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Neural engineering capabilities in non-human primates (NHPs) dramatically lag the capabilities
in rodents, despite NHPs being the most neurophysiologically similar animal model to humans.
This work puts forward advances in hardware, computation, and theoretical grounding to
improve neural engineering ability in NHPs, especially with respect to clinically relevant neural
stimulation. We begin by investigating how cortical stimulation affects cortical coherence, a form
of functional connectivity, in the NHP cortex (Chapter 2). Our findings highlight how various
factors, such as the state of the cortex during stimulation, can modulate coherence. Building on
this, Chapter 3 examines how network structure impacts functional reorganization resulting from
optogenetic stimulation in the NHP sensorimotor cortex. The results, obtained through graph
theory-inspired computational analysis, reveal that network structure, more than the stimulation
protocol, can predict changes in functional connectivity. To further our understanding of
behavioral and neural disruption studies in NHPs, we introduce a novel opto-electric neural
interface in Chapter 4. This tool combines the specific modulation abilities of optogenetics with
the dual functionality of electrical stimulation and recording. Consequently, this allows for a more
precise investigation into the link between brain activity and behavior. Transitioning to
computer-based work in Chapter 5, we develop a biophysically accurate neural network
simulation to derive structural connectivity from functional connectivity at the local field
potentials (LFP) level. This important advancement aids in understanding the relationship
between LFP functional connectivity and structural connectivity. Finally, in Chapter 6, we present
and validate a computational model predicting lesion sizes in a new photothrombotic stroke
model. This key tool contributes to our understanding of cortical physiology and stroke in NHPs.
In summary, this thesis provides a multifaceted approach to enhance our understanding of
neurostimulation and its potential therapeutic benefits for neural disorders. By improving
experimental and computational tools, grounding functional connectivity in a biological
framework, and advancing stroke modeling in NHPs, this work helps to bring neurotechnologies
closer to their clinical application in humans.
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Chapter 1: Introduction

We begin with a fundamental question: How do we develop a neurotechnology solution for a given neural
disorder? The answer involves an understanding of the disorder and its response to various treatments.
We can often understand the gross presentation of a neural disorder through human studies via imaging,
post-mortem analysis, basic electrophysiology, and neuropsychology. However, a large majority of our
mechanistic understanding of neural disorders and their responses to treatments is derived from studies
using preclinical animal models (Perretta 2009, Ellenbroek 2016). Given the wide variation in pathological
presentations and responses across species, the discoveries and therapeutic advances made in these
animal models often fail when translated to humans (van der Worp 2010). To maximize the probability of
successfully translating from animal models to humans, it is necessary to establish a knowledge base of
disease dynamics and responses in experimental conditions that closely mimic human neurology and
pathophysiology. Achieving this requires several key components: 1) an animal model that is more similar
to humans in both its symptom presentation and response to treatments, 2) technical tools and hardware
to run the needed experiments, 3) computational ability to optimize the experiments and analyze the
data, and 4) a fundamental understanding of the measured outcomes to ground and interpret the data
within the currently established framework.

To address the first requirement, non-human primates (NHPs) represent the closest animal model to
human neurology (Frederick 1988, Perretta 2009, Van Dam 2017). Unlike most other commonly used
animal models, NHPs possess large, wrinkled brains with volume ratios of different brain regions similar
to those found in humans and feature direct connections from the cortex to motor neurons. Despite their
similarity to humans, the complexity and cost of training and housing NHPs render them a less common
research model than rodents, with consequently fewer established disease models. Nevertheless, the use
of NHPs is essential to maximize clinical translatability of developing neurotechnologies. The Northstar
Neuroscience Everest clinical trial is an example of why NHPs are necessary for the development of such
therapies. The trial's aim was to use sub-motor-threshold stimulation to enhance sensorimotor
rehabilitation post-stroke. Despite some promising results in preclinical models, the study failed to meet
its primary endpoint at 4 weeks and was ended (Levy 2016). The stimulation protocol for the trial was fully
developed and optimized in rodents (Teskey 2003, Kleim 2003, Adkins 2003, Adkins 2008), with only a
proof-of-concept performed in NHPs (Plautz 2003).

While the Northstar trial may have benefitted from stimulation optimization in NHPs, the direct
replication of many contemporary rodent-based stimulation experiments in NHPs is not yet feasible. This
is partly due to the more advanced genetic techniques available and commonly used in rodent research,
one of which is optogenetics. Since its inception in 2010, optogenetics has revolutionized the field of
neural stimulation by providing unparalleled spatiotemporal precision and enabling the selective targeting
of specific cell types and projections (Boyden 2015). Despite its prevalence in rodent research, the
adoption of optogenetics in NHP studies remains limited (EI-Shamayleh 2019). This highlights our second
requirement: the necessity for advanced technical tools to conduct precise neural manipulations.
Therefore, to optimize stimulation interventions in NHPs such that these interventions can more
successfully be translated to humans, it is essential to advance the capabilities of optogenetics for NHP
research to the same level as for rodent studies.

Beyond behavioral outcomes, there are other pathology-relevant measures that can be optimized in
therapies. One promising target is functional connectivity, or the degree to which two different regions
of the brain cooperate. A substantial body of research has linked abnormal functional connectivity to a
plethora of neural disorders (Garrity et al. 2007, Nakai et al. 2021, Stam et al. 2007). Furthermore, the use
of neural stimulation to modify functional connectivity is well-documented, with the University of
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Washington’s very own Prof. Fetz pioneering its application in NHPs (Jackson 2006). Despite its potential,
two factors currently limit its use in rehabilitative-relevant contexts: the historically inconsistent results
encountered when trying to modify functional connectivity over a network (Rebesco 2011, Seeman 2017,
Song 2013) and the limited biological understanding of the phenomenon itself. Fortunately, new graph-
centric computational tools are improving our ability to understand stimulation induced functional
reorganization over a network (Khambatini 2019, Muldoon 2016), and computer simulations are
improving our understanding of the biological underpinnings of functional connectivity (Vuksanovi¢ 2014).
These improvements must continue in order to arrive at the requisite computational ability and
fundamental understanding needed to develop and optimize functional connectivity-based interventions
for successful clinical translation.

My work addresses each of the aforementioned four needs of having a clinically relevant model, technical
tools, computational tools, and fundamental understanding of the measured outcomes. On the
experimental front, my work advances the ability to utilize optogenetics in NHPs to manipulate both
functional connectivity and behavior. My computational work advances our computational ability to
predict stimulation-induced functional connectivity reorganization over a network, to induce targeted
lesions for studying stroke-like neurophysiology, and to ground functional connectivity in relation to
structural connectivity. These advances are detailed over several chapters, each of which focuses on
different yet interconnected aspects of clinically-relevant neurostimulation in NHPs.

In Chapter 2, | delve into the domain of cortical stimulation, and discuss how it modulates coherence, a
type of functional connectivity, within the NHP cortex. These results explore how factors such as
stimulation latency and intrinsic network connectivity control the coherence changes induced by
stimulation. This work is complimented by a series of computational analyses carried out in Chapter 3,
where | explore the role of network structure in mediating functional reorganization induced by
optogenetic stimulation of the NHP sensorimotor cortex. In these studies, | show that the stimulation
protocol is only part of the equation. The underlying network architecture plays an even greater role at
mediating stimulation-induced changes. This finding shifts our perspective on targeted neural stimulation
and holds potential for the development of novel, more effective stimulation-based interventions for
neural disorders.

Chapter 4 introduces a novel opto-electric neural interface designed for advanced behavioral and neural
disruption studies in NHPs. This new tool merges the cell-type specific modulation capabilities of
optogenetics with the dual functionality of electrical stimulation and recording, opening new avenues for
precise, detailed studies of how brain activity shapes behavior and vice versa. With it, | demonstrate the
optogenetic manipulation of both neural activity as well as reaching behavior.

In Chapter 5, | use a biophysically plausible artificial neural network to study how structural connectivity
can be inferred from local field potentials (LFP). This work provides crucial insights for interpreting LFP
functional connectivity in the context of structural connectivity, thereby grounding the often-studied yet
poorly-understood phenomena of functional connectivity in biological understanding.

Chapter 6 details the development and validation of a computational model for predicting induced lesion
sizes in a novel photothrombotic stroke model. The model serves as a crucial tool for studying cortical
physiology following stroke and can potentially be utilized to develop stimulation-based interventions in
NHPs, thus facilitating the development of clinically translatable stroke therapies.

11



In summary, this thesis offers a comprehensive view of my efforts to advance neurostimulation science
and its clinical applicability. By studying how neural stimulation affects the brain, improving the available
experimental and computational tools used for such investigations in NHPs, grounding a good candidate
clinical measure in biology, and furthering a replicable NHP stroke model, this research works to bridge
the gap between experimental neurotechnologies and their use in humans. Through these endeavors, we
move closer towards developing and optimizing stimulation-based treatments of neural disorders.
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Chapter 2: Cortical stimulation induces network-wide coherence change

in non-human primate somatosensory cortex

Published as: J. Bloch, K. Khateeb, D. Silversmith, J. O'Doherty, P. Sabes, A. Yazdan-Shahmorad
“Cortical Stimulation Induces Network-Wide Coherence Change Across Non-Human Primate
Cortex,” IEEE EMBC 2019, Berlin, Germany, Jul. 2019.

Abstract

Stimulation of the cortex can modulate the connectivity between brain regions. Although targeted
neuroplasticity has been demonstrated in-vitro, in-vivo models have been inconsistent in their response
to stimulation. In this paper, we tested various stimulation protocols to characterize the effect of
stimulation on coherence in the non-human primate cortex in-vivo. We found that the stimulation latency,
the state of the cortex during stimulation, and the stimulation site all affected the modulation of cortical
coherence. We further investigated features of a resting-state network that could predict how a
connection is likely to change with stimulation.

Introduction

Neurological disorders affect millions of people world-wide. Many of these disorders, such as epilepsy,
schizophrenia, and Alzheimer’s disease are linked to aberrant connectivity in the brain (Stam 2014). One
possible approach to combat these disorders is targeted reorganization of neural connections through
neural stimulation. As the brain has neuroplastic mechanisms, stimulation can leverage neuroplasticity to
result in changed neuronal network dynamics.

Neuroplasticity has been shown to follow the framework of spike-timing dependent plasticity (STDP),
which holds that when neuron A activates immediately before neuron B, the connection from A to B is
strengthened (long-term potentiation), while when B fires before A then the connection from A to B is
weakened (long-term depression) (Bi and Poo 1998). The degree of connection change is modulated by
the latency between the two activations. In this paper we test different stimulation protocols with varying
relations to the STDP latency window. For quantifying connection strength, we use the coherence metric,
which has shown to be more robust than other commonly used neural connection metrics (Bastos 2016).
Specifically, we analyze coherence of the beta, gamma, and high-gamma bands, which are commonly
associated with cognitive and motor processes (Lucas 2013, Yazdan-Shahmorad 2018).

Previous studies have explored the effects of stimulation for changing cortical dynamics. Such studies
have varied from electrical to optogenetic stimulation and have investigated the immediate and long-
term effects of such stimulation between stimulation pairs, with varying degrees of success (Rebesco
2011, Buzsaki 2015, Seeman 2017). In this study, we electrically stimulate cortical regions and measure
how the stimulation changes the dynamics over the whole network.

Results

A. Electric Stimulation Alters Connectivity Dynamics Between Stimulated Sites

We obtained results characterizing the effects of the various stimulation protocols on the coherence
between the two stimulated channels (channels A and B), as shown in Fig. 1A. The stimulation block
coherences of all stimulation protocols except out-STDP were statistically significantly deviated from the
pre-stimulation baseline values (p-values<0.01). We repeated the recordings after stimulation and found
the new baseline coherence during this period to still be statistically significantly deviated from the pre-
stimulation baseline (p-values<0.001). We additionally performed a sham trial, in which no stimulation
was applied, as a control and found no statistical significance in the deviation from its baseline coherence.
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B. Stimulation-Induced Network Depends on the State of the Network

We stimulated multiple pairs of electrodes in the same experiment session, with later stimulation sessions
beginning before coherence values returned to baseline. On one day, we performed in-STDP stimulation,
then an extended recording session, and then out-STDP stimulation. On another day, we reversed the
order and performed out-STDP stimulation, an extended recording session, and then in-STDP stimulation.
This reversal allowed us to compare differences in the evoked coherence of a recently stimulated brain
vs. a brain in a resting unstimulated state.

Our results, displayed in Fig. 1B, demonstrated that stimulating the brain when already in a recently
stimulated state can affect the stimulation-induced coherence. The induced coherences differed
significantly (p-values <0.05) between the two approaches for all trials except in-STDP for beta band and
high-gamma band.

B Y High y
[ Before Stim

EES During Stim 041

HEl After Stim

A b

0.0 X
Control  In-STDP Out-STDP Random  Single Control In-STDP Out-STDP Random  Single Control  In-STDP Out-STDP Random Single
Stimulation Protocol

Fig. 1. Coherence between stimulation electrodes before stimulation, during the stimulation recording block, and
after stimulation ended. Bar heights indicate mean values, while error bars indicate 95% confidence interval.
Asterisks indicate statistical significance, with ‘*’ indicating p<0.05, **’ indicating p<0.01, and “***’ indicating
p<0.001. Statistical significance was calculated by paired t-test relative to the "Before Stim" data.

Coherence
o
w

[ Applied to unstimulated brain
ER Applied to previously stimulated brain

B 14 High y
.. * e .
0.50 |
v
205 0.2
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—
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o
o 0.25 |
()
0.0 0.00 0.0
In-STDP Out-STDP In-STDP Out-STDP In-STDP Out-STDP

Stimulation Type

Fig. 2. Comparison of coherence for two types of paired stimulation, when applied as first stimulation of
experimental session (white bars) vs. when applied to a brain that had already been stimulated in that experimental
session (black bars).
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C. Paired Stimulation Can Increase or Decrease Coherence Between Stimulation Sites

All stimulation-driven coherence changes between electrodes A and B corresponded to increases in
coherence. We wanted to test whether coherence increase was a truism of neuronal coherence dynamics
following stimulation, or a facet of the specific neuronal location of electrodes A and B. We thus tested
two other stimulation pairs. One of the pairs, consisting of electrodes C and D, was located far from our
original stimulation electrode pair (A and B), while the other pair (E and F) was spatially close to A and B.
The intra-pair distance was consistent between all pairs.

The trials for these channels were completed after A and B had already been stimulated, and the
coherence had not yet returned to baseline (Fig. 3). The data in this section are tested for significance
with respect to the post A-B stimulation excited baselines. Therefore, although we do test these data for
significant changes in coherence, we must qualify these results by stating that they are valid within the
context of recent previous paired stimulation of sites A and B.

We compared the coherence of the baseline immediately before stimulation with the coherence of the
stimulation electrodes during the stimulation block, and with the coherence of the stimulation electrodes
during the post-stimulation baseline. C-D pair demonstrated significant increase for all comparisons while
E-F pair demonstrated significant decrease for all comparisons (p-values<0.01) except the beta coherence
changes of pair E-F.
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Fig. 3. A time series of coherence values for three electrode channel pairs. Colored vertical bars indicate stimulation

sessions. The left, center, and right plots indicate coherence between channels A and B, C and D, and E and F
respectively. Yellow, light blue, and pink lines indicate 10 minute periods of paired stimulation between channels A
and B, Cand D, and E and F respectively.

D. Features of Baseline Recording Are Related to Stimulation Induced Coherence Change Across
Entire Network

During recording blocks, we obtained coherence values for all electrode pair combinations of the 96 Utah
array electrodes. We quantified the change in coherence of each pair relative to baseline and performed
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least squares regression to quantify how baseline coherence, baseline coherence stability, and electrode
pair distance are related to coherence change during stimulation. In order to quantify baseline coherence
stability, we calculated the standard deviation of the coherences of each electrode pair during baseline
recording. As change in coherence includes a term of the baseline coherence, the regression is biased. In
order to unbias the regression, we split the coherences up into odd and even minutes, and calculated the
baseline with the even minutes, while calculating the change in coherence with the odd minutes. A similar
approach has been used in (Rebesco 2011) in order to combat this same regression bias.

Our analysis showed that the baseline coherence, standard deviation of baseline coherence, and
electrode pair distance were each significantly (p-value<0.001) linearly related to the change in coherence
(Fig. 4). Baseline coherence yielded the highest r squared value for beta and gamma band coherence
change, while baseline standard deviation yielded the highest r2 for high gamma. All baseline coherence
slopes were negative, and all baseline standard deviation slopes were positive. This indicates that for all
frequency bands, both lower baseline coherences and lower connection stabilities (corresponding to a
higher coherence standard deviation) were correlated with more positive coherence change.

We then constructed a multiple regression model consisting of the three features in order to evaluate the
degree to which each feature could increase the explained variance ratio (r2) of the regression model. The
multiple regression model yielded r2 values of 0.236, 0.122, and 0.029 for beta, gamma, and high gamma,
respectively. These improved r2 values are appreciably higher than the highest r2 values of the single
regression models for gamma (0.072, from baseline coherence) and high-gamma band (0.013, from
baseline stability), but not for beta (0.23, from baseline coherence). Each feature continued to be
statistically significant (p-values<0.001) in the multiple regression models.

16



y=-0.133x + 0.108 y=0.923x + -0.022 y=0.024x + 0.002
025 r2=0.230, p < 0.001 r?=0.111, p < 0.001 r?=0.010, p < 0.001

3=; y=-0.063x + 0.053 y=0.862x + -0.005 y=-0.002x + 0.020
O .
v 'r?=0.072, p < 0.001 ©r?=0.067, p < 0.001 r?=0.0001, p < 0.001
g 0.2
Ty
=
[}
O 00
E
a
02 y=-0.007x + 0.018 y=0.289x + 0.011 y=-0.015x + 0.023
r’=0.001, p < 0.001 ‘ r’=0.013, p < 0.001 L r’=0.011, p < 0.001
High vy :

0.0

0.0 0.5 1.0 0.00 0.05 0.10 0.0 0.5 1.0
Baseline Coherence STD of Baseline Coh Distance Between Electrodes

Fig. 4. Scatter plots of stimulation-induced coherence change with respect to (from left to right) mean baseline
coherence, standard deviation of baseline coherence, and distance between electrode pairs. The top plots are for
beta frequency band, the middle for gamma, and the bottom for high-gamma. The data points represent all 96x96
coherence changes all possible electrode pairs. Each feature is statistically significantly related to the change in
baseline coherence.

Discussion

In this study we investigated cortical network dynamics in response to electrical stimulation. We
compared stimulation protocols, electrode sites, and predictive baseline features. Our results indicate
that coherence between neural sites can be modulated through stimulation, and this modulation is
influenced by stimulation latency, site of stimulation, and the state of the network before stimulation.

One hypothesis constructed from a naive extrapolation of STDP excitation rules is that paired stimulation
within the long-term potentiation window would result in unilateral increase in coherence between two
stimulation sites. This hypothesis would explain the more consistent significant coherence change of in-
STDP and random stimulation compared to out-STDP. However, although we did see increases in
coherence for pairs A-B and C-D, pair E-F decreased in coherence when stimulated. STDP rules delineate
that when A fires before B, the connection from A to B is strengthened but the connection from B to A is
weakened. As magnitude of coherence measures the overall connectivity between two sites, and does
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not confer any information of directionality, it is possible that there was a larger decrease in connectivity
from F to E than there was an increase from E to F, which yielded a net decrease in connectivity. Although
this explanation might fit within the STDP framework, it does not take into account how the single-site
stimulation of channel B resulted in increased coherence with channel A.

An alternative hypothesis is that connections between neuronal sites are largely unchanged, and that the
chief mechanism of electrical stimulation induced coherence modulation is modulation of cortical
oscillation rhythms. Since coherence is a measure of the degree to which two signals keep consistent
phase with one another, modulation of cortical oscillation synchrony would result in changed coherence.
However, similar studies have investigated the change in connection between two sites by using other
connectivity metrics such as evoked response amplitudes or Granger Causality (Rebesco 2011, Buzsaki
2015, Seeman 2017) and have reported similar connectivity modulation with these metrics. In addition,
coherence change has been directly compared to evoked response change and the two were shown to be
significantly correlated (Rebesco 20011).

It is clear from Fig. 3 that there are dynamics determined by the underlying cortical network that dictate
the response of the network to stimulation. Fig. 4 is a first attempt at predicting this response from the
network. The r squared values and p-values of the regression models indicate that simple features such
as inter-electrode distance, baseline coherence, and baseline coherence stability may successfully predict
the degree of coherence change during stimulation, but that as the frequency of the coherence rises, so
does the difficulty in explaining the change in coherence. This is consistent with past analyses of local-
field potential frequencies, in which higher frequencies are hypothesized to underlie more complex local
connectivity (Yazdan-Shahmorad 2018). If more data is made available experimentally, more complex
modeling tools can be leveraged to gain an understanding of the cortical network structure that underlies
connectivity modulation.

Methods

A. Animal Model

One adult male rhesus macaque was used in this study. All experiments were performed under approval
of the University of California, San Francisco Institutional Animal Care and Use Committee and were
compliant with the Guide for the Care and Use of Laboratory Animals.

B. Data Acquisition

A macaque monkey was implanted with a 96-electrode Utah array in its primary somatosensory cortex
(S1). We used a Tucker-Davis Technologies System (FL, USA) to control the recording and stimulation of
the electrodes. For the duration of an experiment, the monkey was awake and headfixed, sitting in a
primate chair. We monitored the animal during the experiment to ensure it remained awake.

The local field potentials were sampled at a rate of 24kHz, and then downsampled to 3.051kHz. We
recorded neural activity before and after stimulation. Additionally, we interleaved 10 minutes of
stimulation with neural recordings to obtain data corresponding to stimulation blocks. This interleaving
was necessary as stimulation results in saturation of the recording electrodes.
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Fig. 5. Paired stimulation protocol. A 5ms 1kHz burst is delivered to electrode 1, and then a 5ms 1kHz burst is
delivered to electrode 2. The time delay, At, between onsets of the bursts is detailed in the lower-right of the figure.
This protocol is applied in 10 minute blocks interleaved with recordings.

