity and variability of labeled training
data. The introduction of carefully parameterized synthetic spike ripple data, informed by
empirical distributions and neuroscientific expertise, effectively expands the training
datasets, thereby improving the robustness and generalizability of trained neural network
classifiers. This advancement not only demonstrates deep learning's high efficacy and
potential in neuroscientific research but also establishes a replicable strategy for
enhancing supervised learning across diverse electrophysiological phenomena.
Collectively, by systematically enhancing the interpretability, accessibility, and reliability
of neuronal data analyses, these frameworks provide a powerful foundation for deeper
exploration of neural network dynamics.

Strengths, Advantages, Limitations, and Practical Considerations of Analytical

Approaches

Dimensionality Reduction
One central strength of the DR methodologies evaluated, particularly NMF, lies in their
inherent interpretability. Unlike PCA, ICA, and UMAP, which apply orthogonality,
independence, or manifold embedding constraints, respectively, NMF offers direct
biological interpretability, especially for calcium recordings, due to its nonnegativity and
additive decomposition. The "parts-based" representation conferred by NMF ensures

components reflect interpretable, biologically plausible neuronal subnetworks. This
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approach inherently aligns with physiological constraints of neuronal calcium imaging,
yielding intuitive mappings between extracted components and underlying neuronal
activity. The ability of NMF to represent neuronal activity as combinations of positively
weighted subnetworks significantly facilitates biological hypothesis generation and
interpretability compared to alternative methods constrained by more complex
mathematical constraints.

The CaNetiCs toolbox aims to consolidate validated computational techniques into a
unified, accessible platform. The software’s modular design aims to enable researchers
without extensive computational expertise to easily implement sophisticated DR
analyses. By integrating standardized analytical pipelines for NMF, PCA, ICA, and
UMAP, in addition to several other modules for standardized activity simulation and
analysis, we aim to reduce methodological inconsistencies in neuroscience and promote
reproducibility and reliability across diverse experimental contexts.

DR techniques fundamentally assume that underlying neuronal data exhibit intrinsic low-
dimensional structures. Such methods rely critically on the assumption that a smaller
number of components relative to the total number of neurons effectively captures
essential neuronal dynamics. Violations of these assumptions, particularly under
conditions of extreme sparsity or saturation in neuronal activity, can significantly
compromise the fidelity and interpretability of DR results. Sparse data may lack
sufficient activity to robustly define meaningful subnetworks, whereas saturated data can
obscure distinct subnetwork structures. Thus, preliminary analyses, such as evaluating

variance explained and utilizing information criteria like Akaike Information Criterion
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(AIC), are imperative for selecting appropriate dimensionalities and ensuring meaningful,

robust analyses.

Deep and Supervised Learning
Deep learning methodologies, notably recurrent neural networks (RNNs) such as Long
Short-Term Memory (LSTM) networks, offer exceptional strengths in capturing complex
temporal dynamics inherent to neuroscientific data. These approaches excel in identifying
subtle yet critical neuronal events, such as spike ripples, that traditional statistical or
linear approaches may overlook. Their inherent ability to capture nonlinear relationships
and temporal dependencies greatly enhances detection ability. Furthermore, deep learning
frameworks benefit substantially from modern data augmentation, transfer learning, and
fine-tuning techniques, allowing adaptation to novel or sparse data conditions, thereby
significantly bolstering their utility in neuroscience research.
Supervised machine learning inherently depends on accurately labeled training data.
Consequently, these approaches are constrained by the reliability, consistency, and
precision of initial labeling methodologies. In the context of spike ripple detection, even
small labeling inaccuracies or inconsistencies can significantly impact model training and
subsequent classification performance. Although advanced mathematical strategies such
as data augmentation, active learning, and ensemble labeling can substantially mitigate

these limitations, they cannot eliminate label-dependent biases.
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Constraints Imposed by Sample Size
The generalizability and robustness of the results presented herein remain fundamentally
constrained by sample size limitations. While our analyses validate DR methods and
supervised learning approaches, larger datasets incorporating more biological replicates
would significantly enhance statistical robustness and generalizability. Expanding sample
sizes would strengthen conclusions and lead to novel insights that emerge from the
seemingly stochastic neural activity at a granular scale.
Broader Implications for Neuroscience Research
With the analytical frameworks and computational tools developed in this dissertation we
aim to facilitate more standardized, reproducible, and widely accessible analytical
pipelines. These methodologies are compatible with both hypothesis-driven and
exploratory neuroscientific inquiry, fostering systematic investigation of neuronal
dynamics across diverse experimental paradigms. Moreover, these frameworks bridge
experimental neuroscience with computational biology and clinical research, promoting
interdisciplinary collaborations and accelerating the translation of fundamental insights
into potential clinical implementations, with advancements in supervised learning for
spike ripple detection especially illustrating the potential of these methods in clinical
contexts.

Potential Future Directions

While the natural procession for future research would involve application of our
designed work to new and diverse datasets, future research directions could also

substantially extend these analytical pipelines.
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Developing dynamic and adaptive dimensionality reduction methods, which adjust
component dimensionality throughout an experimental timeline, present an opportunity to
better capture transient neuronal states and rapid shifts in network activity patterns,
thereby providing deeper insights into neuronal dynamics' temporal evolution.
Additionally, semi-supervised and constrained dimensionality reduction approaches,
which integrate anatomical, functional, or connectivity-based priors, could significantly
enhance interpretability and biological relevance. By refining identified neuronal
subnetworks through such constraints, researchers can advance hypothesis-driven
exploration more effectively.
Further, the potential to continue building on a deep-learning foundation using neuronal
datasets to predict future neuronal activity patterns, identify neuronal subtypes, or
forecast brain states, represents an exciting frontier. Leveraging large-scale neuronal
datasets could substantially advance predictive neuroscience, facilitating a deeper
understanding of brain function, dysfunction, and dynamic responses across diverse
conditions.

Conclusion
In summary, this dissertation represents a substantial advancement in computational
neuroscience through the rigorous validation and innovative development of analytical
methodologies, comprehensive computational toolkits, and strategic methodological
enhancements. By explicitly addressing critical methodological limitations such as
dependency on labeled data, intrinsic assumptions in DR, and sample size constraints,

this work significantly elevates the interpretability, robustness, and reproducibility of
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neuroscientific analyses.

The integration of NMF's biologically intuitive, parts-based decomposition alongside the
accessible and standardized CaNetiCs platform not only aims to democratize advanced
computational methods, but also significantly reduce barriers to interdisciplinary
collaboration. Simultaneously, the innovative application of deep learning and tailored
data augmentation for detecting subtle electrophysiological events like spike ripples
exemplifies the considerable potential of machine learning in translating fundamental
neuroscience insights into tangible clinical advances.

Despite inherent limitations, particularly sample size constraints, the presented
methodologies lay a foundation for future neuroscientific exploration. Encouraging large-
scale collaborative initiatives to pool data and standardize methodologies will further
enhance statistical robustness, generalizability, and translational potential. Ultimately,
continued expansion, refinement, and implementation of these analytical frameworks
promise transformative impacts, facilitating deeper interdisciplinary collaborations,
accelerating neuroscientific discoveries, and significantly accelerating our understanding

of complex neuronal dynamics and neurological conditions.
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