C. Stimulation Protocols

Stimulation of an electrode consisted of a 5ms burst of 1kHz stimulation at 120 pA. In this study we used
four different stimulation protocols: in-STDP, out-STDP, random, and single-site. In-STDP, out-STDP, and
random correspond to protocols of paired stimulations (alternating stimulations of 2 channels) of
different time intervals between the stimulations (Fig. 5). In-STDP stimulation consisted of two bursts, one
in the first stimulated channel and one in the second, with a separation between the burst onsets of 10ms.
Out-STDP had a burst onset separation of 100ms, while random had a burst onset separation randomly
sampled from the uniform distribution of -100ms to 100ms. Single-site corresponded to stimulation of a
single channel. For each protocol the stimulations were repeated every 200ms for an allotted stimulation
time.

The in-STDP and out-STDP stimulation protocols correspond to different relationships to the STDP
window. We set the lag between electrode 1 and 2 bursts of in-STDP stimulation at 10ms in order to fall
inside the STDP long-term potentiation window, and the out-STDP lag to 100ms in order to fall outside
the long-term potentiation window.

D. Quantification and Statistical Analysis

The data analysis was completed in Python. Coherence calculation was completed using the Scipy
package. Statistical analysis such as paired t-test and construction of linear regression confidence intervals
were completed using the Scipy and Statsmodel packages.

E. Coherence

The raw signals from each recording block were split into time-frames of 1-minute long recordings, and
the coherence was calculated for each 1-minute long block. Within each 1-minute block, pairwise
coherences were calculated with a Hamming window of 10 seconds and 50% overlap. Coherence is
defined as:

2
Where Gxx and Gyy correspond to channel power spectral density of channels x and y, respectively, and

Gxy corresponds to the cross-spectral power density of the two channels. Coherence values were binned
into beta, gamma, and high-gamma frequency ranges corresponding to 12Hz-30Hz, 30Hz-55Hz, and 65Hz-
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200Hz, respectively. Significant changes between different recording blocks were detected using paired
2-sided t-tests.

Conclusion

As a means to combat neural disorders stemming from aberrant connectivity, cortical stimulation is a
powerful method. The inherent complexity of the brain, however, makes targeted reorganization of brain
connectivity using stimulation a complex task. As connections between neural areas are mediated by
many intermediary connections, the dynamics of paired-site connectivity modulation can only be
understood by gaining an understanding of the connectivity dynamics of the entire network. In this paper
we evaluated the effect of different stimulation modalities on coherence between brain regions, both
between stimulation sites and of the network. This work can offer direction to researchers choosing a
methodology of stimulation in order to affect cortical connections, for either rehabilitative or purely
scientific purposes.
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Chapter 3: Network structure mediates functional reorganization
induced by optogenetic stimulation of non-human primate sensorimotor

cortex
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“Network structure mediates functional reorganization induced by optogenetic stimulation of non-human
primate sensorimotor cortex,” iScience, May 2022.

Abstract

As aberrant network-level functional connectivity underlies a variety of neural disorders, the ability to
induce targeted functional reorganization would be a profound development towards therapies for neural
disorders. Brain stimulation has been shown to alter large-scale network-wide functional connectivity, but
the mapping from stimulation to the modification is unclear. Here, we leverage advances in neural
interfaces, interpretable machine learning, and graph theory to arrive at a model which accurately predicts
network-wide functional reorganization in response to optogenetic stimulation of non-human primate
primary sensorimotor cortex. The model jointly considers the stimulation protocol and the cortical
network structure, departing from the standard approach which only considers the stimulation protocol.
We observe that the stimulation protocol only predicts a small portion of the induced functional
connectivity changes while the network structure predicts much more, indicating that the underlying
network is the primary mediator of the response to stimulation. We extract the relationships linking the
stimulation and network characteristics to the functional connectivity changes and observe that the
mappings diverge over frequency bands and successive stimulations. Finally, we uncover shared processes
governingreal-time and longer-term effects of stimulation. Our framework represents a paradigm shift for
targeted neural stimulation and can be used to interrogate, improve, and develop stimulation-based
interventions for neural disorders.

Introduction

From schizophrenia to epilepsy, aberrant network-level functional connectivity underlies a variety of neural
disorders (Garrity et al. 2007; Nakai et al. 2021; Stam et al. 2007). As such, the ability to modify network-
level functional connectivity would be a profound development towards therapies for neural disorders.
Brain stimulation has demonstrated promise as a means for modifying large-scale functional connectivity
(Edwardson et al. 2013; M. D. Fox, Halko, et al. 2012; Sehm et al. 2012), but the mapping from stimulation
to the resulting modification remains unclear. The prevalent approach for inducing targeted connectivity
changeis neural stimulation informed by Spike-Timing Dependent Plasticity (STDP). STDP is a phenomenon
in which synaptic strengths are modified as a function of the delay between the firing times of the pre-and
post-synaptic neurons (Bi and Poo 1998; Bliss, T.V.P. and Collingridge 1993; Markram et al. 1997). While
STDP was initially observed in monosynaptic connectivity strength between isolated neuron pairs in vitro
(Bi and Poo 1998; Bliss, T.V.P. and Collingridge 1993; Markram et al. 1997), its application was eventually
translated to larger-scale, less isolated connections in vivo (Bloch et al. 2019; Jackson, Mavoori, and Fetz
2006; Rebesco and L. E. Miller 2011; Rebesco, Stevenson, et al. 2010; Seeman et al. 2017; W. Song et al.
2013; Yazdan-Shahmorad, Silversmith, et al. 2018). In response to the more challenging in vivo setting, this
translation coincided with stimulation of a larger set of neurons instead of monosynaptic connections of
isolated neuron pairs and the measurement of functional connectivity changes (FCC) instead of direct
synaptic strength changes (Bloch et al. 2019; Jackson, Mavoori, and Fetz 2006; Rebesco and L. E. Miller
2011; Rebesco, Stevenson, et al. 2010; Seeman et al. 2017; W. Song et al. 2013; Yazdan-Shahmorad,
Silversmith, et al. 2018). In line with the original in vitro studies, these experiments hypothesized that
pairwise stimulation would drive FCC only between the stimulation targets. Some reported successful
induction of targeted FCC (Jackson, Mavoori, and Fetz 2006; Rebesco and L. E. Miller 2011; Rebesco,
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Stevenson, et al. 2010; W. Song et al. 2013) while others reported inconsistent results across stimulation
targets (Bloch et al. 2019; Seeman et al. 2017). Notably, these studies also reported a novel finding:
stimulation-induced FCC were found to extend beyond the stimulation sites to other recorded regions
(Bloch et al. 2019; RebescoandL. E.Miller2011; Rebesco, Stevenson, etal.2010; Seemanetal. 2017; W.Song
etal.2013). Follow up studies investigated the extent of this phenomenon in primates (Huang et al. 2019;
Keller, Huang, et al. 2018; Yazdan-Shahmorad, Silversmith, et al. 2018) and found that paired stimulation
reliably results in FCC extending over a large-scale surrounding network. These results highlight the need
for an updated framework which accurately predicts network-wide stimulation-induced FCC in vivo.

Recent research indicates that network-level functional connectivity is not only affected by stimulation
but also is involved in shaping the response to stimulation. For example, underlying functional connectivity
has been shown to shape stimulation-induced neural activity propagation (K. C. Fox et al. 2020; Huang et
al. 2019; Keller, Bickel, et al. 2011; Momi et al. 2021; Solomon et al. 2018) as well as influence the
therapeutic outcome of neural stimulation interventions for Parkinson’s disease (Horn et al. 2017; Younce
etal. 2021) and depression (M. D. Fox, Buckner, et al. 2012). Early results have also indicated that network-
level FCC induced by stimulation are correlated to baseline functional connectivity (Bloch et al. 2019;
Keller, Huang, et al. 2018; Khambhati et al. 2019). Despite the demonstrated relevance of the underlying
network for shaping the response to stimulation, the question of how to effectively parse and analyze a
brain network to inform stimulation remains unanswered. The answer to this question could be used to
arrive at an updated framework for network-level stimulation induced FCC.

Here, we leverage advances in neural interfaces and computational modeling to develop a model which

~ointly considers characteristics of the stimulation protocol and the underlying network-level functional
connectivity for prediction of network-wide stimulation-induced FCC. We use optogenetics, a stimulation
technology in whichneurons are rendered light-sensitive by viral-mediated expression of opsins and thus
able to be activated by incident light (Boyden et al. 2005), to activate target neural regions while
simultaneously recording without electrical artifact. We measure FCC at the network level by recording
neural activity via a micro-electrocorticography (LECoG) array covering 1cm? of the primary sensorimotor
cortex. We then parse underlying network-level functional connectivity with summarizing metrics
borrowed from and inspired by graph theory. Finally, we employ a nonparametric hierarchical additive
model (Haris, Shojaie, and Simon 2019) to predict network-level FCC while allowing maximal interpretability
of identified feature mappings. We develop and test the model in the sensorimotor cortex of two non-
human primates (NHPs) to ensure maximal clinical translation.

Weinterrogated our model over multiple contexts to identify the relationship between stimulation and FCC.
Characteristics of the stimulation protocol alone poorly predicted stimulation induced FCC, whereas the
characteristics of the underlying network-level functional connectivity contained information which
yielded accurate prediction of the FCC. This trend was true both when protocol and network features
were analyzed as groups and when features were analyzed individually. The mappings from input features
to FCC were similar between the stimulated-state and resting-state changes. Continuous stimulation
modified the mapping from input features to resulting FCC. Our methods represent a promising new
framework for parsing network-level FCC to predict the effects of stimulation, while our model and
insights can be leveraged towards novel therapies of neural disorders.

Results

Large-scale stimulation and recording of non-human primate sensorimotor cortex

We performed a series of experimental sessions consisting of stimulating and recording rhesus macaque
cortex. To stimulate neurons without causing a recording artifact we used optogenetic stimulation. We
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chose to express the C1V1 opsin as it is a red-shifted excitatory opsin and thus allows for greater light
penetration and subsequent neural activation (Prakash et al. 2012). To record over a large-scale ( 1cm?)
area of the cortex while allowing light to pass through the recording hardware, we used a transparent
MECoG array which recorded local-field potentials (LFP) from the surface of the primary sensorimotor
cortex (Yazdan-Shahmorad, Diaz-Botia, et al. 2016).

For each experimental session we randomly chose two locations corresponding to two electrodes of the
MECoG array to be stimulated. The stimulation consisted of alternating 5 ms laser pulses delivered to
the stimulation sites, temporally offset by a session-specific delay (Fig. 1) and repeated every 200 ms for
10 minutes. The session-specific delays were randomly chosen at the beginning of each experimental
session to be 10 ms, 30 ms, or 100 ms. These values were chosen because 10 ms and 30 ms have been
shown to be in the effective range for connectivity change while 100 ms is outside the effective range
according to STDP (Bi and Poo 1998; Jackson, Mavoori, and Fetz 2006). Locations of stimulation, the delay
between the stimulation of the first and second sites, and the location and orientation of the
MECoG array placement varied between experimental sessions but were consistent over individual
sessions.

The set of experimental sessions spanned multiple days and two rhesus macaques. We recorded neural
activity during 10-minute stimulation periods, which we refer to as “stimulation blocks,” as well as during
5-minute periods before and after each stimulation period, which we refer to as “resting-state blocks.”
Each experimental session consisted of alternating resting-state blocks and stimulation blocks, with 6 total
resting-state blocks and 5 total stimulation blocks.

From the neural data recordings we calculated the FCC for each pairwise connection between recorded
electrodes of an experimental session. We quantified FCC with the coherence metric for the Theta (4-7
Hz), Beta (12-30 Hz), Gamma (30-70 Hz), and High-gamma (70-200 Hz) bands.

As the effects of stimulation in both the stimulated-state and in the resting-state are relevant for neural
disorders therapies (Levy et al. 2016; Lozano and Lipsman 2013), we estimate and model the FCC in both
states. We calculated the change from a resting-state block to the following stimulation block which we
referto as SS-FCC, and calculated the change from a resting-state block to the following resting-state block
which we refer to as RS-FCC.

Stimulation delay is a poor predictor of resting-state functional connectivity change between
stimulation sites

Studies have shown that change in anatomical connectivity between two monosynaptically connected
neurons is a function of activation times, or stimulation delay, between the neurons (Bi and Poo 1998;
Bliss, T.V.P. and Collingridge 1993; Markram et al. 1997), a phenomenon termed STDP. As STDP relates
delay to structural changes in connectivity but not real-time modulation of neural activity, we evaluated
how well stimulation delay could predict RS-FCC between the sites of stimulation.

The standard function relating stimulation delay to corresponding connectivity change according to the
STDP hypothesis is an exponential function (S. Song, K. D. Miller, and Abbott 2000; Zhang et al. 1998).
However, here we recognize that our experimental setting bears little resemblance to the controlled
monosynaptic studies yielding such a curve. As such, we did not enforce an exponential delay function but
rather tested whether varying the delay had an effect on RS-FCC by fitting a linear model with delay as
categorical input and RS-FCC as continuous output (Fig. 2a). Since STDP is a process governing pairwise
connectivity change, we modeled only RS-FCC calculated between stimulation sites, and did not model
RS-FCC nor connectivity between unstimulated sites. We observed that delay was a significant predictor
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of RS-FCC in Theta and Gamma bands, but not for Beta or High-gamma (p: Theta 0.016, Beta 0.125,
Gamma 0.002, High-gamma 0.239; one-sided F-test with 165 observations, 2 degrees of freedom). For all
frequencies we observed that delay had low explanatory power (R% Theta 0.050, Beta 0.025, Gamma
0.075, High-gamma 0.018). These results indicate that, although a naive extrapolation of the STDP curve
to our large-scale setting would hint otherwise, delay between paired stimulation of two neural sites
minimally controls RS-FCC.
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Figure 1: Schematic of the experimental setup and basic modeling pipeline. a, Depiction of the transparent 96-
electrode PECoG array which we used to record from macaque primary sensorimotor cortex, and the approximate
location of the array on the cortex. Optogenetic stimulation was applied via laser light. b, We recorded traces of
neural LFP during the resting-state and stimulation blocks making up our experimental sessions. During the
stimulation blocks, stimulation was applied in a paired pulse protocol whereby the stimulation at the second site
followed the first by a session-specific delay. Network coherences were constructed for each individual recording
block by calculating pairwise LFP coherences over the network. Network coherence from resting-state recordings
were parameterizedto generate a set of network features. Details of the protocol was parameterized to generate a
set of protocol features. The sets of network and protocol features were fed to a nonparametric model to predict
network-wide FCC.

Pairwise stimulation drives functional connectivity changes in the stimulated-state and resting-
state across the entire recorded network

In order to determine whether our stimulation induced FCC only between the stimulation sites or over a
broader area of the recorded network, we examined the network-wide FCC. We plot an example network of
FCC over our recording array in Fig. 2b. In this example, we see that the connectivity change between
stimulation sites (bolded) is simply one change among many in the recorded network. To quantify the
network-wide FCC over all experiments we calculated the FCC distributions. We observed that stimulation
generally increased network-level functional connectivity, as SS-FCC had positive mean over all frequency
bands. We additionally compared the SS-FCC of our stimulation experiments to a set of control
experiments in which no stimulation was applied, and found that stimulation resulted in significantly
higher SS-FCC (p < 0.0001 in all frequency bands; Welch’s unequal variances t-test) (Fig. S1.)

Wethen compared the SS-FCC and RS-FCC distributions. We found SS-FCC was highly correlated toRS-FCC,
as the Pearson’s correlation coefficient was above 0.6 in all frequency bands (Fig. 2d). The means of RS-
FCC distributions were less offset from 0 than the means of SS-FCC distributions of the same frequency
bands, and variances were similar between RS-FCC and SS-FCC distributions of the same frequency bands.
These widespread FCC raise the question of explaining and predicting the stimulation-induced FCC across
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the entirety of the recorded network.

Nonlinear modeling to predict stimulation-induced network-wide functional connectivity

changes

Motivated by the observation of network-wide FCC, we pursued an accurate and interpretable model to
predict FCC over the entire recorded network. While linear modeling is the standard method for
statistically rigorous interpretable models, the assumption of linearity is scientifically unreasonable for
statistical relationships among complex experimental measurements such as neural data (Friedman,
Hastie, and Tibshirani 2001). We relax this assumption through the use of a nonparametric hierarchical
additive model which can identify complex nonlinear input-output relationships (Haris, Shojaie, and Simon
2019). As this model retains the structure of summation over individual features familiar from linear
modeling, it permits feature-wise investigation of the results (Fig. 3c-f). In addition, careful penalization of
the estimation objective (Eq. 18) ensures that the model retains important theoretical guarantees and is
encouraged to learn simple, smooth components (Haris, Shojaie, and Simon 2019). In the following sections
we use such nonparametric hierarchical models to arrive at our results. These models outperformed linear
models uniformly across frequency bands and prediction tasks (Fig. S2).
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Figure 2: a, Delay-based prediction of RS-FCC between stimulation sites has poor explanatory power, and does not
achieve statistical significance in the Beta and High-gamma. b, Visualization of the RS-FCC of a single example
session over the WECOG array. Black circles correspond to electrodes while the edges indicate the change in
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coherence relative to the preceding baseline period. Optogenetic stimulation sites are indicated by light blue
circles. The bolded line connecting the stimulation sites indicates the coherence change between the two sites. c,
Distribution of the SS-FCC in each frequency band over all sessions. Internal lines indicate the mean, and one
standard deviation below and above the mean. d, Scatter plot of SS-FCC versus RS-FCC showing high correlation.

The stimulation protocol alone is a poor predictor of network-wide functional connectivity
changes

To test the degree to which the factors of the stimulation protocol controlled the network-wide FCC, we
constructed models to predict SS-FCC and RS-FCC from the stimulation protocol. We constructed a set of
8 features consisting of: stimulation delay, a categorical identifier of the time ordering of the stimulation
block, the distance between a given electrode pair, the distances from the sites of stimulation to the closer
or further electrode of an electrode pair, anatomical region of electrodes (Fig. 3a) (see Methods for more
details of how they are calculated). Throughout the paper we refer to this set of predictive features as
“protocol features.” Wealso include a categorical animal subject indicator in the model in order to capture
differences in mean between the two subjects. With this feature set we trained models with output of
pairwise FCC between all recording electrodes of an experiment, over each block of all experiments. We fit
individual models to predict SS-FCC or RS-FCC over individual frequency bands. We held out 30% of the
data to evaluate the predictive performance of the model on unseen data.
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Figure 3: Feature generation and predictive modeling. a, Visualization of the protocol features. From top to bottom,
thefeaturesare: stimulation delay,anatomical region, blocknumber, distance, stim 1 distance to closer, stim 2 distance
to closer, stim 1 distance to further, stim 2 distance to further. b, Visualization of the network characteristics which
the network features quantify. From top to bottom, the visualizations correspond to: initial coherence, phase, length
2 path strength, coherence with network, coherence with stim sites, coherence difference, electrode covariance,
and time covariance. c-d The nonparametric model can identify feature mappings of a variety of complexities, such as
(€) near-linear fits such as that found for the distance feature, or (d) higher-order polynomials such as that found for
the connectivity difference feature. fj(x) indicates the contribution of a feature to the predicted FCC. Throughout the
figure, the gray shadowing indicates the distance feature, while the light blue shadowing indicates the connectivity
differencefeature. e, Anexample of how the feature mappings are additively combined. f, Individual feature mappings
are represented in a basis of increasingly complex nonlinear functions. The order of this representation is selected
automatically by a penalized estimation procedure, with the y-axis of this figure indicating the polynomial order. The
order selection for the distance feature and coherence difference feature are shadowed in gray and light blue,
respectively.
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We observed that the protocol-based model of FCC had low predictive power for both SS-FCC (R%: Theta
0.045, Beta 0.026, Gamma 0.057, High-gamma 0.078) and RS-FCC (R%: Theta 0.028, Beta 0.014, Gamma
0.020, High- gamma 0.014). These results indicate that while factors related to the protocol alone
explain some of the variation in the observed coherence change, they are insufficient to generate
practically relevant predictions.

Network structure determines stimulated-state and resting-state functional connectivity changes
Our observations that stimulation induces a change in connectivity over an entire network, in tandem with
the poor predictive power of the protocol-based model, lead us to hypothesize that the effects of
stimulation may be mediated by the existing cortical network. We tested this hypothesis by constructing
a set of 8 features extracted from the baseline functional connectivity network. These features are: initial
coherence, which is the pairwise coherence between an electrode pair; phase, which is the absolute value
of difference between electrode spectral phases; length 2 path strength, which is the average strength of
a connection between an electrode pair passing through another recording site; coherence with network,
which is the average coherence between a given electrode pair and the rest of the network; coherence
with stim sites, which is the average coherence between a given electrode pair and the stimulation sites;
coherence difference, which is the average absolute difference in connection strength between each
element of the electrode pair and the recorded network; electrode covariance, which is the average
covariance of an electrode pair’s coherence to the other electrodes in the network over time; and time
covariance, which is the average covariance across time series between a given electrode pair’s coherence
and the others in the network (Fig. 3b) (see Methods for details of how these are calculated). These
features are primarily derived from graph theoretic measures (Barrat et al. 2004; R. Milo et al. 2002; Ron
Milo et al. 2004; Onnela et al. 2005) which have been used with success in past theoretical neuroscience
analyses (Hu et al. 2014; Ocker et al. 2017; Pernice et al. 2011; Zhao et al. 2011). Throughout this paper
we refer to this set of features as “network features.”

We observed that the model predictions on the test set was dramatically improved compared to the
protocol- only model for each frequency band for both SS-FCC (R?: Theta 0.240, Beta 0.130, Gamma 0.221,
High-gamma 0.323) (Fig. 4) and RS-FCC (R% Theta 0.218, Beta 0.087, Gamma 0.138, High-gamma 0.218)
(Fig. 6a). This improvement in performance across all frequency bands and for both stimulated-state and
resting-state contexts suggests that properties of the local network at baseline may be highly informative
with respect to prediction of stimulation-induced changes.
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Figure 4: A model trained to predict stimulation-induced FCC over a cortical network based on protocol features
alone is outperformed by one which incorporates information about existing network connectivity. Results in this
figure correspond to prediction quality for SS-FCC; results are similar but slightly worse for RS-FCC. a, Bar graph
indicating r-squared accuracy on held-out data. Grayscale bars indicate accuracy of models trained on only protocol
features and colored bars indicate accuracy of models trained on both protocol and network features. Error bars
indicate standard deviation. b-f, Results of prediction of a representative experimental session from the protocol
versus the protocol-and-network models. b, Scatter plot of the protocol model’s predictions of network SS-FCC
versus the actual changes observed during that experimental session. ¢, Scatter plot of the protocol-and-network
model’s predictions of SS-FCC versus the actual changes observed during that experimental session. d, Example SS-
FCC over a cortical network, visualized over the HECoG array used for recording. Black circles indicate electrodes of
the array, while lines indicate coherence change between electrode pairs. The observed coherence changes
correspond to the y-axis of b and c. e, The protocol model’s SS-FCC prediction, corresponding to the x-axis of b. f, The
protocol-and-network model’s SS-FCC prediction, corresponding to the x-axis of c.

Individual network features are more important than individual stimulation protocol features for
predicting functional connectivity changes

We quantified the relative importance of each feature through the decrease in accuracy of prediction on
the test set when that feature was excluded from the data. The statistical uncertainty associated with the
importance was quantified through a resampling procedure (Meinshausen and Bihimann 2010) (see
Methods for details).

Using this procedure, we show the importances of each feature per frequency band in Fig. 5a for SS-FCC
and in (Fig. S3) for RS-FCC. Four of the five most important features for SS-FCC prediction and each of the
five most important features for RS-FCC prediction were network features. Features appearing in the top
five of both contexts were time covariance, coherence difference, and initial coherence, which were all
network features. Delay and time-ordered block number were the two most important of the protocol
features for both SS-FCC and RS-FCC prediction.

Feature mappings display diverging trends across frequency bands

We decomposed the nonlinear model into feature mappings representing the estimated mapping
between each individual feature and the change in coherence. The statistical uncertainty associated with
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the estimated nonlinear mapping from the feature to the response was quantified through a resampling
procedure (Meinshausen and Bihimann 2010) and representative feature mappings were obtained
through point-wise interpolation of the resampled feature mappings (see Methods for details).
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Figure 5: Feature-wise analysis of the nonlinear additive model. Results in this figure correspond to the SS-FCC
model; results were similar for the RS-FCC model. a, Feature importances as measured by the decrease in model
accuracy when the feature was omitted. Features were partitioned into the protocol and network categories, then
sorted by average importance over all frequency bands. Line ranges indicate 95% confidence intervals. b-f, Feature
mappings for the b time-ordered block number, c electrode pair distance, d time covariance (z-scored), e coherence
difference, and f initial coherence features. fj(x) indicates the contribution of a feature to the predicted FCC. Shading
indicates 95% confidence intervals. g-i, Average cosine similarity of the component functions between each pair of
frequency bands, over g all features, h protocol features, and i graph features.

We plot the SS-FCC feature mappings of some important features as well as others of interest in Fig. 5b-f.
We observed that feature mappings were generally more complicated for network features than for
protocol features. For example, the time covariance feature varies from a near-linear increase in the Beta
band to a high-order polynomial in the High gamma band, while the distance feature mapping exhibits a
nearly linear decrease in the high-confidence regions of all frequency band models (Fig. 5c). We also
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observed that in the higher frequency bands, electrodes which had a higher initial coherence tended to
strongly increase their coherence when stimulated (Fig. 5f). Additionally, we found a small effect of
increasing SS-FCC for the first two or three temporal blocks depending on frequency band, followed by
decreasing SS-FCC in later blocks (Fig. 5b). We evaluate the temporal characteristics of the FCC in more
detail in a later section.

We summarized the similarity of all features, protocol features, and network features by calculating the
cosine similarity of the feature mappings (Fig. 5g-i). Generally, we observed that the mappings from
protocol features to SS-FCC were fairly consistent across frequency bands, while the mappings from
network features to SS-FCC varied sharply between frequency bands. Only the network feature mappings
of Gamma and High-gamma were similar.
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Figure 6: a, Comparison of the predictive accuracy for nonlinear additive models of SS-FCC prediction versus RS- FCC
prediction. Error bars indicate standard deviation. b, Heatmap of average cosine similarity between feature
mappings of SS-FCC and RS-FCC over frequencies. c-d, Comparison of feature mappings for SS-FCC and RS-FCC
models for the ¢ Theta band and d High-gamma band. The features from left to right are anatomical region of
electrodes, electrode pair distance, time covariance (z-scored), initial coherence, and coherence difference. Shading
indicates 95% confidence intervals.

Feature mappings are similar for stimulated-state and resting-state functional connectivity
changes
We calculated the similarity of feature mappings between SS-FCC and RS-FCC and observed that they

exhibited high similarity in all frequency bands (Fig. 6b). Notably, the groups with the highest similarity
between SS-FCC and RS-FCC feature mappings were the network features in the Theta and High-gamma
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bands. We plot representative SS-FCC and RS-FCC feature mappings of five features from the Theta and
High-gamma models in Fig. 6¢c-d.

Repeated stimulation modifies mappings from features to functional connectivity changes

The modeling approach employed thus far constrained the learned feature mappings to be constant
across all temporal blocks of an experimental session. The influence of the block’s time location was
represented by a learned global shift in the FCC between all electrode pairs measured in that block. We
hypothesized that successive stimulation blocks within an experiment had a more complex effect on FCC
than a simple average shift, and rather modified the actual feature mappings over the time course of
stimulation. We tested this hypothesis by allowing the nonlinear relationship between each feature and
the response to vary across the five stimulation blocks by adding an interaction term between the block
number feature and all other features. Rather than averaging over potential heterogeneity in the network
dynamics resulting from the accumulated effects of stimulation, this approach allowed for the
investigation of a time-course of smoothly varying predictors of coherence changes.

In line with the hypothesis that repeated stimulation indeed produces such heterogeneity across blocks
within a session, we found a substantial improvement in prediction quality with the time-varying model
for both SS-FCC (R? Theta 0.426, Beta 0.247, Gamma 0.415, High-gamma 0.527) (Fig. 7a) and RS-FCC (R?
Theta 0.410, Beta 0.251, Gamma 0.359, High-gamma 0.436) over the static model. We also calculated the
cosine similarities of feature mappings for each block of the time-varying SS-FCC model and found that
successive stimulation results in the mappings diverging from each other, as their similarity decreased
over subsequent blocks (Fig. 7d). These results indicate that the relationship between features and
connectivity change evolved dynamically over the course of repeated stimulation.
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Figure 7: Feature mappings mediating FCC over a network are dependent on the stimulation history. Results in this
figure correspond to prediction of SS-FCC; results are similar for prediction of RS-FCC. a, Bar graphs indicating r-
squared accuracy on held-out data of the time-varying and static model predictions. Greyscale bars indicate the
static model while colored bars indicate the time-varying model. The time-varying models outperformed the static
model over all frequencies and experiment blocks. Error bars indicate 95% confidence intervals. b-c, Example feature
mappings of two network features, b initial coherence and c time covariance (z-scored) used in the time-varying
model. We observed that the feature mappings change over successive experiment blocks. Shading indicates 95%
confidence intervals. d, Heatmaps of similarities of feature mappings between models trained for different
frequency bands. Similarity was quantified by feature-averaged cosine similarity of the feature mappings. We
observed that while feature mappings were similar at the onset of the stimulation, they diverged over the time-
course of stimulation.
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Discussion

Here we leverage advances in neural interface technology and interpretable machine learning to induce
and model large-scale FCC. We augment the standard framework of stimulation-induced FCC by
considering the effects of the pre-existing network structure and by analyzing FCC over a large-scale (
1cm?) network. We show that stimulation induces widespread FCC in both the stimulated-state and the
resting-state, and that the underlying network structure mediates these effects. Our modeling framework
represents a readily translatable method of characterizing the underlying network structure to predict the
outcome of stimulation. Our findings explain inconsistent results historically reported in vivo (Bloch et al.
2019; Huang et al. 2019; Keller, Huang, et al. 2018; Rebesco and L. E. Miller 2011; Rebesco, Stevenson, et
al. 2010; Seeman et al. 2017; W. Song et al. 2013; Yazdan-Shahmorad, Silversmith, et al. 2018) and pave
the way for increased understanding and development of neural stimulation interventions.

The influence of the stimulation protocol

While brain stimulation can be delivered to a local area, the highly-interconnected nature of the brain
ensures that any local region tightly modulates and is modulated by other regions. An analysis of the
effects of stimulation which only considers the stimulation protocol thus prioritizes the direct, local effect
of stimulation over the mediation of the response by the brain network.

For neural stimulation interventions targeting longer-term FCC invivo, the protocol-focused approach has
been found lacking. The dominant framework for stimulation-induced targeted connectivity change was
developed invitro, a setting in which the cortical network is largely nonexistent and the stimulation
protocol can be extremely precise. Attempts to translate STDP from its native context of monosynaptic
connectivity between isolated neuron pairs in vitro to functional connectivity between larger-scale neural
structures in vivo have been largely inconsistent, with some reports of promising results (Jackson, Mavoori,
and Fetz 2006) but also of off-target (unstimulated) connectivity changes (Bloch et al. 2019; Rebesco and L.
E. Miller 2011; Rebesco, Stevenson, et al. 2010; Seeman et al. 2017; W. Song et al. 2013) and a lack of
response to the protocols (Bloch et al. 2019; Seeman et al. 2017).

Here, we study real-time network-level FCC as SS-FCC and longer-term FCC as RS-FCC. We found that, in
accordance with existing protocol-focused approaches, the stimulation protocol influences both SS-FCC
and RS-FCC. However, further analysis indicated that this influence is minor, and that a protocol-focused
analysis of stimulation only explains a small fraction of the effects. This is a novel finding, and represents
a substantial departure from the standard analysis of the effects of stimulation which prioritizes the
stimulation protocol.

Our observation that the stimulation delay was able to predict some RS-FCC between stimulation sites,
and that the stimulation delay was one of the top two protocol features for network-wide FCC prediction,
is aligned with the delay-focus of STDP-informed connectivity modification approaches (Bi and Poo 1998;
Bliss, T.V.P. and Collingridge 1993; Jackson, Mavoori, and Fetz 2006; Markram et al. 1997; Rebesco and L.
E. Miller 2011; Rebesco, Stevenson, et al. 2010; Seeman et al. 2017; W. Song et al. 2013). However, the
small amount of variance explained by delay indicates that delay alone is not sufficient for accurate FCC
control.

Network-level analysis of neural stimulation

Here, we model the cortical network as both the mediator and target of the effects of stimulation. Our
focus on the network structure is facilitated by our use of novel neurotechnologies for stimulation and
recording. We used a large- scale LEC0G array to record from a large-scale cortical network. This differed
from past studies in which the inclusion of a small set of unstimulated neural sites had primarily been
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relegated to that of a statistical control (Rebesco and L. E. Miller 2011; Rebesco, Stevenson, et al. 2010;
Seeman et al. 2017). In addition, we used convection-enhanced delivery of the optogenetic virus to obtain
widespread opsin expression (Khateeb et al. 2019; Yazdan-Shahmorad, Diaz-Botia, et al. 2016), which
allowed us to stimulate many distinct sites of the sensorimotor cortex and to record neural activity during
stimulation without artifact.

We estimated a complete network between all recording sites by calculating their pairwise coherences,
which is highly correlated to other functional connectivity metrics (Huang et al. 2019; Yazdan-Shahmorad,
Silversmith, et al. 2018). In addition, unlike metrics such as evoked response, coherence can be calculated
in the absence of stimulation. This had the dual advantage of allowing us to estimate connectivity during
resting-state blocks and between unstimulated sites. We note that the latter point is especially relevant,
as most “network-level” analyses of stimulation only observe a partial network as they do not analyze
connectivity between unstimulated regions (Huang et al. 2019; Keller, Bickel, et al. 2011; Keller, Huang,
et al. 2018; Yang et al. 2021).

We then incorporated details of the distributed structure of these networks for prediction of FCC. Recent
studies haveindicatedthat pairwise coherence between twositesis correlated totheir changein coherence
followingstimulation (Bloch et al. 2019; Keller, Huang, et al. 2018; Khambhati et al. 2019). However, any
pairwise analysis treats connections as independent from another and does not capture the distributed
structure of the network. In order to incorporate details of the distributed network structure into our
predictive model, we turned to advances in graph theory and theoretical neuroscience. Graph theory is a
branch of mathematics concerned with the study of graphs, and has developed metrics for summarizing
and comparing graphs, such as clustering coefficients, measurements of centrality, and graph distances
(Barrat et al. 2004; R. Milo et al. 2002; Ron Milo et al. 2004; Onnela et al. 2005). Theoretical neuroscience
has similar measures, termed “motifs,” which are used to analyze simulated brain networks (Hu et al.
2014; Ocker et al. 2017; Pernice et al. 2011; Zhao et al. 2011). Just as simple pairwise connectivity between
electrodes describes their first-order connectivity, these measures summarize higher-order, distributed
connectivity within a network (Benson, Gleich, and Leskovec 2016). The network features we developed
and used in our model were inspired by these existing metrics and similarly encode higher order,
distributed connectivity information of the network. For example “coherence with network” and “length
2 path strength” quantify general whole-network connectivity strength between two sites, while
“electrode covariance” and “coherence difference” quantify the similarity of connectivity structure to the
entire network between two site. Indeed, our model confirmed their relevance by identifying “time
covariance” and “coherence difference,” two higher-order connectivity metrics, as the most important
features for FCC prediction.

One alternative framework for inducing targeted network-wide FCCis network control theory (Bassett and
Sporns 2017), which attempts to use control-theoretic methods to control network activity in real-time.
However, it has thus far has been limited to quantifying theoretical controllability of networks (Khambhati
et al. 2019; Muldoon et al. 2016; Yang et al. 2021) rather than inducing targeted FCC. Here, we validate
our framework on the maximally clinically-translatable NHP model and demonstrate that it can accurate
predict network-level stimulation-induced FCC.

The cortical network as the mediator and target of stimulated-state and resting-state functional
connectivity changes

Both real-time and long-term modulation of brain networks are relevant for neural stimulation-based
medical interventions. Here, we induced, estimated, and modeled network-level FCC which we observed
during stimulation as well as after stimulation. The high correlation in FCC and high similarity in feature
mappings between the two contexts hint at shared processes underlying SS-FCC and RS-FCC. Practically,
this also means that observing stimulation-induced FCC in real-time may lead to more accurate longer-
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term FCC.

Interventions targeting real-time neuromodulation often do not consider effects beyond local activity
modulation. However, this neuromodulation has a secondary effect of altering real-time network
synchronization, observed here as network-level SS-FCC, and which persist after stimulation as RS-FCC. As
such, the complete effects of these interventions can only be fully understood by augmenting their scope
of analysis to include network-level FCC.

Our observation that the underlying network mediates RS-FCC demonstrates that interventions directly
targeting RS-FCC must consider the underlying network for accurate induction of connectivity changes. The
historical neglect of the underlying network structure in mediating RS-FCC could provide an explanation
for reports of off-target connectivity changes and inconsistent connectivity changes between stimulation
sites (Bloch etal. 2019; Rebescoand L. E. Miller 2011; Rebesco, Stevenson, et al. 2010; Seeman et al. 2017;
W. Song et al. 2013; Yazdan-Shahmorad, Silversmith, et al. 2018). We note that, while many of these studies
use STDP-informed stimulation which is designed to elicit changes in anatomical connectivity, we cannot
pinpoint the nature of our observed FCC as either solely anatomical or activity-based, as functional
connectivity is related to both (Waites et al. 2005; Wang et al. 2013).

Finally, our results offer a potential explanation for how underlying network-level functional connectivity
shapesthe therapeutic response to stimulation. Studies have shown that aberrant functional connectivity
underlies many neural disorders (Garrity et al. 2007; Kaiser et al. 2015; Nakai et al. 2021; Stam et al. 2007),
and that neural stimulation alters network-level functional connectivity (Huangetal. 2019; Keller, Huang, et
al. 2018; Yazdan-Shahmorad, Silversmith, et al. 2018) and can treat neural disorders (Edwardson et al.
2013; Lozano and Lipsman 2013). As such, therapeutic response to stimulation may be a direct result of a
stimulation-induced change from aberrant to healthy network- level functional connectivity. This change
may in turn be determined by the underlying network-level functional connectivity, as recent work has
indicated that underlying functional connectivity shapes the therapeutic response to stimulation (M. D.
Fox, Buckner, et al. 2012; Horn et al. 2017; Younce et al. 2021), and here we have also shown that it shapes
stimulation-induced network-level FCC. Further work which holistically studies the underlying network,
neural stimulation, FCC, and neural disorders is needed.

The evolving response to successive neural stimulation

Our observation that the time-ordered block number was the most important protocol feature indicates
that the temporal location of repetitive stimulation is important for consideration. This observation is in
accordance with earlier work from our lab (Bloch et al. 2019) in which we reported sharp differences in
functional connectivity between an initial stimulation block following stimulation blocks. We further
investigated this phenomenon with our time-varying model.

With the time-varying model we observed that feature mappings describing the response to stimulation
evolve in response to repeated stimulation. This result indicates that stimulation interventions likely need
to be adapted over time, as repeatedly stimulating will not repeatedly induce the same response nor even
be governed by the same network rules mediating the response. This is consistent with the increased
success of some closed-loop neural stimulation interventions over open-loop alternatives (Edwardson et
al. 2013), as it acknowledges that the effects of stimulation can be made more accurate when the
stimulation is informed by recent neural activity. However, we additionally show that stimulation should
be adapted to characteristics of the whole network, not only to local activity.

Interpretable predictive modeling beyond the linear paradigm
In this study we capitalized on our network-level treatment of FCC by using a data-driven nonlinear
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modeling approach. Indoing so, we were able to develop an accurate predictive model and estimate feature
mappings displaying the relationships between the protocol and network features and FCC. These feature
mappings have the dual purpose of elucidating underlying mechanisms of network-level response to
stimulation, and informing future stimulation interventions.

Data-driven statistical models often fall into one of two approaches: simplistic linear models or complex
“black- box” models. While the simple relationships identified by linear models ensure that the mappings
are interpretable, linearity is an assertion, not a property learned from the data, and therefore linear
models may not capture the complexity of the true input-output relationships. At the other extreme,
prediction-focused black-box models can learn complex input-output mappings at the expense of
interpretative ability such as observation of the mappings. The unique modeling approach we employ in
our study displays advantages of each as it can identify complex mappings between the features and FCC
while allowing the features mappings to be observed. As it is a data-driven and generalized additive
model, it retains the ability of identifying linear mappings when such a mapping is supported by the data,
while also being able to identify more complex nonlinear mappings when appropriate.

We found that eliminating the artificial and restrictive assumptions of the linear model yielded
dramatically improved predictive performance. In particular, as the complexity of our input features
increased from simple stimulation parameters to the actual structure of the cortical network, their feature
mappings exhibited strong nonlinearities and thus would not be able to be fully represented by a strictly
linear approach.

Finally, in light of recent unsuccessful attempts to model the effects of neural stimulation with nonlinear
models (Yang et al. 2021), our data-driven method for inferring feature mappings of variable complexity
represents a timely contribution for principled and accurate modeling of the effects of brain stimulation.

Neuroscientific and clinical utility of our insights

Here we have shown that the cortical network structure mediates the response to stimulation, both for
real-time and longer-term contexts. Our findings provide a possible explanation for how underlying
functional connectivity shapes the therapeutic response to stimulation, and for previously reported
inconsistent results of neural stimulation. Our framework, only made possible by novel advances in neural
interfaces, interpretable machine learning, and graph theory, represents an efficient method for parsing
network structure for accurate prediction of stimulation-induced FCC. It can be readily applied to other
network-informed approaches of neural stimulation, and can be used to interrogate, improve, and
develop novel neural stimulation interventions for neural disorders.

Limitations of the study

While we have shown that FCC induced by stimulation are more positive than FCC observed in the control
condition, it is possible that the modeled FCC in the stimulation condition are composed of a combination
of stimulation-driven changes and natural fluctuations. Regardless, the model represents an accurate
method for predicting functional connectivity changes in the presence of stimulation.

Our neural recordings were limited to a HECoG on the primary sensorimotor cortex surface; further work
is needed to verify that our findings are consistent across brain regions, at various cortical depths,
and at larger and smaller scales. Inaddition, as all stimulation experiments consisted of paired optogenetic
stimulation, our observations should be verified with other stimulation modalities and protocols to verify
their generality. Our method for parsing the network structure, along with the hierarchical additive model,
can be easily extended to these cases. If our findings are verified across a broad range of brain regions
and stimulation modalities, then this would indicate that existing stimulation-based therapies must factor
in the underlying network in order to arrive at a complete understanding of their effects.
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Here we have constructed a set of network features which we have shown are relevant for FCC prediction.
While someinterpretable mappingsofinterestweredescribedintheresultssection,otherswhichweremore
complicated, such as the most-important “time covariance” feature, could not be easily interpreted. Our
features broadly encapsulate various spatiotemporal connectivity motifs present in the network
connectivity, and as such can be further dissected and parsed for purposes of interpretation. For
example, the importance of “time covariance” indicates that the temporal relations of pairwise
coherence contains information relevant for FCC prediction; this knowledge can be used to construct
more detailed studies with the goal of uncovering the underlying processes governing this relation. Our
finding that the network mediates the plastic response to stimulation can guide the development of
stimulation treatments, but does not explicitly offer a prescriptive method for specifying an exact
stimulation protocol. Instead, our model acts as an encoder which yields a prediction for the effects of
stimulation given a specific stimulation protocol and network state. The creation of a corresponding
decoder could be used to directly prescribe a stimulation protocol to elicit desired FCC. Such a model
could also be deployed in real-time as a network-informed controller for FCC.

Methods

Two adult male rhesus macaques (monkey G: 8 years old, 17.5 Kg; monkey J: 7 years old, 16.5 Kg) were
used in this study. All procedures were performed under the approval of the University of California, San
Francisco Institutional Animal Care and Use Committee and were compliant with the Guide for the Care
and Use of Laboratory Animals.

Large-scale neural interface

Stimulationandrecording of the cortex were achieved using our large-scale optogeneticinterface consisting
of a semi- transparent micro-electrode array, semi-transparent artificial*dura, titanium implant,
widespread optogenetic expression, and laser-delivered optical stimulation (Yazdan-Shahmorad, Diaz-
Botia, et al. 2016). Neurons in the primary sensorimotor cortex were optogenetically photosensitized via
viral-mediated expression of the C1V1 opsin. We injected a viral cocktail of AAV5-CamKlla-
C1V1(E122T/E162T)-TS-eYFP-WPRE-hGH (2.5 10* virus molecules/ml; Penn Vector Core, University of
Pennsylvania, PA, USA, Addgene number: 35499) in the primary sensory (S1) and primary motor (M1)
cortices of the left hemisphere of the two rhesus macaques using the convection-enhanced delivery
technique as described in (Yazdan-Shahmorad, Diaz-Botia, et al. 2016; Yazdan-Shahmorad, Tian, et al.
2018). We infused 200 pL of the cocktail was over four sites in monkey G and 250 pL over five sites in
monkey J.

The chronic neural interface was implanted by performing a 25mm craniotomy over the primary
sensorimotor cortices of the left hemisphere of two rhesus macaques, replacing the dura mater beneath
the craniotomy with a chronic transparent artificial dura, and attaching a titanium cap over the
craniotomy. During experiments we removed the artificial dura and placed a custom 92mm? micro-
electrocorticography array of 96 electrodes on the cortical surface for recording neural activity. The
MECoG arrays consisted of platinum-gold-platinum electrodes and traces encapsulated in Parylene-C
(Ledochowitsch et al. 2015).

Neural data was recorded by sampling local-field potentials at 24 kHz from the uECoG array using a Tucker-
Davis Technologies system (FL, USA). We stimulated the cortex by delivering light via a fiber optic
(core/cladding diameter: 62.5/125 um, Fiber Systems, TX, USA) connected to a 488 nm laser (PhoxX 488-
60, Omicron-Laserage, Germany) positioned above the array such that the tip of the fiber-optic cable
touched the array. A 488 nm laser was used due to equipment availability and because it is close to the
optimal wavelength of C1V1 activation (Prakash et al. 2012). The interface used for the subjects in this
study is further described in (Yazdan-Shahmorad, Diaz-Botia, et al. 2016). Of the dataset used for this
study, a subset overlaps with the dataset used in our previous publication (Yazdan-Shahmorad,
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Silversmith, et al. 2018).

Verification of optogenetic expression and activation

We verified expression of the C1V1 opsin by fluorescent imaging of the eYFP marker (Fig. S4), and by
recording optogenetically-evoked neural responses (Fig. S5), as described in (Yazdan-Shahmorad, Diaz-
Botia, et al. 2016). We observed widespread fluorescence in the primary sensorimotor cortices (Fig. S4).
We also observed neural activity elicited by illumination site, propagating within the stimulated
anatomical region and across the central sulcus. An example propagation of neural activity from one
experiment is plotted in (Fig. S5), after filtering to the high-gamma which reflects more local activity (Ray
et al. 2008). The same effect of activity propagation can be found without filtering, but displays more
spatially-distributed low frequency noise. Also, as detailed in the “Signal preprocessing” section, at the
beginning of each experimental session we verified that recorded activity was not due to photoelectric
artifacts by stimulating at 500 Hz and confirming that we did not see matching LFP traces. We also verified
that the evoked neural responses were due to optogenetic activation and not another light-induced factor
such heating by illuminating outside the sites expressing fluorescence and recording neural activity. We
found that such illumination did not evoke neural activity, confirming that the observed neural activation
from our experimental sessions was due to optogenetic activation.

Structure of experimental sessions

Throughout each experimental session, subjects were watching cartoons while seated ina primate chairand
headfixed. At the beginning of an experiment the chamber was opened, the artificial dura was removed,
and the nECoG array was placed on the cortical surface. Throughout the experiment, the exposed cortex
was irrigated with saline to ensure that it remained moist. At the end of each experiment, the uECoG array
was removed from the cortical surface, the artificial dura was replaced on the brain, and the chamber
was closed.

We performed a total of 36 experimental sessions over multiple days and two subjects. The experimental
sessions consisted of recording while no stimulation took place, which we termed a “resting-state block,”
and recording during stimulation, which we termed a “stimulation block.” Each resting-state block was 5
minutes long and each stimulation block was 10 minutes long. Each experimental session consisted of
alternating resting-state blocks and stimulation blocks, with 6 total resting-state blocks and 5 total
stimulation blocks, as a resting-state block was completed before the first and after the final stimulation
block. The UECOG array was replaced on the cortex for each experimental session. Additionally, each
recording block of an experimental session had the same stimulation protocol.

We stimulated two locations per experimental session which varied between experimental sessions but
remained fixed throughout an experimental session. The locations were randomly chosen across the array.
Optogenetic activation at the chosen stimulation site was verified before beginning the experimental
session, by stimulating and observing activation in the LFP traces. We ensured that these traces were due
to neural activation and not photo- electric artifact by the method described in the "Signal preprocessing”
section. We imaged the stimulation locations on the array and subsequently identified the closest
recording electrode to each stimulation location. The distance from stimulation site to the nearest
electrode was no more than 500 um.

We applied stimulation using a paired-pulse protocol of 5 ms pulses separated by a session-specific delay
(Fig. 1). A pulse width of 5 ms was chosen because it elicited reliable responses in M1 and S1, and has a
close duration to previously used targeted plasticity protocols (Jackson, Mavoori, and Fetz 2006). The
session-specific delays were randomly chosen at the beginning of each experimental session to be 10 ms,
30 ms, or 100 ms; once chosen they remained fixed for an experimental session. These values were
motivated by previous studies reporting that 10 ms and 30 ms delays induced reliable connectivity
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changes while 100 ms delays did not induce changes (Bi and Poo 1998; Jackson, Mavoori, and Fetz 2006).
The paired-pulses were repeated every 200 ms for the entirety of each stimulation block; this period was
chosen to allow for enough time for the chosen delays while maximizing the number of paired-pulse
stimulations within a conditioning block.

We performed a total of four additional control sessions over 3 days and two subjects. The structure of the
sessions remained identical to the experimental sessions described in this section, except that no
stimulation took place.

Signal preprocessing

Before beginning an experimental session, we tested for photoelectric artifact. This was done by
stimulating at frequencies faster than C1V1 off-kinetics (eg. 500 Hz) (Prakash et al. 2012) and examining
the LFP traces. If this high frequency stimulation elicited response in the LFP traces then this was deemed
to be photoelectric artifact, and the illumination site was moved to another location (Ledochowitsch et
al. 2015).

Before recording, electrode impedances were measured and those with high impedance were excluded
from further analysis. We also examined the broadband recorded surface potentials and excluded those
with low signal-to-noise ratio. The total amount of data removed constitutes no more than 15% of the
raw time series. We then downsampled the data to 1 kHz after applying a low-pass Chebychev filter for
anti-aliasing.

Signal processing to obtain a time-varying coherence network

Within each stimulation block and each resting-state block, the recorded LFP were partitioned into non-
overlapping 20-second windows. All quantities computed from the raw LFP time series were computed
on a per-window basis, then summarized across all windows in the block.

We computed an estimate of the coherence between all non-faulty electrodes for each 20-second window
in every resting-state block and stimulation block. We denote by E the number of non-faulty electrodes
and denote the multivariate LFP time series for a given window by the two-dimensional array x;.; € REXT,
which consists of the time-ordered concatenation of the LFP recordings x; = (x¢,...,Xg)" for each
electrode at time t. We estimated the multivariate spectral density function S(A) € CE*E for the time
series x1.r by Welch's method (Welch). The coherence between electrodes i and j at frequency A is
denoted as (;j(A) and computed from the estimated spectral density via C;;(A) = [S;;(A) |2/
S;i(M)S;j(A). We computed the coherence at 403 linearly spaced frequencies in the interval (0, 200) Hz.

Summaries over four frequency bands, 4-7 Hz (Theta), 12-30 Hz (Beta), 30-70 Hz (Gamma), and 70-199 Hz
(High Gamma), were computed by averaging the coherence estimates within each band. Thus, for each
session, the raw LFP time series was transformed into a sequence of matrix-valued quantities representing
the average band-limited coherence in each 20-second interval. Since the coherence is symmetric and the
diagonal conveys no information on pairwise behavior of the LFP electrode signals, we retained only
values in the upper triangle above the diagonal for modeling and prediction.

We defined SS-FCC as the difference between the mean coherence of an electrode pair calculated during
a stimulation block and the preceding resting-state block. We defined RS-FCC as the difference between
the mean coherence of an electrode pair calculated during a resting-state block and the preceding resting-

state block. We use FCC as a general term to refer to either SS-FCC or RS-FCC. Let Ci(}"’)(lk) be the
coherence between electrodes i and j at frequency Ain the 20-second window w, as estimated by the
procedure described above. The band-limited coherence was obtained by averaging over the indices k €

K, corresponding to frequency band b: Cl%) = |Kp|t YkeK, Clg‘i’;) (Ax). Within an experimental session,
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we denote by Wy, | € {1,2,3,4,5,6} and Ws, L€ {1,2,3,4,5}, the collections of 20-second windows
belonging to resting-state block 1 or stimulation block ], respectively. Note that the additional resting-state
block corresponds to a final recording block after the 5th stimulation block. The electrode coherences
were summarized for each of these blocks by their mean values:

1
~(R) _ w)
Cbij - |“,Bz| § Cbij

WEW B
1
~(SD) _ w)
Cbi; _|W | Z Chij
St WEWS1

The SS-FCC was then computed as
_ ~) _ ARD
Yoiji = Cpij” = Cpij
and the RS-FCC was computed as

1 ~(R ~(R
ybijl — C[Sinl) _ C}Sl]l)

Nonlinear modeling of stimulation-induced coherence change

We used a nonlinear additive model to explain the observed FCC in terms of features derived from both
the experimental protocol and the information on functional connectivity available in the resting-state
block prior to stimulation. In this framework, a single observation was denoted by the pair(y,, x,),n =
1,...,N, with y,, € R an FCC measurement and x,, € RP the corresponding features. In switching to the
single index n we indicate that the data was aggregated over all unique electrode pairs and all
experimental blocks. The dependence on the band b was subsequently omitted for notational simplicity;
the same analysis was repeated for the data in each frequency band. The FCC was modeled as

p
Yo =Bot ) (k) +en (1)
j=1

The model consists of an intercept By, nonlinear functions f; controlling the impact of each feature j =
1,...,p on the response, and an error term g,,.

The utility of the model derives from the nonlinearity of the feature mappings and the additive procedure
through which they are combined to yield a prediction for the FCC. The additive structure of the model
allows for the visualization and interpretation of individual feature-response relationships. For each
feature j = 1, ..., p, this is represented by the feature mapping f;. Moreover, the predictive impact of
feature j can be measured by the decrease in prediction error on a test set relative to a model in which
the feature is omitted (or equivalently, a full model is estimated while enforcing f; = 0). The same analysis
can be applied to groups of features. While additivity is essential for model investigation, the nonlinearity
of the feature mappings enables the identification of more complex relationships than can be expressed
in a linear model. Linearity is a strong modeling assumption that is both difficult to justify scientifically,
and as demonstrated in the results harmful in terms of predictive accuracy.
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Feature representation of processed data

A single observation of the FC corresponds to a unique pair of electrodes and a specific recording block.
The corresponding features were constructed to satisfy two objectives: first, that the subsequent analysis
separates the influence of the protocol parameters from that of the network structure of the functional
connectivity; second, that all information in the features was available prior to stimulation.

To satisfy the first objective, we partitioned the features into two groups: protocol features, which
summarize aspects of the experimental setting and protocol; and network features, which summarize
information in the electrode coherences during baseline recording. The protocol features describe the key
parameters of the experimental framework (Yazdan-Shahmorad, Silversmith and Kharazia). The
designation “network features” derives from consideration of the estimated band-limited coherence as
the adjacency matrix of an undirected, edge-weighted graph. The network features were intended to
serve as simple but informative summaries of the connectivity information available in recordings of
baseline activity prior to stimulation. They correspond to summary statistics computed over spatial or
temporal ranges, basic quantities pertaining to the estimated spectrum (Brockwell, Davis and Fienberg),
or network features that have found previous application in graph analysis (Barrat, Barthélemy and
Pastor-Satorras; Salton and McGill). Finally, a subject-level indicator was included to adjust for potential
global differences in FCC between the two macaque subjects. The adjustment is included in all models, as
the subject is neither an aspect of the stimulation protocol nor a property of the baseline connectivity
network.

Protocol features

The protocol features were comprised of the categorical measurements Anatomical region, Delay, and
Block number, as well as the real-valued features Distance, Stim1 distance to closer, Stim1 distance to
further, Stim2 distance to closer, and Stim2 distance to further. Anatomical regions indicates whether the
two electrodes corresponding to a given measurement are both in region M1, both in region S1, or if one
is in each region. Delay encodes three levels of time-delay in the pulse of the paired laser stimulation: 10,
30, or 100 ms. While the delay parameter in the stimulation protocol is real-valued, in the context of our
data it is only measured at three distinct settings. We therefore chose to estimate an effect for each
setting individually rather than to estimate a nonlinear function of the delay given observations at only
three points. Block number indicates the time-order position of the experimental block in which the
observation was recorded. In the “block analysis” regression design, we removed this feature and instead
allowed all feature mappings to vary with the block number, thus investigating the predictive impact of
allowing the entire model to evolve dynamically over the discrete time-stages of an experimental session.
Distance measures the distance between the two electrodes. Stim1 distance to closer, Stim1 distance to
further, Stim2 distance to closer, and Stim2 distance to further, encode distances between the stimulation
sites and the closer and further electrodes of the electrode pair being predicted.

Network features

The network features were computed from the LFP time series recorded during the resting-state block
preceding the stimulation for which FCC are being predicted. Except for the Phase feature, all of these
features were derived from the tensor obtained by time-concatenation of the coherence matrices across
all windows in the resting-state block.

We introduce some tensor notation prior to defining these features. The coherence tensor for a given
resting-state period is a three-dimensional array, denoted as C € R XEXT Two-dimensional slices
through the array at time t or electrode i are indicated as C;.. and C - i -, respectively. One-dimensional
vectors obtained by fixing an electrode i and a time point t are denoted c;,.; vectors obtained by fixing
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both electrodes i and j are denoted ¢;,;. The scalar coherence value at time t for electrodes i and j is
denoted c;;.

The Initial coherence indicates the mean coherence between electrodes i and j at baseline:

T

1

TE ciij = mean(c,,)
t=0

The Coherence with network summarizes the average coherence between electrodes i and j and the
remaining electrodes in the array. This corresponds to the normalized sum of vertex strengths of nodes i
and j (Barrat, Barthélemy and Pastor-Satorras):

T E

11

?EEE(C”" + ctjk) = mean(Ci + Cj)
t=0 k=0

The Coherence difference measures the mean absolute difference in coherence between electrodes i and

J to other electrodes in the network:
T E
1 1
72,7 Qe = <o
t=0 k=0

The Length 2 path strength represents the average strength of length-2 paths connecting electrodes i and
J. This feature is similar to standard graph clustering coefficient metrics quantifying the total edge-weight
of triangle motifs that include a given node (Barrat, Barthélemy and Pastor-Satorras; Onnela, Saramaki
and Kertész). However, it excludes the direct edge between electrodes i and j, which reduces correlation
with the initial coherence. Alternatively, the L=2 path strength can be considered the unnormalized cosine
similarity between the network-coherence vectors of electrodes i and j (Salton and McGill):

1w 1w 11
TZEZ CtikCtjk = ;ZE@’) (e
t=0 k=0 t=0

The Coherence with stim sites is the average coherence between electrodes i and j to the two optogenetic
stimulation sites. Below, the indices a and b refer to the electrode sites corresponding to the laser
locations for a given experiment:

T

1

EE(Ctia + Ctip + Ctja T Ctjb)
t=0

The Electrode covariance and Time covariance capture the variability of the coherence measurements
over the electrode array and over the total number of 20-second time windows in a resting-state block,
respectively.

The Electrode covariance represents a time-average of the covariance between the vectors representing
the connectivity of electrodes i and j to the rest of the network:

T

1 — >

?2 Cov(cn., ct]_).
t=0

The Time covariance is the average across all other electrodes k of the covariance between the time series
of coherence values to electrodes i and j:
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Finally, the Phase was the only network feature not derived from the coherence tensor, since the
coherence only contains magnitude information from the estimated spectral density. Writing the (i,j)th
cross-spectral component computed within window w as

igW)
S = |55 )| €%,

and denoting by K}, the set of indices k such that A is in frequency band b, the phase feature 6;; in block

L is given by
R i
l
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Outlier removal

Nonlinear regression methods are sensitive to extreme outliers, which can exert highly disproportionate
influence on the model estimate. We wished to achieve robustness against such outliers while minimizing
perturbation of the data and subsequent analysis. Therefore, we adopted a highly permissive definition,
by which an observation was considered an outlier if its absolute deviation from the mean exceeded 20
times the interquartile range along any dimension (i.e. feature). Across all frequency bands and models,
the maximum amount of data excluded by this procedure was less than 0.1% of the total number of
observations.

Regression designs

We investigated two different configurations of the regression design matrix within our nonlinear
modeling framework. For each design, the data were aggregated across all the experimental sessions for
each subject. While significant session heterogeneity suggested that even stronger prediction results were
possible for models fit to individual sessions, our objective was to estimate a model that generalized well
in the sense of accurate prediction on data from many sessions.

Full data

First, we investigated the performance of the nonlinear model on the full data, which included all
experimental blocks from all sessions. This yielded N = 481,505 observations of p = 16 features,
which expanded to dimension 21 after dummy-coding of the categorical variables Delay, Region, and
Block number, and to dimension 22 after inclusion of the categorical animal subject indicator.

Block interactions

Under the full data design, the time evolution of the response was limited to global shifts corresponding
to the categorical feature Block number. We subsequently investigated the impact of allowing the shape
of the feature mappings to vary with the block number, thus expanding the model's capacity to capture
time variation in feature-response relationships over the course of repeated stimulation. This constituted
an interaction design, whereby the categorical feature Block number was removed, and the remaining
features were each augmented with interaction terms for binary indicators that denoted whether the
measurement was made in each of blocks 2, 3, 4, and 5. The number of observations remained N = (481,
505), while the number of features expanded to p = 94.

Estimation of the nonlinear additive model

We used a train-test paradigm to assess the predictive performance of the nonlinear model on unseen
data. For each frequency band and regression design, the data were split uniformly at random such that
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70% of the observations were assigned to the training set and the remaining 30% were assigned to the
test set. All model parameters and hyperparameters were selected using data from the training set only.
Prior to estimation of the model parameters, the real-valued features were standardized such that they
have mean zero and unit standard deviation. Whenever the data were split between train and test sets,
the parameters of the linear transformation corresponding to standardization were computed from the
training data and applied to the test data.

The nonlinear feature mappings fj, j = 1,...,p, in Eq. 1 were represented in the basis of polynomial
functions

fi(0) = Bjrx + Bjpx? + -+ + Bjxak.
The complete set of parameters to be estimated was thusB=(Bo,Bl,...,Bp), where B; =

(le, ) BjK)T € RX.The order of the polynomial representation for f; is defined as the maximum integer
value k € 1, ..., K for which B is nonzero. The smoothness of f; is determined by the order k of its
polynomial representation and the magnitude of the coefficients B4, ..., Bx. Numerical implementation
requires the specification of an upper bound K, corresponding to truncation of the infinite basis at some
maximum order. We used K = 10 in all experiments; this decision was justified by the fact that the
parameter estimates decay either to negligible values or to exactly zero before reaching order K < 10,
as a result of the hierarchical penalization of the model coefficients.

All categorical features were dummy-coded such that the C categories for each feature are represented
by C — 1 indicator variables. Polynomial expansion of these variables generates identical columns and
thus rank-deficiency in the design matrix, which leads to instability in the optimization routine. This
problem was avoided by truncating the polynomial expansion of all categorical variables to order 1 rather
than order K. There is no resulting loss of generality from this truncation. Rather, this expanded the
framework to allow for simultaneous estimation of smooth nonlinear functions of continuous features
and discrete functions (that can be visualized for example, as a step function) of categorical features.

Automatic order selection via hierarchically penalized estimation
Given an observation of the features x, the model prediction of the SS-FCC or RS-FCC is given by

p
) =Bo+ ) ().
j=1
We used the standard square loss on the training set D"

L(B) =

. 2
|Dtrain| ‘ (y _f(x))

(x,y)€eDptrain

as the model goodness-of-fit criterion. Direct optimization of model fit on a training set over a sufficiently
complex model class is well-known to yield estimates that perform poorly on unseen data, an issue
commonly known as overfitting. We avoided this problem by adoption of a penalized estimation
framework specifically designed to control the magnitude of the parameter estimates and automatically
select the order of each feature mapping in the model. This approach augments the standard square loss

with a penalty term Qj(B]-; a, 7\) for each feature j, defined as
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with hyperparameters A € R, and a € [0,1]. The weights w;, = k3 — (k — 1)3 were chosen to satisfy
theoretical criteria that guarantee statistical convergence of the estimator over a class of smooth
functions (Haris, Shojaie and Simon).

The model parameters were estimated by solving

p
B=argminLPB)+ Y Q;(B;; ).
: Z ) (B )

We used a block coordinate descent algorithm as implemented in the R package HierBasis (Haris, Shojaie
and Simon). The first term in the penalty Qj(Bj; A, O() induces hierarchical sparsity in the estimate of 3; =

(le, ...,BjK)T, while the second term in Eqg. 2 shrinks the magnitudes of the estimated coefficients
towards zero. Hierarchical sparsity guarantees that if an estimated coefficient [37,( = 0, then all higher-
order coefficients for that feature [3;/ = 0, with k < k' < K; this is equivalent to selecting an order k —
1 representation for the feature mapping f;. The selection procedure is thus automatic and data-driven

in that it emerges as a direct mathematical consequence of the penalized estimation framework, which
seeks the best model fit to the data under the structural constraints imposed by Qj(B).

Cross-validation for model hyperparameters

The penalized loss function requires specification of two regularization hyperparameters A € R, and a €
[0,1], which control the overall regularization strength and tradeoff between terms inducing hierarchical
and feature-wise sparsity, respectively. The parameter a was selected over the range from 0 to 1,
inclusive, in increments of 0.1. The parameter A was selected over 100 log-linearly-spaced values between
Amax and Ay X 1075,

The value A, Was selected such that all estimated feature mappings are equal to zero for every value of
investigated «o; it was obtained by a backtracking line search algorithm (Boyd and Vandenberghe). This
algorithm requires a gross upper bound 2, defined as any value of A > 0 such that G = 0 for all grid
values of a. It was found manually; we found that A, = 0.1 sufficed for all designs and frequency bands.

We selected the pair (a*,A*) by first finding the (o, A) pair minimizing the average R? on the validation
set over 5-fold cross-validation on the training data. We selected a* as the a-coordinate of this pair, and
selected A* as the largest value of A such that the mean validation R? of (a*,A) was within one standard
error of the mean validation R? at (a*,A*). This follows the “one standard error” strategy for one-
dimensional cross-validation (Friedman, Hastie and Tibshirani) and represents a conservative approach to
regularization corresponding to our preference for smoother feature mapping estimates.

Performance measure

We quantified model performance by predictive accuracy on the test set, as measured by the coefficient
of determination,
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where ¥, was the model prediction after cross-validation and estimation on the training set and ¥, was
the mean of the regression target on the test set.

R?=1-

Resampling for feature stability

We took a resampling approach to assess the stability of the estimated feature mappings of the nonlinear
model. Following the subsampling heuristic of (Meinshausen and BiihImann), we drew a subsample of
size |N/2] from the data without replacement and ran the full estimation procedure, including
hyperparameter selection, on the subsampled data. The procedure was repeated for 100 independent
trials, resulting in 100 estimated functions for each feature. The feature-wise variability in the nonlinear
additive feature mappings was then assessed pointwise, by computing upper and lower quantiles for the
range of function values at each point in a fine grid.

A predictive measure of feature importance

Traditional tests of statistical significance are not available for the coefficients of the nonlinear additive
model as the asymptotic distribution of the penalized estimator is not known. Instead, we assessed
importance of a feature or group of features by evaluating the difference in predictive performance on
the test set between the full model and a model fit without the parameter or parameter group of interest.
Removing the feature or feature group is equivalent to estimating the full model under the constraint that
their corresponding parameters are all equal to zero. The comparison can thus be viewed as between the
full model and one in which a hypothesis of null response is enforced for the feature or group of interest.
When estimating the reduced model, we used the regularization parameters (a*, A*) obtained by cross-
validation on the full data.

Quantifying feature similarity across frequency bands

Let f]a and f]b be the estimated feature mappings for feature j on the data corresponding to frequency
bands a and b, respectively. We computed a quantitative measure of their similarity,

a ¢b
sqb — (f} ’f}' )
j b||’
el [vid
The quantity s]fw is the cosine similarity of the estimated feature mappings, considered as elements of a

common Hilbert space of functions. By definition, sjab € [—1,1]. Similarity increases as sj“b approaches 1
or —1 (which indicates fja and —fjb are perfectly similar) and is minimized at 0.

The inner product (fja,fjb) = fxfj“(x)fjb(x)dx and norm ||f}|| = (fj, fj) are given by integrals whose
7

domain X depends on the feature j. For real-valued features, we took X to be the interval [-5,5], which
after standardization corresponds to the range of all observed measurements within 5 standard
deviations of the mean. Due to the polynomial representation of the nonlinear feature mappings, these
could be computed exactly.
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Chapter 4: Behavioral and neural disruption in non-human primates via

optogenetic inhibition through chronic opto-electric interface
Julien Bloch* and Devon Griggs*, Azadeh Yazdan-Shahmorad

Abstract

We introduce a novel optogenetic-electric neural interface designed for advanced behavioral and neural
disruption studies in non-human primates (NHPs). The interface combines the spatiotemporal control of
optogenetics with the functionality of electrical recording, allowing simultaneous stimulation and readout
of neural activity at a fine scale. We employed this interface to disrupt instructed delay center-out reach
tasks, effectively showcasing its potential to modulate voluntary actions in NHPs. Simultaneously, we
monitored ongoing electrocorticographic activity and documented the disrupted patterns underlying the
behavioral changes. The system exhibits long-term stability and functionality, with implant stability and
epifluorescence lasting at least two years, and clear optical access lasting three months between window
tissue growth resections, thereby facilitating large-scale electrocorticography, optical imaging, and
optogenetics over extended periods. This characteristic is crucial for studying neurological diseases and
disorders with translational relevance. The interface is designed for maximum ease of implementation
across various research specialties, supporting large-scale, long-term multi-modal experiments in this
highly translational animal model.

Introduction

Optogenetics is unique among neuromodulation technologies because it allows for cell-type specific
manipulation of neural networks with high spatial and temporal precision. This ability enables the precise
manipulations needed for research in fundamental neuroscience (Carter and de Lecea, 2011; Chen et al.,
2013; Adhikari et al., 2015; Barnett et al., 2018; Camporeze et al., 2018), including learning and memory
(Spellman et al., 2015; Barnett et al., 2018; Yang et al., 2018), the relationships between behavior and
neural circuits in the brain (Gradinaru et al., 2009; Chen et al., 2013; Adhikari et al., 2015; Jiang et al., 2018;
Yang et al., 2018), the changes in neural circuitry over time (Jiang et al., 2018; Yazdan-Shahmorad et al.,
2018), and therapies for neurological disorders (Chen et al., 2013; Tgnnesen, 2013; Ruggiero et al., 2017;
Barnett et al., 2018; Camporeze et al., 2018).

The study of optogenetics in non-human primates (NHPs) is especially vital for translational medical
research, especially in the context of neurological diseases and disorders. This is due to the evolutionary
proximity between the neurophysiology of NHPs and humans (Roelfsema and Treue, 2014; Lear et al.,
2022). Studying neurological disease models in NHPs is challenging because human-like pathology and
anomalous neural activity are often multi-regional chronic phenomena. These spatiotemporal
characteristics necessitate the development of large-scale, chronically-stable optogenetic interfaces for
NHPs. In response to these needs, we introduce optical cranial windows designed to facilitate multi-modal
experimentation for researchers working with NHPs, and bridge the transition of multi-modal studies from
rodents to monkeys.

Optogenetics alone provides a potent interface for neuromodulation, but the integration of optogenetics
with an electrical interface can greatly enhance capabilities. A combined interface allows for simultaneous
electrical stimulation and recording with optogenetic manipulation, enabling precise control over specific
cell types and the concurrent measurement of neural activity and functional connectivity with high spatial
and temporal resolution. Furthermore, optogenetic and electrical stimulation have been shown to work
synergistically, for example by enhancing the efficacy of evoking saccadic eye movements in macaques
compared to using electrical stimulation alone (Ohayon et al., 2013). The development of multimodal
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neural probes and closed-loop brain-computer interfaces (BCls) that integrate optogenetics and
electrophysiology is opening new avenues for neuroscience, furthering the transition of multi-modal
studies from rodents to primates (Tian et al., 2022).

While strides are being made in optogenetic and electrical interfaces, of similar importance is the
advancement of in vivo optical imaging capabilities. In vivo optical imaging of NHP brains through cranial
windows has been a small but vibrant field with decades of development (Arieli et al., 2002; Slovin et al.,
2002; Ruiz et al., 2013; A Yazdan-Shahmorad et al., 2016; Yazdan-Shahmorad et al., 2018; Macknik et al.,
2019). More recently, the technology has been combined with optical stimulation methods such as infrared
neural stimulation (Chernov and Roe, 2014) and optogenetics (Ruiz et al., 2013; Zaraza et al., 2020), and
electrical recording methods such as electrocorticography (A Yazdan-Shahmorad et al., 2016; Yazdan-
Shahmorad et al., 2018). However, achieving long-term stability in these multi-modal approaches remains
a challenge (Belloir et al., 2022). In this work, we demonstrate large-scale and chronically-stable integration
of optogenetics and electrocorticography in an imaging window on NHP cortex. To our knowledge, this is
the first demonstration of such a synergistic approach in any animal model.

We demonstrated the versatility of our interface by impacting behavior in a center-out reach task through
the optogenetic deactivation of the posterior parietal cortex (PPC). This showcases the applicability of our
interface to higher order sensory and motor behavioral experiments. We demonstrate the stability of our
system for over 3 months, which is critical for studying models of neurological diseases and disorders at
timescales with translational relevance. The ability to link millisecond-resolution neural activity with
behavioral effects and cell-type specific neuronal manipulation, as provided by optogenetics, is a valuable
addition to the NHP researcher’s toolbox. We took measures to ensure accessibility to our methods for a
diverse range of specialties, enabling large-scale and long-term multi-modal experiments in a highly
translational animal model.

Results

Hardware and surgical techniques

To plan a 25 mm diameter craniotomy over the left PPC in two healthy adult male rhesus macaques
(Macaca mulatta, monkeys H and L), we used our previously described surgical planning method
(Ojemann et al., 2020) (Fig. 1A), making use of magnetic resonance (MR) data of the skulls of the NHPs.

This method allowed us to design a chamber with a curvature precisely fitting the surface of the skull]
(Fig. 1C). We performed the craniotomy and implanted the chamber along with our multi-modal artificial
dura (MMAD, (Griggs et al., 2021)), which provided electrophysiological and optical access to the PPC (Fig.
1B, D).

During the surgery, we used convection enhanced delivery (CED) (Yazdan-Shahmorad et al., 2016; Yazdan-
Shahmorad et al.,, 2018; Karam Khateeb et al., 2019; Griggs et al., 2022b) to infuse an inhibitory
optogenetic viral vector (AAV8-hSyn-Jaws-GPF) at several locations across the craniotomy to maximize
the area of viral coverage and minimize the time required for infusion.

Two years after the surgery, the implant remains implanted and useable in both macaques.

We began experiments after recovery from surgery. At the start of an experiment, we attached custom
electrophysiological recording hardware (Fig. 1E-F) and optogenetic stimulation hardware (Fig. 1G) to the
chamber. The lasers and fibers were commercially sourced, while our LED arrays and driving circuitry were
custom made (Fig. 2). We designed our driving circuitry to be controlled by analog signals to avoid noise
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complications in our electrophysiology, and we powered our circuitry with two rechargeable 9V batteries
to mitigate line noise. We designed and fabricated two LED array versions for patterned stimulation, a 4
x 4 array with individually drivable columns and a 3 x 5 array with each LED independently drivable with
identical driving circuitry (Fig. 2A). The LED array was protected from moisture by a cover glass between
the LED array and the MMAD (Fig. 1E-G, 2B). This arrangement created an air gap between the LEDs and
the cover glass, which mitigated conductive heating of the brain (Fig. 2B).

Figure 1: Hardware. (A) Digital representation of the skull with craniotomy. (B) Molded MMAD. (C) Chamber
implanted on skull. (D) Implanted chamber with MMAD. (E) Model of electrophysiological recording hardware, top
view and (F) trimetric view. The chamber contains the MMAD, and custom made mounting equipment is secured
above, which allows the electrode arms of the MMAD to be securely connected to clamp connectors, and allows the
stimulation hardware to be connected to the mounting equipment. From bottom up: MMAD, chamber, ring, clamp
connector tray, clamp connectors. (G) LED-based optical stimulation hardware. From bottom up: Stimulation holder,
cover glass, outer tube, LED array, inner LED holding rod.
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Figure 2: LED array. (A) Row-drivable 4 x 4 LED array (left column) and individually drivable 3 x 5 LED array (right
column). PCB schematic (top), photograph of LED array in tube and behind cover glass with LEDs off (middle) and on
(bottom) in example configurations. (B) Schematic of LED array and related hardware for optical stimulation through
MMAD, including an air gap to mitigate tissue heating.

Optical window stability

For Monkey H, we imaged the brain weekly through the MMAD and observed only modest tissue growth
over the first 14 weeks after implantation (Fig. 3). After 14 weeks, an acceleration in tissue growth was
observed, and after it matured, we resected the tissue to perform additional experiments. For Monkey L,
there were surgical complications with the initial surgery that hindered optical access, but we reimplanted
an MMAD 20 weeks after the initial surgery with clear optical access that lasted for 10 weeks; at this point
the MMAD was explanted and the tissue began to grow over the cortex. As mentioned before, our
implants have been stable for multiple years, proving their applicability for long-term NHP experiments.
For example, for monkey H, following a tissue resection approximately two years after first implantation,
the MMAD was replaced and clear optical access was maintained for 7 weeks. At week 7 while optical
access was still clear, the MMAD was removed, then approximately one week later tissue began to grow
over the cortex.
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Figure 3: Optical access (top) and epifluorescence (bottom) over time, for both NHPs. Expression patterns differ
between the two subjects, with fluorescent areas corresponding to the CED viral injection sites. Optical access and
epifluorescence are maintained over time.

Epifluorescence

Optogenetic expression was monitored over time for both subjects. Subject H underwent initial testing for
epifluorescence two weeks after viral infusion. Expression was evident during the first imaging session and
increased in coverage and intensity until the fifth week after infusion, when expression plateaued at tens
of mm? coverage (Fig. 3). We performed epifluorescent imaging four and five weeks post-infusion in subject
L and also identified large-scale expression, despite aforementioned surgical complications. Thirteen weeks
post-infusion, we performed epifluorescent imaging again, this time with little to no tissue growth
impeding optical access, and we confirmed tens of mm? expression coverage (Fig. 3). We repeated
epifluorescent imaging for subject H approximately two years after viral infusion and observed continued
expression (data not shown). These large areas of coverage and long time scales of expression are
comparable with previous work (Yazdan-Shahmorad et al., 2016) and are important proofs of concept for
our method of optogenetic CED in NHP cortex without live MRI guidance (A Yazdan-Shahmorad et al.,
2016).

Behavioral task

Subjects were trained to perform an instructed delay center-out reach task to targets on a video monitor
in front of the animal using the hand contralateral to the implant (Fig. 4A). The finger was held in the
center at a start target and then the end target was shown randomly in four locations: left, up, right,
down.

We applied optical stimulation for 900 ms with all LEDs of the full LED array (634 nm, ~12 mW/mm?2) for
a randomly sampled 50% of the trials, with the onset of the stimulation aligned with the go-tone. Subjects
performed several hundred trials each day for 15 total days.

Each day began with a few trials with easier reach settings such as a shorter interval of the wait time
before the go tone, and/or larger circle sizes. For analysis, these early warmup trials were excluded.

51



Widespread optogenetic stimulation disrupts reaching behavior

We found that optogenetic inhibition aligned to the onset of the go tone resulted in significantly longer
reach times for both subjects. This was true if we grouped the data from the subjects together (Fig. 4B)
and if we analyzed each subject individually (Fig. 4C-D). For subject H, there were 3904 analyzed reach
trials split over 7 sessions, while for subject L there were 8588 trials split over 12 sessions.

For the combined data, the reach times for trials with stimulation (stim condition) were significantly
greater than the reach times for the control trials in which stimulation was not applied (nostim condition)
when reaching to the left (median difference = 24.0, p = 1.54 x 10®) and down (median difference = 28.0,
p = 1.35 x 101° ). When all directions were combined, the reach times in the stim condition were
significantly greater than in the nostim condition (median difference = 19.0, p = 4.59 x 10°%).

For subject H, the stim condition reach was significantly longer when reaching to the left (median
difference = 22.0, p = 0.0015) and to the right (median difference = 10.5, p = 0.0316). When all directions
were combined, the stim condition reaches were significantly larger (median difference = 8.0, p = 0.024).

For subject L, the stim condition reach was significantly longer when reaching to the left (median
difference = 23.5, p = 7.02e-06), down (median difference = 32.0, p = 9.96e-10), and combined directions
(median difference = 13.0, p = 1.04e-06).

A

vy
*
*
*

250
225 N
200
175
150 *
125

Start Target shown 100 ¢ °

75
Right Up Left Down Combined

Black screen

Reach Time (ms)

Touch and hold Start Target

(@)

* * *
e Unstimulated
Stimulated

N
o
o

-
a
o

End Target shown,
Stim start

-
o
o

“

Reach Time (ms)

” tone

O
o
*

Right Up Left Down Combined
Touch End Target, Reward

w)
*
*
*

ms)

400 +
375
350
325
300
275

250 ¢
Right Up Left Down Combined

Reach direction

Reach Time (
-2
-

Figure 4: A) Schematic of behavioral task and stimulation intervention timeline. B-C) Behavioral disruption results
for B) combined data, C) subject L, and D) subject H. Blue circles indicate unstimulated reach times and orange circles
indicate stimulated reach times. Error bars show 95% confidence interval of the median as determined by a
bootstrapping procedure. Asterisks indicate reach times significantly slowed by stimulation.
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Widespread optogenetic stimulation disrupts neural activity during reaching
We analyzed the neural activity via electrocorticography recorded during reaches with and without
optogenetic inhibition to quantify the change in neural activity underlying the disrupted reach.

First, the recorded data was cleaned by the photoelectric-artifact rejection procedure detailed in
methods. Briefly, it involved measuring a signal in saline when light was shined onto the array such that
only artifact is present, then fitting an artifact basis to the response using PCA. Then, the projection of
recorded neural data onto this basis was subtracted before analysis. We validated the approach by
showing that it effectively removes nearly all signal in saline, and that it negligibly and insignificantly alters
recorded neural activity in the unstimulated condition while visually removing the non-neuronal artifact
from the stimulated condition.

After artifact rejection, we quantified the effect of stimulation on reaching neural activity by analyzing the
time-frequency content of the data (Fig. 5). The ECoG data associated with each successful reach were
grouped by whether stimulation had been applied, and by subject. Data from each trial were analyzed in
the time-frequency domain via multitaper spectrograms. The average spectrogram for a reach in the
presence of stimulation is shown in Figs. 5A and 5D, and the average activity for a reach in the absence of
a stimulation is shown in Figs. 5B and 5E. In these figures, the values are normalized such that the average
pre-stimulation activity is unity for each individual frequency. Grey bars indicate the start and termination
of stimulation, as the 50ms immediately following the start and termination are excluded from analysis
due to difficulty of removing the artifact in comparison to the rest of the signal recorded during the 900ms
stimulation. From these figures it is apparent that during stimulation, there is generally increased power
throughout the time course and over most frequencies. Patterns of neural activation during reaching, as
in Fig. 5E, are present in the stimulation condition as well but seem to be modulated.

To quantify this modulation, we calculated the power ratios of the spectrograms from the stimulated to
the unstimulated conditions, individually for both subjects (Fig. 5C and 5F). Each time-frequency bin of the
stimulated spectrogram is divided by the bin value of the spectrogram corresponding to the unstimulated
condition to obtain a power ratio. In addition, the distribution of powers of that time frequency bin over
all trials of all channels of all sessions are compared between the two conditions to generate statistical
significance values, which are then Bonferroni transformed for multiple comparison correction. This
approach clearly shows that stimulation during reaching strongly increases the brain activity during
reaching over the entire course of stimulation, with nearly all time and frequency bins exhibiting significant
(p < 0.05) modulation from stimulation.

We repeat this analysis in the frequency domain, allowing the use of longer time windows to improve the
frequency resolution (Fig 5G-J). This is done for the neural activity recorded during stimulation (Fig. 5G
and 1) and immediately after stimulation (Fig. 5H and J). Significances are similarly calculated here and
indicated by black lines and dots above the plots of the power ratios between the stimulated and
unstimulated conditions. Nearly all frequencies are modulated during stimulation for both monkeys,
whereas only a few frequencies are modulated after stimulation.
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Figure 5: The effect of stimulation on neural activity in the reach condition. A-B) Spectrograms corresponding to the
neural data of the reaching monkey L in the A) stimulated condition and in the B) unstimulated condition. Data values
are averaged over all trials, sessions, and channels. The area between the two grey vertical lines indicates the
analyzed data from the go tone until 900ms after, corresponding to the entire time course of optical stimulation.
Grey bars indicate bins during the first 50ms of stim onset to stim offset and vice versa; data during this time iare
greyed out due to difficulty rejecting the artifact during this period. For ease of visualization, values are normalized
to the average pre-stimulation power, and the log base 10 of this number is shown. C) Ratio of average stimulated
condition data to unstimulated condition data, per time-frequency bin. Asterisks indicate significant (p < 0.05)
differences between the conditions. D-F) same as A-C) but for monkey H. G-H) PSD ratios between the stimulated
and unstimulated condition for monkey L G) during stim and H) after stimulation. Power values are log base 10
transformed. Grey lines indicate values averaged over all trials for an individual channel of an individual session; blue
line indicated ratio of means of all trials of all channels of all sessions. Black lines and circles above plots indicate
frequencies which are significantly (p < 0.05) different between the stimulated and unstimulated condition. I-J) same
as G-H) but for monkey H.
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Effect of Stimulation in the Absence of Reach

We applied optogenetic stimulation in the absence of reach to quantify the result of the optogenetic
inhibition on resting-state neural activity. This was completed in subject L, in the absence of any
behavioral task or reaching (Fig. 6A). As before, statistical results are generated by comparison to the
unstimulated condition. We observe a significant increase in power during stimulation, particularly above
60Hz. These findings differ from those obtained during reaching behavior for this subject, where the
increase in power was strongest from 20Hz — 70Hz. This result indicates that the behavioral context and
ongoing neural activity affect the frequency characteristics of the stimulation induced modulation.
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Figure 6: Neural response to various stimulations in the no-reach condition. A) Normalized PSD for stimulation
applied when no behavioral task of reach is occurring. B-D) Normalized PSD for channels while a single-LED
illumination is taking place, recorded from B) the primary targeted region C) a secondarily electrode region and D) a
nontargeted region. E-F Normalized PSD for channels while a single laser guided illumination is taking place, from E)
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the targeted region and F) a nontargeted region. For all plots, power values are normalized on a frequency-wise
manner by the average power of that frequency measured before stimulation is applied. Asterisks indicate significant
(p < 0.05) differences between distributions of powers in a specific time-frequency bin and the distribution of powers
of pre-stim time-bins for that same frequency.

Single-LED illumination disrupts local activity

We then tested the ability of the modular LED array to shine localized illumination on a small region of
the optical window by only illuminating through a single LED. The illumination primarily targeted one
region corresponding to a channel of the electrode array (Fig. 6B), and partially targeted another which
was in proximity (Fig. 6C). All other regions did not show stimulation-induced modulation (Fig. 6D). With
these figures we clearly observe the spatial control possible with a more localized stimulation.

Laser-guided illumination disrupts highly localized activity

Using our laser setup eight weeks after infusion of Monkey H, we illuminated neural tissue with fiberoptic
cable near selected electrodes and evoked spatially specific changes in our ECoG signal confirmed with
various illumination parameters. Results are shown at the site of stimulation (Fig. 6E) and at an untargeted
site (Fig. 6F). Unlike the activation profile from the single LED illumination, the laser delivered activity was
only visible on a single channel.

Discussion

We present a chronic interface for large-scale electrocorticography, optical imaging, and optogenetics in
NHP cortex by which behavior can be modulated. Our work culminates decades of effort across the field
largely hindered by the challenge of maintaining optical access, especially at the large scales necessary to
study complex network interactions across multiple brain regions in vivo in NHPs. As with past work, we
resected both the skull and the opaque native dura and implanted transparent artificial duras that are
biocompatible and can provide optical access to the brain for 3-9 months (Arieli et al., 2002; Chen et al.,
2002; Azadeh Yazdan-Shahmorad et al., 2016) before tissue growth stifles optical access (Azadeh Yazdan-
Shahmorad et al., 2016). This tissue is a neo-membrane and cannot be easily removed during early stages
of growth because it is nourished through the brain, but the tissue can be surgically removed once the neo-
membrane matures and separates from the brain. This growth process forces the researchers to wait for
about one to two months before resuming experimentation, and thus highlights the importance of
maintaining optical windows for an order of months, as we have done.

While others have experimented with window-less LED-based NHP optogenetics (Rajalingham et al., 2021),
this work facilitates routine epifluorescent monitoring of large-scale optogenetic expression, revealing
experimental insights otherwise challenging to ascertain. For example, in our experiment the optical
window empowered us to confirm that convection-enhanced delivery performed without the complexity
of live-MRI (unlike (A Yazdan-Shahmorad et al., 2016)) resulted in a progression of large-scale expression
up to a plateau in expression at 5 weeks, and which was still observed at two years.

Early attempts to integrate electrode arrays into a large-scale optical window did not result in long-term
optical access, however. In previous work, a Parylene-C-embedded micro-electrode array was implanted
under a transparent silicone artificial dura to achieve simultaneous electrical recording and optical
stimulation (Yazdan-Shahmorad et al., 2015; Azadeh Yazdan-Shahmorad et al., 2016). Surprisingly, the
brain exhibited such a high biocompatibility with Parylene-C that the tissue quickly grew over the top of
the Parylene-C during the experiments and produced only 13-18 days of optical access (Yazdan-Shahmorad
et al., 2015). In this work, we achieve over 3 months of optical and electrophysiological access by
embedding electrodes into a transparent polymer and then embedding the product into an artificial dura
to create a single MMAD. The brain’s response is similar to traditional (electrode-free) silicone artificial
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duras, which facilitates long-term optogenetic experiments with electrophysiological recordings. Also, the
chronic MMAD eliminates an alternative, tedious approach of daily implantations and explanations of
micro-electrode arrays that accelerated tissue growth and thus maintained optical clarity for only about a
month (A Yazdan-Shahmorad et al.,, 2016). We are among the first to embed a miniature
electrocorticography array into an artificial dura (Orsborn et al., 2015; Kleinbart et al., 2018; Chiang et al.,
2020), and we are the first to use this embedded approach chronically in NHPs for large-scale imaging and
optogenetics in addition to electrophysiology; this suite of techniques has not been demonstrated in
rodents to our knowledge (Chen et al., 2020; Renz et al., 2020; Zatonyi et al., 2020), and yet our work brings
this novel integration of techniques for long-term use to the highly translational NHP model.

We designed our interface to be modular and replicable in a number of ways. Our MMAD molding process
does not require any special facilities or tools aside from the custom mold pieces, and the array itself is
commercially available (Ripple Neuro Inc.). Furthermore, we predict our demonstration will spur the
development of MMADs with higher channel counts of smaller and transparent electrodes to increase both
electrophysiological resolution and optical access. We also expect LEDs will be incorporated into future
MMAD designs, much like past work with electrodes arrays (e.g., (Ji et al., 2018; Reddy et al., 2019)). We
have refined surgical planning and chamber design processes to accelerate the field (Ojemann et al., 2020).
The ring and clamp connector tray facilitate experimental flexibility for imaging, electrophysiological
recording, and both fiberoptic- and LED-based optical stimulation. Most of the optical stimulation
components (bases, stimulation ring, rod, and tube) can be 3D printed in-house with common filament and
printers, which facilitates quick and inexpensive revisions for unique experimental needs. Parts can be
soldered onto the LED-related PCBs in-house with minimal experience, and minimalistic battery-powered
circuitry mitigates line-noise. The LEDs are commercially available in many colors and are driven
continuously (as opposed to pulse-width modulation), thus mitigating complexity of photo-artifacts in
electrophysiology data. The air-gap in our LED setup mitigates tissue heating, which is a significant concern
in window-less LED-based NHP optogenetic methods (Rajalingham et al., 2021). The stimulation setup of
previous work allowed for the optical stimulation of only two or three point-locations at a time due to the
physical interference of fiberoptic wires within the enclosure (Azadeh Yazdan-Shahmorad et al., 2016), and
in contrast, both of our LED arrays provide broad, non-invasive patterned optical stimulation and eliminate
concerns regarding fiber fragility. We anticipate development of higher-count and multicolor LED arrays to
further complement our large-scale optical interface, which would be especially powerful with multi-opsin
and step-function opsin experiments (Diester et al., 2011a). The behavioral task was based off previous
work (Griggs et al., 2020), and our code was written in MATLAB, which is a common software language
among researchers. Our behavioral task code and the design files of our electronic and hardware parts are
publicly available.

Past studies have attempted to optogenetically evoke musculoskeletal activity in NHPs at rest. Early trials
were unsuccessful (Diester et al., 2011b), but more recently, a proof-of-concept was demonstrated
(Watanabe et al., 2020). Building on this work, recent work (a preprint at the time of writing this) has
modulated sensory-guided reaching behavior using excitatory optogenetics (O’Shea 2022), but there have
been no reports of modulating this behavior using inhibitory optogenetics. Here we present the first report
of successfully modulating sensory-guided reaching behavior using inhibitory optogenetics. We used a
center-out reach task to test for optogenetic behavioral modulation, which we achieved in both animals.
Specifically, we confirmed our hypothesis that inhibition of the PPC, a sensory integration area of the brain,
would disrupt multi-faceted sensory processing and thus slow reaches informed by audial and visual cues.
The variation of reach time effects in direction between animals is reasonable, given the variance in
expression maps between animals. Of note, motor dynamics of reaches were qualitatively similar with and
without stimulation (data not shown), demonstrating optogenetics can modulate behavior while
preserving natural and voluntary characteristics of the behavior. Our results indicate that our interface is
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suitable for studying neural mechanisms of behavior with spatially-specific, millisecond-precision and
reversable modulation of a variety of brain areas.

We hypothesized that our inhibitory opsin would reduce electrophysiological signal power when
stimulated, but we were surprised to find an increase in electrophysiological signal power. We suspect
upper layers of the cortex, which are known to have higher ratios of inhibitory neurons than other layers
(Meyer et al., 2011; Kooijmans et al., 2020), were more strongly inhibited due to greater proximity to the
light source, thus netting higher electrophysiological signal power from lower cortical layers. In addition,
as we were recording LFPs, the recorded signals represented a summation of neural activity which adds
more complexity to the interpretation of the result. Also, our inhibition length of 900ms is longer than
commonly used and the opsin kinetics of inhibition at this time length are not well studied.

Collectively, our methods make cutting-edge neuroengineering techniques approachable to monkey
researchers with diverse expertise. Importantly, our work has demonstrated the success of large-scale
optogenetic stimulation by three key measures: epifluorescence imaging, electrophysiology, and behavior.
Together, these data validate our chronic setup and indicate our method is suitable for fostering large-scale
and long-term optogenetic experimentation with electrophysiology in behaving NHPs.

Our interface opens the door for investigation into a variety of questions which require flexible control of
neural activation with high temporal and spatial precision. For example, this interface will better enable
the study of plasticity and functional connectivity between different cortical areas (Yazdan-Shahmorad et
al., 2018; Bloch et al., 2019, 2022) and the study of neurological disorders such as stroke, which is a
particularly prevalent area of research in the cortex (Choi et al., 2018; Frias et al., 2018; Obi et al., 2018;
Yazdan-Shahmorad et al., 2018; K Khateeb et al., 2019; Khateeb et al., 2022; Zhou et al., 2022). Notably,
the optical access afforded by our interface is compatible with photothrombotic stroke model (Yao and
Yazdan-Shahmorad, 2018; K Khateeb et al., 2019; Devon J. Griggs et al., 2021; Khateeb et al., 2022; Zhou
et al., 2022) which allows for repeated induction and quantification of precise spatially localized lesions.
Importantly, our interface supports simultaneous optogenetic and electrical stimulation, which is useful for
experiments comparing differences in their effects. Research in this area is key because optogenetic
stimulation is still largely in a preclinical stage, yet may reveal diagnostic or therapeutic opportunities. In
such a scenario, an interface supporting parallel development of both optogenetic and electrical
stimulation protocols could speed the translation of the new diagnostic or therapeutic techniques from
animals to humans. We also anticipate that energy storage technologies and wireless data transfer
technologies will be integrated into designs based on our interface to make our work practical for
experimentation on freely moving animals. This would further open the door for the advancement of
translational optogenetic recovery models for neurodegenerative diseases, stroke, and traumatic brain
injury.

Methods

MMAD

To address tissue growth concerns, we chose to embed a multi-modal artificial dura (MMAD, model
“580t58ri ecog vX”, Ripple Neuro) electrocorticography (EcoG) array, similar to past work (Griggs et al.,
2021), into an artificial dura (Fig. 1B). Briefly, the MMAD consisted of four conductive layers sandwiched
between five transparent layers of medical-grade copolymer, where the conductive layers were aligned
with each other to maximize optical access. Conductive layers were composed of platinum particles
dispersed in a matrix within the polymer for mechanical flexibility, which was complimented by the absence
of printed circuit boards (PCBs). This design choice also side-steps the challenge of protecting PCBs from
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moisture and fluids. The MMAD was designed in close collaboration with Ripple Neuro (Salt Lake City, UT,
USA), who printed the arrays.

A traditional artificial dura is generally described as “top-hat” shaped: a single silicone piece is composed
of a cylindrical wall with an optical window and a flange extending under the native dura to reduce
regrowth of the native dura (Fig. 1B), (Yazdan-Shahmorad et al., 2016). Here, we embedded the MMAD
into the artificial dura with a previously described molding process (Griggs_SPIE_2019). Disassembly of the
mold resulted in an artificial dura (skirt diameter: 31.2 mm; skirt thickness: 0.4 mm; wall outer diameter:
21.0 mm; wall inner diameter: 18.6 mm; height: 11.9 mm) with a fully embedded MMAD (Fig. 1B).

Detachable MMAD cables, chamber, and cap
The detachable MMAD cables, chamber, and cap are detailed in (Griggs 2022a) and are reprinted here for
completion.

We designed the entire MMAD, including the cables, as a corrosion resistant single piece. When not in use,
the cables of the MMAD were housed in the chamber, and during experiments were attached to the
electrophysiological recording and stimulation hardware.

The chamber is a cylinder (internal diameter 23 mm) 3D-printed and milled from titanium (Ti-6Al-4V, Hybex
Innovations, Anjou, Quebec, Canada) that provides a sturdy base for experimental equipment and protects
the brain when the animal is freely moving between experiments, similar to previous work ( Yazdan-
Shahmorad et al., 2016). To design the chamber to fit the skull of each animal, we generated a custom
software pipeline (MATLAB, MathWorks, Natick, MA, USA; Solidworks, Waltham, MA, USA) based on past
work (Ojemann et al., 2020) to extract the skull curvature from an MRI file and then used the curvature to
design a chamber with a unique skull-fitting skirt (Fig. 1A, C). We included an intracranial rim under the
skirt to aid in positioning the chamber on the skull during surgery and to reduce tissue growth around the
wall of the MMAD, and we included 12 holes in the skirt for skull tap screws (Christ Instruments,
Hagerstown, MD, USA). We incorporated concentric tracks within the chamber to store the MMAD cables
between experiments (Fig. 1C-D). We threaded the chamber with a high thread pitch (M38 x 1.5) to allow
either affixation of experimental equipment or a cap to close the chamber between experiments, and tabs
on the outside of the chamber prevented users from screwing equipment too far down the chamber (Fig.
1C).

We designed a cap (stainless steel 304, machined by Hybex Innovations) to close off the chamber between
experiments. We applied polytetrafluoroethylene (PTFE) tape to the threads before each closure to
prevent binding of the threads. We used a set screw (H5511400187HD, #4-40 X 3/16) to fasten the cap shut
against the top rim of the chamber.

Ring, Tray, and PCB Clamp Connector

Our experimental equipment included a ring, a clamp connector tray, and PCB clamp connectors (Fig. 1E-
G). To prepare the interface for recording and stimulation, we screwed the ring onto the chamber and
secured the clamp connector tray onto the ring with 2—4 screws (M2.5 x 6). The ring was machined from
stainless steel (304; Hybex Innovations) and the clamp connector tray was 3D printed with titanium (TI-
64; i.materialise, Leuven, Belgium). The ring had 32 screw holes (M2.5) around its rim to offer optimal
flexibility in the orientation of attachments. The upper face of the ring included a slight recess just above
the threads for additional hardware to be easily aligned with the ring for fastening. The bottom of the
clamp connector tray included an intra-ring rim around the window to fit into the recess of the ring. The
base of the tray included a right-angled outer rim for grounding electronics as well as four elevated screw
holes (M2.5 or 4-40 thread) designed for optical stimulation equipment to be secured to the tray. We
designed the tray to be compatible with both this work’s LED-based optical stimulation setup and our lab’s
previously described fiberoptic-based setup (Yazdan 2016). We designed the arms of the tray to be low
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weight and provide support for the MMAD cables as they extended from the artificial dura walls upwards
and at an angle (45°). The tip of the tray arm was approximately 9.5 cm away from the cranial window.
The arms of the tray supported PCB clamp connectors (Fig. 1E-F; Ripple Neuro) held in place by rubber
bands (not shown), which secured the MMAD cables approximately 4.5 cm away from the brain and
provided an electrical connection between the cables and commercial neurophysiology equipment
(Grapevine Nomad, Ripple Neuro). Two of these setups may be simultaneously deployed bilaterally,
although this work is exclusive to the left hemisphere.

Optical Stimulation Setup

To optically stimulate across large cortical areas (~1 cm?), we incorporated either a4 x 4 or 3 x 5 LED array
(Fig. 2). To prevent the LED array from moving when in use, we designed a system involving a rod, tube,
coverslip, and stimulation holder (Fig. 1G). We custom designed and 3D printed the rod, tube, and
stimulation holder in-house with FDM PLA. We glued (Better Ultimate Adhesive, slow dry, Cemedine Co.
Ltd., Shinagawa City, Tokyo, Japan) the coverslip (16 mm diameter) to one end of the tube. The base,
which we affixed to the clamp connector tray, secured the coverslip against the top side of the MMAD
and a set screw (HSS11400187HD, #4—40 x 3/16) secured the rod inside the tube. The rod positioned the
LED array over the brain and above the coverslip. Our setup created an air gap between the LEDs and the
coverslip, which protected the brain from conductive heating. Four long screws in the base secure the
tube in place.

The LED array consisted of a circular custom rigid printed circuit board (PCB; 15.5 mm diameter; OSH Park,
Portland, OR, USA). The LEDs (L1C1-RED1 or L1C1-BLU1, Lumileds, Schipol, Netherlands) of the 3 x 5 array
were individually addressable, while the 4 x 4 array was wired to drive four individually addressable
columns of LEDs. Both PCB versions included an internal copper plane for heat dissipation. We soldered
the LEDs on one side of the PCB and a connector (501331-0807, Molex Inc., Lisle, IL, USA) on the other
side. We drove the LEDs with a custom external PCB (OSH Park) connected to the LED array by a cable
assembly (151330806, Molex Inc.). The external PCB consisted of voltage-controlled current sources. Each
driving circuit consisted of a high output current opamp (TLE2301, Texas Instruments, Dallas, TX, USA)
with a capacitor between the compensation network terminals (not shown) and a resister (15 Q, 5 W,
SMWS515RJT, TE Connectivity, Schaffhausen, Switzerland), where the resister value controls the ratio of
input voltage to output current. The input voltage is provided by our neurophysiology system’s analog
voltage output (Ripple Neuro) and is prevented from floating high (e.g., when the neurophysiology system
is turned off) by a pull-down resistor (10 kQ). We powered our PCBs with two in-series batteries (9V Li-
ion rechargeable, Keenstone, Industry, CA, USA) to reduce line noise in our electrophysiological
recordings. We depict our circuit and arrays in Fig. 2 and Supp. Fig. 1.

We also designed our clamp connector tray to be compatible with our previous laser stimulation setup
(Yazdan-Shahmorad et al., 2015), and its slightly modified version is briefly described here. Our setup was
composed of a base (similar to the base for the LED array setup) and stimulation ring, both FDM 3D-
printed in-house with black PLA. The base was screwed to the clamp connector tray. The stimulation ring
guided telescoping cannulas (HTX-13R, HTX-16T, and HTX-18T, Component Supply Co., Sparta, TN, USA)
to different stimulation locations, and optical fibers were slid through the cannulas. We coupled lasers
(520 nm or 638 nm, LDFLS_520 520 638 638, Doric Lenses, Quebec, Canada) to the optical fibers.

Animals

We recruited two healthy, socially housed male rhesus macaques (Macaca mulatta; Monkey H: 9y, 13 kg;
Monkey L: 9y, 11 kg) for this study. Water was available ad libitum and no feeding restriction or scheduling
protocols were used. All animal care and experiments were approved by the University of Washington’s
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Office of Animal Welfare, the Internal Animal Care and Use Committee, and the Washington National
Primate Research Center.

Surgical procedures

Surgical procedures similar to those in other works (Yazdan-Shahmorad et al., 2016) were conducted on
both animals. We sedated the animal and shaved its head before anesthetizing and head-fixing him in a
stereotactic frame. The respiratory rate, heart rate, and body temperature of the animal were monitored
throughout the procedure. We created an incision several cm long to the left of the head’s midline and
used elevators to peel back the skin, musculature, and muscle fascia. Then we test-fitted a plastic version
of the chamber to the skull and marked the center of the craniotomy. We confirmed the location of the
center of the craniotomy with stereotactic coordinates. Using a 25-mm diameter trephine, we resected
the skull. Then we resected the dura by lifting the dura with a curved needle and trimming with ophthalmic
scissors, revealing the posterior parietal cortex. After test-fitting the titanium chamber to the skull, we
placed a flat transparent silicone artificial dura on the brain to keep the brain moist.

With the craniotomy complete, we performed convection-enhanced delivery (CED) of Jaws (rAAV8/hSyn-
Jaws-KGC-GFP-ER2, 5.4 x 102 virus molecules/mL, University of North Carolina Vector Core), a red-shifted
inhibitory viral vector, which has previously been used to evoke behavioral effects in NHPs (Chuong et al.,
2014; Acker et al., 2016). Prior to surgery, we had manufactured a 1-mm stepped-tip silica cannula (inner
cannula: inner diameter 320 um, outer diameter 435 um; outer cannula: inner diameter 450 um, outer
diameter 673 um; Polymicro Technologies, Phoenix, AZ, USA) for CED similar to our previous work (A
Yazdan-Shahmorad et al., 2016; Griggs et al., 2022b). We removed the artificial dura from the brain,
punched a hole through the artificial dura, laid the artificial dura back on the brain, and then inserted the
cannula tip through the hole in the artificial dura and approximately 2 mm into the cortex and began the
infusion protocol similar to previous work (Yazdan-Shahmorad et al., 2016). We infused up to 50 plL at
each of several locations across the cortex. Unlike previous work where live MRI was performed during
infusions (Yazdan-Shahmorad et al., 2016; Karam Khateeb et al., 2019), we elected to monitor the
infusions by eye to simplify the process. Once complete, we placed a new artificial dura on the brain.

Following CED, we placed the chamber on the skull. We used a piezo-drill to drill screw holes and we used
skull tap screws (Crist Instruments) to secure the chamber to the skull. We removed the artificial dura and
placed the MMAD on the brain and coiled the cables in the slots of the chamber (Fig. 1D). Finally, we
applied PTFE tape to the threads, closed the cap, secured the set screw, and applied bone wax to the set
screw. Having secured and closed the chamber, we closed the wound using standard surgical techniques.
Following the surgery, the animal was placed on oral antibiotics for 4-5 weeks.

We had implanted a titanium headpost (Crist Instruments) on each animal prior to this study (Ojemann et
al., 2020).

Chamber cleaning and hardware assembly

We developed a process of cleaning the chamber at least three times each week, starting one week after
the surgery, and assembling hardware on the chamber for experimentation. We briefly describe the
processes here. After head-fixing the animal, we cleaned the cap, chamber margin, surrounding scalp and
outside of the ear. Once clean, we removed the cap and cleaned the margin. We used cotton-tipped
applicators dipped in saline to clean the threads and the rim of the chamber. To clean the inside of the
chamber, we used a sterile syringe and blunt-tipped needle to spray warm saline on and in the MMAD, its
cables, and the storage area for the cables. We removed the saline during rinses with a sterile suction tip.
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To prepare for electrophysiological recording, we screwed a sterile ring onto the chamber and screwed a
sterile clamp connector tray to the ring with sterile screws. Then we removed the cables from the chamber
and placed them into the clamp connectors, and rubber banded the clamp connectors to the clamp
connector tray arms.

To prepare for optical stimulation, we attached the stimulation holder for either the LED array or for the
lasers. In the case of laser stimulation, we slid the stimulation ring down around the stimulation holder
and we inserted the fiberoptic cable through the cannula and cannula through the simulation ring. In the
case of LED stimulation, we assembled the LED array, rod, and tube with coverslip, and secured them
together with a set screw. Then we lowered the assembly down through the stimulation holder and into
the MMAD, and secured the tube into place with set screws. Black foil was wrapped around the
stimulation equipment to prevent the animal from seeing any lighting changes in the experimental rig due
to stimulation.

When the experiment was complete, we removed the stimulation equipment and recording equipment,
cleaned the MMAD, and used forceps to return the cables back into the chamber as shown in Fig. 5. Then
we cleaned the chamber using saline irrigation and applied antibiotic to the center of the MMAD. To
avoid building antibiotic resistance, we rotated through polymyxin B sulfate, gentamicin, and amikacin
sulfate antibiotics approximately every 4-5 weeks. To prevent the cap from binding to the chamber
between cleanings, we wrapped a strip of sterile PTFE around a portion of the threads. Then we screwed
on a sterile cap and tightened by hand, and then we tightened the set screw. Finally, we returned the
animal to his cage.

Behavioral task

Subjects were trained to perform a center-out reach task (Fig. 4. A reflective sticker, placed on the middle
finger of the animal’s right hand (contralateral to the implant), was tracked by a motion capture system
(Motive, OptiTrack, NaturalPoint Inc., Corvallis, OR, USA) to monitor the movement of the animal’s finger.
This tracking data was live-processed in MATLAB. A small white circle, corresponding to the finger
location, appeared on the screen when the animal’s finger came within a specified distance of it.

The task initiated with a green circle at the screen’s center. Once the animal placed its finger into this
initial circle, a red target circle would manifest in one of four reach directions (up, down, left, or right),
marking the onset of stimulation. A go-tone would sound after a random delay of several hundred
milliseconds, during which the animal had to keep its finger within the initial circle. The animal would then
touch the target circle to earn a juice reward (5-RLD-D1 D.A.R.L.S., Crist Instruments). The animal remained
in a head-fixed state, situated within a dark experimental rig, throughout the task. We designed and
operated the task in MATLAB using Psychophysics Toolbox version 3 (Brainard, 1997; Pelli, 1997; Kleiner
et al., 2007), as done in previous studies (Griggs et al., 2020).

Behavioral analysis

Reach times were analyzed from the behavioral trials. A reach time was calculated as the time between
the onset of the go tone and the monkey’s finger being placed in the target circle. All successful trials from
all sessions were combined and labeled as stim or nonstim trial depending on if stimulation had occurred
that trial, and also labeled with the direction of the reach. Depending on the analysis, trials were either
combined or kept separate between the two monkeys. Relevant groups were compared statistically by
paired t-test of the distribution of reach times.
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Neural data analysis
We analyzed the neural activity recorded during optogenetic inhibition during a reach, to quantify the
change in neural activity underlying the disrupted reach. All neural data analysis was conducted separately
for the two monkeys.

The process involved segregating all reach trials into stimulation and non-stimulation trials. Each trial was
then split into three epochs: before stimulation, during stimulation, and after stimulation. During the
“before stimulation” period, we analyzed the 500 milliseconds before stimulation began. The “during
stimulation” period corresponded to the LFP data recorded during the 900ms stimulation, excluding the
first 50ms of the stimulation. The “after stimulation” period corresponded to the 900 milliseconds
following the end of the stimulation, excluding the first 50ms. This decision was informed by the
challenges associated with removing artifacts during this specific period. For each of these epochs, artifact
rejection was applied.

Time-frequency analysis

Each epoch was analyzed in the time-frequency domain by multitaper based analysis of 50ms non-
overlapping windows. Five tapers were used, with a 128 sample length Fast Fourier Tranform (FFT). For a
given trial, the three epochs of “before stimulation”, “during stimulation”, and “after stimulation” were
realigned and rejoined along the time axis, with a 50ms empty placeholder corresponding to the removed
50ms immediately after stim onset and after stim offset. Frequencies above 200Hz were excluded from
analysis.

For spectrograms depicting the average time-frequency activity of a specific condition (e.g., stimulated
reach of monkey H), the spectrograms were normalized to the “before stim” epoch activity, on a trial-by-
trial basis. For every channel of every trial, the average power in the “before stim” epoch for a specific
frequency was calculated and then each time-frequency bin of that frequency for all bins in the three
epochs were divided by that value. The values were then log base 10 transformed.

For spectrograms depicting the time-frequency ratios of stimulated to unstimulated condition, no within-
trial normalization was applied. Instead, the mean spectrograms for the stimulated and unstimulated
conditions were calculated, averaged over all trials and channels and sessions. Then each time-frequency
bin of the stimulated condition spectrogram was divided by that of the unstimulated condition
spectrogram, and the data were log base 10 transformed.

Statistics were calculated between distributions of stimulated and unstimulated conditions. For the
reaching condition data, the unstimulated condition was defined as a reach undertaken in the absence of
stimulation. For the data recorded in the absence of behavior such as for the single LED and laser data,
the unstimulated condition was defined as the data recorded before stimulation. Time-frequency bins of
spectrograms were grouped over all trials of all channels of all sessions, log base 10 transformed, and then
the distributions were compared via paired t test. To account for multiple comparisons and mitigate the
risk of Type | errors, a Bonferroni correction was applied post-hoc.

Frequency analysis

For analysis of the frequency-domain-only content of the signal, visualized by power spectral density (PSD)
plots in the Results section, similar analyses were performed. The epochs were identical, except that the
during stim epoch had not only its first 50ms of data excluded from analysis but also the last 50ms
(bringing the total length from 850ms to 800ms). The neural data was transformed to the time-frequency
domain by multitaper, but with parameters selected to prioritize information along the frequency axis.
Windows were 200ms long, with 50% overlap. 6 tapers, and a 256 length FFT were used. From the
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resulting time-frequency data, the data were averaged within an epoch over the time axis, yielding one
power value per frequency.

The statistical calculations mirrored that of the time-frequency analysis, with p-values being derived by
considering all trials, channels, and sessions concurrently, and by Bonferroni correction applied post-hoc.

Artifact rejection

To isolate photoelectric artifacts from the recorded data, acquired during simultaneous stimulation in
non-human primates, we generated a dataset of these artifacts, absent any neural signals, by stimulating
an electrode array submerged in a saline bath. A model, fit to this saline data, was used to compute the
photoelectric artifact signals in the non-human primate data. These were then subtracted from the
signals. The procedure involved fitting an artifact basis to the saline data with the following steps:

1.

The time surrounding each stimulation in the saline data was isolated, from 100 milliseconds
before the onset of stimulation to one second after the end of stimulation. Each of the 30 channels
were stacked with their 100 corresponding pulses to form a (30 by 100 by length of time) matrix.

The matrix was split along the time axis into three matrices corresponding to before stimulation
during stimulation, and after stimulation.

The saline ECoG data at the time of stimulation onset and offset (data point time=0 for matrices
“during stimulation” and “after stimulation”) were set to zero millivolts and the whole traces were
shifted accordingly.

Principal component analyses (PCA) were performed individually on matrices “during stimulation”
and “after stimulation” and the three top components were extracted from each.

Then the NHP ECoG data were handled with the following steps:

4.

The NHP data was isolated and stacked in the same way as the saline data, such that a data matrix
of shape (channels by pulses by length of time), with identical time length, was formed.

The matrix was split along the time axis into three matrices corresponding to before stimulation
during stimulation, and after stimulation.

The NHP ECoG data at the time of stimulation onset and offset (data point time=0 for matrices
“during stimulation” and “after stimulation”) were set to zero millivolts and the whole traces were
shifted accordingly.

The NHP data of the “during stimulation” and “after stimulation” matrices were projected onto
the corresponding PCA saline basis and inverse transformed to obtain the reconstruction of the
non-human primate data from the saline data bases.

This reconstruction was subtracted from the raw NHP recorded data.

The three matrices were rejoined along the time axis, adding an offset to the later matrices such
that the average LFP value of the last 50ms of the preceding matrix and the first 50ms of the later
matrix had the same average value.
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This procedure enabled the separation of the recording data in non-human primates into neural activity
and photoelectric artifact, and the removal of the photoelectric artifact, thus retaining only the neural
activity in the recorded signal.
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Chapter 5: How to infer structural connectivity from LFP-level functional

connectivity: a simulation study

Julien Bloch, Larry Shupe, Patrick Zhang, David Lewis, Eric Shea-Brown, Eberhard Fetz, Azadeh Yazdan-
Shahmorad

Abstract

Local field potentials (LFPs) are stable and readily accessible measures of neural activity that have been
employed to calculate functional connectivity between various brain regions. However, the relationship
between structural connectivity and LFP-level functional connectivity remains poorly understood. To
address this gap, we developed a large-scale, biophysically plausible neural network simulation in the
VERTEX simulation platform that generates LFPs using validated conduction equations. This simulation is
based on connectivity statistics derived from structural studies and features hundreds of thousands of
virtual neurons that produce both spiking activity and LFPs. Our analysis of the simulation reveals that
undirected functional connectivity in low-frequency ranges exhibits the strongest correlation with
structural connectivity strength, while higher frequencies demonstrate weaker correlations and directed
metrics show no correlation at all. These findings enhance our understanding of the origins and
interpretation of LFP functional connectivity metrics and may have implications for future studies
investigating brain function and dysfunction.

Introduction

The human brain is a complex network comprised of approximately 100 billion neurons and 100 trillion
synapses, with an intricate organization of connections between neurons (Binzegger et al., 2004).
Mapping this extensive network poses significant challenges due to the large number of structural nodes
and connections. Therefore, experiments designed to quantify connectivity often focus on "functional
connectivity," which represents large-scale statistical correlations in activity between brain regions
(Friston, 2011; Bastos, 2016). Despite the widespread use of functional connectivity metrics in
neuroscience, the relationship between functional and structural connectivity remains poorly understood.

Various modalities, such as fMRI, EEG, ECOG, and depth electrode recording of LFP and spikes, have been
employed to study functional connectivity in brain activity (Buzsaki and Draguhn, 2004; Friston, 2011;
Horwitz, 2003; Nolte et al., 2004). Although there has been some work investigating the relationship
functional connectivity with structural connectivity (Friston, 2011; O’Reilly, 2013; Fukushima, 2017) there
is still much to be explored. For example, functional relationships may emerge naturally as a result of
strong structural connections between brain areas, but they may also emerge via the state-based
modulation of brain activity coordination without impacting structural connectivity (Friston, 2011;
O’Reilly, 2013; Fukushima, 2017). The degree and prevalence of these two sources of functional
connectivity is not well understood.

Functional connectivity has been used as a proxy to infer the extent of physical connections between brain
areas, particularly in rehabilitation contexts, where forming new or strengthening existing connections
can be beneficial (Beliveau et al., 2017). However, there is limited direct evidence demonstrating that
these types of metrics are correlated. Functional connectivity metrics can be categorized into three
classes: symmetric connectivity, directed connectivity, and conditional connectivity (Horwitz, 2003).
Symmetric connectivity measures the strength of connections between two brain regions in both
directions, while directed connectivity measures connection strength in a specific direction. Conditional
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connectivity measures the strength of connectivity between two brain regions based on the activity of
another brain region (Horwitz, 2003). Furthermore, some metrics require stimulation for inference,
whereas others can be inferred from recordings alone.

The relationship between functional and structural connectivity has been studied at large scales,
particularly in the context of white matter tract-defined structural connectivity between discrete brain
regions and functional connectivity computed from fMRI signals and, to a lesser extent, EEG signals. This
approach provides valuable information about whole-brain statistics but lacks high-resolution insights. As
a result, findings from large-scale studies cannot be directly applied to small scale experiments. As neural
engineering approaches which aim to alter connectivity often operate at these small scales and rely on
functional connectivity to infer their effects, there is a need to understand relationships at this level.

Our platform features a large-scale (>100,000 neuron) simulation of virtual neurons with a connectivity
structure that mirrors the cerebral cortex (Tomsett et al., 2015). This simulation also generates readouts
of voltages at surface and intracortical locations, analogous to local-field potential (LFP) recordings
sampled from the cortex using electrodes. The model represents a section of primate cortex measuring
1.5mm x 1.5mm x 2.6mm. This size is comparable and relevant to a plethora of experiments quantifying
functional connectivity between electrodes on neural implants such as Utah array electrodes (Zanos et
al., 2011; Stevenson et al., 2012; Snyder et al., 2015; Bloch et al., 2019).

This innovative platform enables us to calculate functional connectivity metrics from the recorded LFP
signals and compare them to the virtual structural connectivity defined by the model. We first compute
various measures of structural connectivity strength between distinct virtual electrode locations. Next,
we calculate standard functional connectivity metrics, including coherence and Granger causality, from
the LFP signals collected from virtual electrodes and employ correlational analysis to investigate their
relationship.

In this paper, we aim to investigate the relationship between functional connectivity and LFP-based
metrics recorded from electrodes in a simulated brain at a spatial scale comparable to common electrode
arrays like the Utah array. By examining the relationships between functional connectivity and LFP-based
metrics, we aim to contribute to the growing body of knowledge on this subject and provide new insights
into the complex interactions between brain regions.

We analyze the relationships between various functional connectivity metrics, such as coherence, Granger
causality, and others, and compare them to the underlying structural connectivity defined in the
simulation. We also examine the impact of experimental constraints, such as the placement of electrodes
at constant depths in the brain, on the correlations between functional and structural connectivity
metrics.

Furthermore, we explore the potential of combining different functional connectivity metrics in a data-
driven manner to improve the prediction of structural connectivity using stepwise regression models. This
approach will be tested on both excitatory and inhibitory structural connectivity and compared to the
performance of individual metrics.

Finally, we investigate the ability of functional connectivity metrics to accurately estimate changes in
structural connectivity induced by stimulation in a model with plastic synapses. By correlating changes in
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functional connectivity metrics with changes in structural connectivity before and after stimulation, we
aim to identify the most promising metrics for predicting connectivity changes induced by stimulation.

Overall, our study aims to shed light on the complex relationship between functional and structural
connectivity at a small scale, which is crucial for understanding brain function and for advancing neural
engineering approaches that aim to manipulate connectivity. By leveraging the power of large-scale
simulations and a range of functional connectivity metrics, we hope to provide valuable insights that can
inform future experimental designs and computational models.

Results

Biorealistic neural tissue and activity

To ensure the relevance of our simulation findings to real brains, we aimed for single-neuron resolution
of neural activity, sub-neuron level of LFP creation and propagation, and biorealistic cell type statistics
and connections, all while encompassing a broad spatial scale. Utilizing the Vertex 2.0 neuron simulation
framework (Thornton 2019), which employs multicompartment models of neurons for precise local field
potential (LFP) calculations and leverages real voltage propagation equations for discrete spatial point
calculations, our platform features a large-scale simulation of over 100,000 virtual neurons. This
simulation has a connectivity structure mirroring the cerebral cortex and generates readouts of voltages
at both surface and intracortical locations, analogous to LFP recordings from the cortex using electrodes.
Specifically, our study focused on a spatial scale of 1.5mm x 1.5mm x 2.6mm of cortex, which is
representative of a section of the primate cortex and maintains applicability to research employing neural
implants, such as the Utah arrays. Additionally, the foundation of our model is based on a published model
from the Vertex 1.0 framework (Tomsett 2015) with anatomically derived neural cell type and connectivity
statistics that closely match neuron statistics observed in the mammalian brain. The chosen depth of
2.6mm was selected to simulate primate brains more closely.

We modified the simulation by changing synapses from a set conductance value for specific neuron groups
to a normally distributed conductance centered around the previously established value. This
modification led to a smoother power spectral density (PSD), exhibiting primarily the characteristic
1/freq?® observed in the brain with a small bump in the Gamma power (Fig. 1H-1). The time series of the
LFP looked qualitatively similar to LFP from in vivo electrophysiology (Fig. 1G), unlike the original model
for which the LFP was dominated by a clear Gamma rhythm.

In our model, we conducted an analysis of firing rate histograms and inter-spike interval (ISI) distributions
within neuron groups to ensure the display of characteristic spiking statistics. We found that the firing
rate distributions adhered to a log-normal pattern (Fig. 1D), a finding that aligns with empirical
observations in both excitatory and inhibitory neuronal populations (Antolik et al., 2018; Kajiwara et al.,
2020). Furthermore, the ISI histograms also exhibited a log-normal distribution (Fig. 1E-F), a characteristic
feature of neuronal firing dynamics as demonstrated in both experimental and theoretical studies (van
Vreeswijk and Sompolinsky, 1996; Matthews and Clements, 2014; Hasegawa, 2009). These findings
underscore the physiological relevance of our model, as it successfully replicates key statistical properties
of real neurons.
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Laminar structure and reduced cell morphologies
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Calculation of intrinsic functional connectivity metrics

To elucidate the relationship between structural and functional connectivity metrics, we calculated
structural and functional connectivity between all virtual electrode pairs in the simulation. As detailed in
Methods, the structural connectivity from electrode A to B is computed as the sum of all synaptic
strengths between pairs of neurons, where each strength is inversely weighted by the distance from
electrode A to the presynaptic neuron and by the distance of electrode B to the postsynaptic neuron (Fig.
1J). This measure represents a gross synaptic connectivity strength between two electrode locations. As
our simulation had distinct excitatory and inhibitory neuron populations, we calculated structural
connectivity independently for excitatory and inhibitory synapses, resulting in two distinct measures,
which we term excitatory structural connectivity and inhibitory structural connectivity, respectively.

We employed four functional connectivity metrics, each corresponding to a unique class of functional
connectivity metrics: pairwise symmetric, partial symmetric, pairwise directional, and conditional
directional. The corresponding metrics were coherence, partial spectral coherence, Granger causality, and
multivariate Granger causality. Each of these metrics was calculated for the following standard frequency
bands: Delta (0.1-4Hz), Theta (4-8Hz), Alpha (8-12Hz), Beta (12-30Hz), Gamma (30-60Hz), High-Gamma
(60-200Hz). Pairwise connectivity metrics assess the strength of statistical dependency between two
signals, while conditional metrics determine the partial contribution of one signal to another, conditioned
on all other recorded signals. Undirected metrics yield a similarity score for two signals, generating a
symmetric connectivity matrix. In contrast, directed measures distinguish the influence of two signals on
each other, producing a non-symmetric matrix. Each metric type offers its own advantages and
disadvantages (Bastos 2016); thus, we evaluated one standard metric from each class.

Metric correlations

Functional connectivity metrics were assessed for each frequency band, and their relationships with each
other, structural connectivity, and electrode distance were analyzed (Fig. 2). A heatmap displaying
Spearman's correlation between all metrics is presented in Fig. 2A. First, the correlations between
excitatory and inhibitory structural connectivity are highlighted within the black rectangular bounding box
in the heatmap. These two distinct forms of structural connectivity exhibit a high correlation (Spearman
correlation = 0.9) with each other, as they are implemented similarly in the model. As such, most of the
later subfigures in Fig. 2 show correlations between functional connectivity metrics and the excitatory
structural connectivity only, as the relationship with inhibitory structural connectivity tends to be similar.

The heatmap is arranged in blocks of metrics grouped by frequency band. Examining the heatmap through
this organized block structure reveals high within-metric correlations across frequency bands for
coherence, Granger causality, and multivariate Granger causality, while a relatively low correlation is
observed between different metrics.

Fig. 2B-G features scatter plots that illustrate the relationships between metrics. Coherence displayed the
highest correlation with excitatory and inhibitory structural connectivity, followed by multivariate
Granger causality. Granger causality and partial coherence showed much lower correlations with
structural connectivity in comparison to the other two metrics. These observations generally hold true for
both excitatory and inhibitory structural connectivity, except for Granger causality, which demonstrated
a strong correlation with inhibitory structural connectivity and an almost zero correlation with excitatory
structural connectivity.
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All functional connectivity metrics, except for multivariate Granger causality, exhibited weaker
correlations with structural connectivity in the Gamma band.

The distance between electrodes exhibited a negative correlation with all functional connectivity metrics,
indicating that a larger distance corresponds to weaker connections. Importantly, the negative correlation
with distance is more pronounced for metrics that display a strong correlation with structural connectivity.
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and D) High Gamma coherence vs excitatory structural connectivity, E) Theta partial coherence and (F) High Gamma
partial coherence vs excitatory structural connectivity, G) Theta Granger causality and H) High Gamma Granger
causality vs excitatory structural connectivity, 1) Theta multivariate Granger causality and J) High Gamma multivariate
Granger causality vs excitatory structural connectivity.

Nonlinear Scaling of Granger-Based Metrics with Structural Connectivity

In the previous section, we presented only Spearman correlation. However, we computed both Pearson
(Fig. 3A) and Spearman (Fig. 2A) correlation coefficients for all metrics. While Pearson correlation
guantifies the degree of linear correlation, Spearman correlation captures rank-ordering agreement, thus
detecting nonlinear correlations. For most metrics, the Pearson and Spearman correlation coefficients
exhibited minimal differences. However, for Granger-based measures, particularly multivariate Granger
causality, the Spearman correlation coefficients were substantially higher, indicating a nonlinear
correlation with structural connectivity values.

Granger causality and especially multivariate Granger causality values were very strongly right-skewed,
suggesting that a log transformation of their values would make their values Gaussian. Moreover, a log
transformation significantly improved their linear correlation to structural connectivity (Fig. 3B-E). Note
that the Spearman correlation is not affected by this transformation, as it computes similarity of rank
ordering, which is preserved by transformation. As such, and since the use of raw Granger causality values
is standard, in subsequent sections we chose to use the untransformed Granger causality values and
report Spearman correlations.
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Distance Information in Functional and Structural Connectivity Relationships

To further examine the relationship between functional and structural connectivity, we removed the
distance information from the structural connectivity and assessed the correlation of functional
connectivity metrics with this modified value (Fig. 4). We did this by fitting a linear model from distance
to structural connectivity (independently for excitatory and inhibitory structural connectivity), and
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subtracting the structural connectivity estimates generated by the model from the true structural
connectivity values. Then the residual values were termed the “distance removed structural connectivity”
and compared to the functional connectivity values.

In general, we observed similar trends to our previous findings: coherence exhibited the highest
correlation, followed by multivariate Granger Causality, and pairwise Granger Causality showed selectivity
for inhibitory structural connectivity (Fig. 4C and 4E). However, these correlations were reduced to about
0.2, suggesting that the distance information contributes to the predictive capability of functional
connectivity metrics.

We also examined the residuals of the distance-based predictions of structural connectivity and found
high variance for predictions of stronger structural connectivity (Fig. 4D). In other words, there was less
information contained in distance for electrodes that were closer together, while distance could predict
near-perfectly the structural connectivity for electrodes that were further apart.

With distance information removed, multivariate Granger causality continued to display a nonlinear
scaling with structural connectivity, as evidenced by the substantially higher Spearman correlation
coefficient compared to the Pearson correlation coefficient. In contrast, pairwise Granger causality did
not exhibit a pronounced nonlinear trend, unlike our previous observations. Interestingly, coherence in
the Alpha band increased from about 0 to nearly 0.2 for Spearman correlation.
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Combining metrics via stepwise regression
We tested whether the metrics could be combined in a data-driven way to yield a better predictor of
structural connectivity using a stepwise regression model (Fig. 5). The model was fit on randomly sampled
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training data and optimized by Bayesian information criterion, with R-squared on the held-out test set of
around 0.7 for both excitatory and inhibitory activities. The fitting and selection process for the excitatory
and inhibitory structural connectivity are shown in Figs 5A and 5B respectively.

The results of the fit models tested on held-out test data are shown in Fig. 5A-D. We observe that a model
trained to predict excitatory structural connectivity achieved an explained variance score (r2) of 0.65 (Fig.
5A), while the model trained to predict inhibitory structural connectivity achieved an r2 of 0.67 (Fig. 5B).
We also tested the ability of a model to predict the distance removed structural connectivity described in
the previous section and found no drop in performance. Specifically, we observed an r2 of 0.74 for the
test set of distance removed excitatory structural connectivity (Fig. 5C), and r2=0.67 for distance removed
inhibitory structural connectivity (Fig. 5D).
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Constant depth recordings

We further explored the possibility of obtaining higher correlations between functional and structural
connectivity metrics by restricting the depth, or z-location, of electrode placements in the brain, as
typically done in physical experiments. Specifically, we calculated the correlation of functional
connectivity metrics to structural connectivity using only data recorded at the same depth, independently
for all depths used in previous sections. The results revealed a substantial degree of correlation for all
tested metrics in this constant-depth setting (Fig. 6). Then, by averaging across various layers and depths,
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the average correlations were obtained, which are depicted in the heatmap in Figure 6A. These findings
suggest that the majority of the examined connectivity metrics demonstrate a strong association with
structural connectivity when experimental constraints, such as confining electrodes to specific depths, are
employed.

Upon removing distance as a factor and rerunning the analysis, the functional connectivity metrics were
less correlated with structural connectivity, with much variation over depths (Fig. 6F-H). Generally, the
pairwise metrics exhibited superior performance. The results were similar for the Pearson correlation,
with the note that Granger was selective for inhibitory connectivity only in the Pearson case.
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truth on a depth-specific basis for B) coherence C) partial coherence D) Granger causality and E) multivariate Granger
causality. Colors of lines and data points correspond to connection strengths between electrodes at specific depths
beneath the surface of the simulated cortex, given in um in the legend, alongside the Pearson correlation values.. F)
Heatmap of correlations on depth basis when layer-specific distance information is removed. G) Theta coherence vs
distance removed excitatory structural connectivity and H) vs. distance removed inhibitory structural connectivity.

Discussion

This study aimed to illuminate the relationship between local field potential (LFP)-level functional
connectivity and structural connectivity in the brain. Our approach involved a large-scale neural network
simulation that generates LFPs based on a biophysically realistic model. We leveraged this model to
evaluate a set of functional connectivity metrics and determine their ability to infer structural
connectivity. Our results offer valuable insights for neuroscience research and neural engineering
applications, underscoring the potential of coherence as a promising metric and the advantages of
combining multiple functional connectivity metrics.

Coherence as a Key Metric for Inferring Structural Connectivity

Our findings underscored coherence, especially in the lower frequency bands, as a particularly promising
metric for estimating structural connectivity from functional connectivity measurements. This is
consistent with previous research that has highlighted the utility of coherence as a proxy for structural
connectivity between brain regions. Moreover, the coherence metric demonstrated robust performance
even when distance information was removed and when structural connectivity changes were induced by
stimulation, further validating its effectiveness in capturing structural connectivity.

Coherence is the simplest measure tested in this work, as it is neither directed nor conditional. As such, it
is somewhat surprising that it tended to perform best, at least for the purpose of inferring structural
connectivity. However, as coherence is the simplest measure it also makes the fewest assumptions about
the data, and as such has the least potential for errors (Bastos 2016). For example, while pairwise metrics
will incorrectly identify a connection between two regions when their only connection is through another
region, this capacity for bias is theoretically equivalent for all pairs of regions. Contrast this with
conditional metrics, which seek to exclude indirect connections, but will only do so accurately if all indirect
connections are observed, and thus have dependently biased errors as a function of observed regions. In
other words, conditional metrics assume that all contributing signals are recorded and included for
analysis, while coherence makes no such assumption. Similarly, directed measures assume that the
dynamics of two signals can be simply (even just additively, in the case of Granger causality) split into
influence from region A to region B, and region B to region A. Symmetric measures make no such
assumptions, and thus do not suffer if the influences cannot be naively parsed in this way; this may be
even more relevant in this study as we analyze LFPs which represent distributed neural activity, as
opposed to spikes which are easier to separate between recording sites.

Combining Functional Connectivity Metrics: A Data-Driven Approach

We employed a stepwise regression model to combine multiple functional connectivity metrics in a data-
driven manner, aiming to improve the predictive capability for structural connectivity. This approach
yielded a model with a high degree of explained variance (around 0.7) for both excitatory and inhibitory
activities on the held-out test set. This finding suggests that integrating multiple functional connectivity
metrics can yield more accurate inferences of structural connectivity. Such an approach should be
developed and validated in vivo and tested for generalizability, as the potential for overfitting, and thus
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wildly incorrect inference, is higher with a model with multiple variables in comparison to a single variable.
Future work could explore nonlinear transformations of these metrics or utilize models that can identify
nonlinear relationships to further improve accuracy.

Nonlinear Relationships Between Functional Connectivity Metrics and Structural Connectivity
Our results indicated the presence of nonlinear relationships between some functional connectivity
metrics, particularly those based on Granger causality, and structural connectivity. These nonlinear
relationships were captured by the higher Spearman correlation coefficients compared to the Pearson
correlation coefficients. This finding suggests that future studies should consider these nonlinear
relationships when using Granger-based measures to infer structural connectivity, and that simple
transformations of the data such as log transforms may be relevant before use of the functional
connectivity values.

Challenges in Defining Connectivity

Establishing a clear definition for structural and functional connectivity can be challenging, as there is no
universally agreed-upon measure to characterize the strength and nature of connections between neural
elements. Different metrics and approaches may capture different aspects of connectivity, and as a result,
the choice of metrics can have a significant impact on the observed relationships between structural and
functional connectivity (Bastos & Schoffelen, 2016). Our study aimed to address this challenge by
evaluating a diverse set of functional connectivity metrics, each representing a unique class of connectivity
measures, to provide a comprehensive view of the relationship between functional and structural
connectivity.

Impact of strong rhythms on functional connectivity relations

Our study also highlighted the impact of strong rhythms, such as gamma oscillations, on the estimation of
functional connectivity relations. We modified the initial model to reduce the overly strong gamma
frequency signal and generate a smoother power spectral density (PSD) that closely resembled the
characteristic 1/freq® curve observed in the brain. However, we also noted that as the Gamma power of
our simulation was higher than the 1/f curve would predict, it coincided with a lower correlation between
the functional connectivity metrics within the Gamma band and the structural connectivity. This finding
suggests that investigating the PSD curve can be used to make pragmatic decisions about how to use
functional connectivity metrics to infer structural connectivity, on an individual experiment basis.

Relevance of Findings for Future Studies

Our findings have important implications for future studies investigating the relationship between
functional and structural connectivity. By identifying the most promising metrics, such as coherence, and
demonstrating the value of combining metrics, our study provides a foundation for further refining the
methods used to infer structural connectivity from functional connectivity data. Additionally, our results
highlight the impact of experimental constraints, such as the placement of electrodes at constant depths,
on the observed connectivity relationships. This information may guide researchers in designing more
effective experimental paradigms and analysis techniques to better understand the complex interplay
between functional and structural connectivity in the brain.

In addition, several new technologies are emerging as status quo for recording neural activity at with
better resolution and higher channel count than established technologies. For example, Neuropixels are
being commonly used now to record spikes and LFPs (Paulk 2022), from which functional connectivity can
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be calculated. In this era of larger neural datasets, the validation of the use of simple functional
connectivity metrics such as coherence is a pragmatic finding to guide analysis of these data.

Other Factors Contributing to Functional Connectivity

Research suggests that several factors can influence functional connectivity in the brain. It is well
established that structural connectivity has a causal role in the generation of functional connectivity,
through observational (Huang and Ding 2016, Straathof 2018) as well as interventional studies (O’Reilly
2013). For example, O'Reilly et al. (2013) investigated this relationship by examining interhemispheric
functional connectivity in rhesus monkeys before and after sectioning the corpus callosum—a thick band
of nerve fibers that connects the left and right cerebral hemispheres. Their findings revealed that while
sectioning the forebrain commissure significantly reduced interhemispheric functional connectivity, this
effect was considerably mitigated if the anterior commissure—a fiber bundle that connects the two
hemispheres—was left intact. In other words, the specific structural connections between two brain
regions are causally and strongly linked to the formation of functional connectivity.

However, there are also other factors that can influence functional connectivity, such as brain state
(Fukushima et al., 2017; Chen et al., 2012; Straathof et al., 2018). For instance, Fukushima et al. (2017)
reported a higher similarity between structural and functional connectivity during integrated network
states, indicating that brain states may influence the degree to which structural connectivity predicts
functional connectivity. Furthermore, the study linked the fluctuations between segregated and
integrated network states with human behavior, shedding light on the potential behavioral implications
of functional connectivity. Chen et al. (2012) also highlighted the dynamic nature of functional
connectivity, showing that connectivity patterns derived from electroencephalography (EEG) data can
change with different brain states. This finding underscores the importance of the contribution of brain
states to the complex dynamics of functional connectivity. Future research should consider these factors
to develop a more comprehensive understanding of functional connectivity in the brain.

Assumptions and Limitations of the Modeling Approach

Our study employed a biophysically plausible neural tissue model with a focus on a spatial scale of a few
millimeters, which is relevant to research employing Utah arrays and similar mammalian brain implants.
While this approach offers the advantage of high accuracy in neuronal signal measurements and the ability
to closely match neuron statistics observed in the brain, it also comes with certain assumptions and
limitations.

One, it is unclear if observations made at this spatial scale extend to larger scales — that is, if the same
relationships observed between functional and structural connectivity at this small scale extends to larger
scales such as between different brain areas. Despite this, there is a long history of new functional
connectivity metrics being developed and despite only being validated on toy models of just a few neurons
(Baccala 2001, Eichler 2006), drastically smaller than what we use here, deployed for use in larger scales
in real brains such as for EEG data.

Second, our results are generated in a simulation, and while the simulation is made to be as biorealistic
as possible, it is just an approximation of a real brain. As such, while our analyses and findings are useful,
and we have pragmatically chosen the use of a simulation in order to conduct analyses not possible in
vivo, they should be validated in animal models before any claims of generalizability of our findings.
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Despite these limitations, our study provides valuable insights into the relationship between functional
and structural connectivity and offers a foundation for further research in this area. Future studies should
consider exploring alternative models, incorporating additional cell types and connectivity patterns, and
examining the relationship between functional and structural connectivity across different spatial scales
and recording modalities.

Our study revealed that coherence is a promising metric for inferring structural connectivity from
functional connectivity data, and that combining functional connectivity metrics using a stepwise
regression approach can further improve the accuracy of these inferences. Our findings also highlighted
the impact of various factors, such as the choice of metrics, the presence of strong rhythms, and the
spatial scale of analysis, on the observed relationships between functional and structural connectivity.
These insights have important implications for the design and interpretation of future studies
investigating the complex interplay between functional and structural connectivity in the brain.

Methods

Simulation of neural activity

For our simulation we use a model from (Tomsett 2015) which we have tweaked. The model is composed
of hundreds of thousands of virtual neurons, with scale and number corresponding to a brain section of
size 1.5mm x 1.5mm x 2.6mm. The neurons are modeled as adaptive exponential integrate and fire
neurons (Brette 2005) connected to each other via conductance-based synapses and with background
currents given by Ornstein-Uhlenbeck processes. The model was tweaked by varying the neuron group
connectivity characteristics with each other and by varying the background current mean and standard
deviation to neurons, such that the power spectral density exhibited maximally close to 1/freq® power
and the neuron firing rates were as similar to in vivo experimental values as possible, as detailed below.
The model was run for 40 seconds of virtual neural activity. Both excitatory and inhibitory neurons are in
the simulation. Each virtual neuron is associated to a specific spatial X Y and Z location.

Neurons are divided into 16 different cell types, in accordance with (Binzegger 2004). The laminar
statistics of neuron spatial locations, as well as their connectivity statistics to each other and their
arborization radii are also taken from structural connectivity information (Binzegger 2004).

Simulation LFP generation

Within the spatial boundaries of the simulation, we define 45 points corresponding to the locations of
virtual electrodes. For each neuron in the simulation, a reduced compartmental spatial model (Tomsett
2015) generates resulting LFP at each recording site. The voltages of each neuron are superimposed to
yield LFPs at each recording electrode at each time point, as described in (Tomsett 2015).

The electrodes were placed in 5 z-slice planes as 3x3 electrodes regular distance from each other. They
were located at z slices 500um intervals below the surface of the simulated cortex, with x and y locations
of 250, 500, 750, 1000, and 1250um. We used these locations to avoid spurious dynamics and LFP at the
boundaries of the simulation volume.

Computational tools

All analysis was conducted in Matlab. The simulation and calculation of the structural connectivity was
completed on the Neuroscience Gateway Supercomputer (Sivagnanam 2013), and all analyses were
conducted on PCs.
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Model validation

We validated the model by ensuring its adherence to certain empirical and theoretical standards
established within neurophysiology. First, we confirmed that the firing rate histograms of neurons within
a population exhibited normal or log-normal distributions. This was grounded in the pioneering work of
van Vreeswijk and Sompolinsky in 1996, which highlighted irregular firing patterns in cortical neurons,
evinced by their Poisson-like histograms of interspike intervals. This pattern of irregularity, characteristic
of neuronal firing, suggests the presence of an underlying log-normal distribution. Further empirical
substantiation comes from Antolik et al. 2018, and Kajiwara et al. 2020.

The second point of validation involved ensuring that interspike intervals also showed a log-normal
distribution. This was supported by the successful modelling of neuronal interspike interval durations
using a log-normal distribution by Matthews and Clements in 2014.

Finally, the model was evaluated based on whether the power spectral density at the recording electrodes
demonstrated the canonical 1/frequency”o decrease, reflecting the model's capability to simulate natural
neuronal dynamics accurately.

LFP intrinsic functional connectivity metric calculation
Recorded time series of LFP from each virtual electrode were extracted over the 40 second run from 241
to 39990 milliseconds.

Coherence was computed between pairs of electrodes in the local field potential (LFP) data. For each pair
of electrodes, the coherence function mscohere from MATLAB was used. This function calculates the
magnitude-squared coherence estimate, which is a measure of the linear correlation between the two
signals in the frequency domain. For each pair of electrode signals, a hamming window of 1000 ms was
applied. This signal was then zero padded to length 1024 via the nfft variable. The overlap between
successive windows was set to half the window size.

Partial Spectral Coherence (PSC) was calculated for pairs of electrodes in the local field potential (LFP)
data. The windowing parameters were identical to that of coherence. In order to calculate PSC, the Cross
Power Spectral Density (CPSD) was computed for all pairs of columns in the LFP data using a Hamming
window with 50% overlap. The matrix of cross power spectral densities (CPSDs) for each frequency point
was then inverted. This inversion was performed using Singular Value Decomposition (SVD) for numerical
stability. The SVD of each frequency matrix was computed, and then the inverse was calculated by
reciprocating the singular values and multiplying the resulting diagonal matrix by the transpose of the
right singular vectors and the left singular vectors. Finally, the PSC was computed as the square of the
absolute value of the normalized inverted matrix of CPSDs. This normalization was done by dividing each
element of the inverted CPSD matrix by the square root of the product of the corresponding diagonal
elements.

Granger causality and Multivariate Granger causality were calculated with the MVGC Toolbox (Barnett
2014). A 16 order vector autoregressive (VAR) model was fit to the time series data using Ordinary Least
Squares Regression. The autocovariance was calculated from the VAR model, and then the spectral
granger causality was calculated from the autocovariances. For pairwise Granger causality this process
took place individually for each pair of electrodes, while for Multivariate Granger causality this process
happened over the full LFP time series matrix of all electrodes.
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Structural connectivity calculation

At model initialization, connections between neurons are created according to structurally-derived
probability distributions. These connections are stored in a weighted adjacency matrix, where the weights
correspond to the conductance of a synapse connecting neurons i and j.

First, we separate the matrix into 2 separate matrices one which holds the synapses from excitatory
presynaptic neurons, and one with synapses from inhibitory pre-synaptic neurons. Then for each matrix,
we calculate a summary-level “structural connectivity structural” between individual pairs of virtual
recording electrodes. We do so by weighting these the connectivity weights in the adjacency matrix by
the distances from each neuron to the recording electrode, as in the equation and in the figure below.
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Figure 12: Depiction of the variables used in structural connectivity calculation.

This yields two measures of structural connectivity for each electrode pair, an excitatory structural connectivity and
an inhibitory structural connectivity.

Distance-based Analysis

To determine the distances between electrodes, we calculated the Euclidean distance in the x, y, and z
coordinates of each electrode. The distance values were based on raw untransformed distance
calculations. An intercept term was fitted to the data to obtain the structural connectivity information
that was not present within distance. Subsequently, other features were regressed against these values.

Partial Regression

For the partial regression results, a linear model was utilized to predict structural connectivity as a function
of distance. The predicted value was then subtracted from the actual structural results for each data point
to obtain the structural connectivity information that was not present within distance.

Stepwise Regression

To generate a model that integrated multiple functional connectivity metrics to estimate structural
connectivity, we employed stepwise regression. First, the data was divided into a training and test set,
with the training set comprising 70% of the data and the test set comprising the remaining 30%. Then the
default MATLAB implementation of stepwise regression was used, with a feature selection criterion for
maximizing the Bayesian information criterion (BIC). The process consisted of taking the model
implementation at iteration i (where the model at iteration 0 consists of only an intercept term), testing
all possible iteration i+1 models by testing every possible combination of iteration i model plus or minus
one feature in the feature set, and greedily setting the model with the maximum BIC as the iteration i+1
model. This was repeated iteratively until the BIC would no longer be improved by subtracting or removing
a feature. The final model was fit to the training set, and the R squared was calculated using the holdout
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data of the test set. This procedure was carried out for both excitatory and inhibitory structural
connectivity, as well as for distance-removed structural connectivity.
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Chapter 6: Computational model of cortical light penetration for a novel
photothrombosis-based lesion model in non-human primates

Full version published as: K. Khateeb, J. Bloch, J. Zhou, M. Rahimi, D. Griggs, V. Kharazia, M. Le, R. Wang,
A. Yazdan-Shahmorad, “A Toolbox for Studying Cortical Physiology in Primates,” Cell Reports Methods,
Mar. 2022.

Abstract

Lesioning and neurophysiological studies have facilitated the elucidation of cortical functions and
mechanisms of functional recovery following injury. Clinical translation of such studies is contingent on
their employment in non-human primates (NHPs), yet tools for monitoring and modulating cortical
physiology are incompatible with conventional lesioning techniques. To address these challenges, we
developed a toolbox validated in seven macaques. Our lab introduces the photothrombotic method for
inducing focal cortical lesions, a quantitative model for designing experiment-specific lesion profiles, and
optical coherence tomography angiography (OCTA) for large-scale (~¥5 cm2) monitoring of vascular
dynamics. We integrate these tools with our electrocorticographic array for large-scale monitoring of
neural dynamics and testing stimulation-based interventions. Advantageously, this versatile toolbox can
be incorporated into established chronic cranial windows. By combining optical and electrophysiological
techniques in NHP cortex, we can enhance our understanding of cortical functions, investigate functional
recovery mechanisms, integrate physiological and behavioral findings, and develop neurorehabilitative
treatments.

As my primary role in the project was the development and validation of the computational model, | have
selected the most relevant passages from the published work which highlight my contributions while still
communicating the motivation and context of the work.

Introduction

The primate neocortex is responsible for a variety of complex tasks and behaviors, including long-term
memory storage, sensory processing, and movement. Historically, both lesioning and neurophysiological
studies have been critical for elucidating functions of specific cortical regions (Ferrier, 1876) such as
somatosensory (Borich et al., 2015; Brinkman et al., 1985; Gerlai et al., 2000), visual (Humphrey, 1974;
Wurtz and Goldberg, 1972), auditory (Heffner and Heffner, 1986), and posterior parietal (Murphy et al.,
2016; Vallar et al., 1994) cortices. Recently, such strategies have also been employed to investigate
mechanisms of plasticity and recovery following injury (Friel et al., 2007; Guo et al., 2021; Harrison et al.,
2013; Kaeser et al., 2010; Khanna et al., 2021; Liu and Rouiller, 1999; Nudo and Milliken, 1996; Nudo et
al., 1996; Padberg et al., 2010; Pons et al., 1988; Xerri et al., 1998). The study of these phenomena in non-
human primate (NHP) models with strong evolutional and physiological relevance to the human cortex is
critical for understanding fundamentals of cortical physiology and designing novel clinical treatments for
cortical injury. This was particularly highlighted following the lack of success of clinical trials for novel
stroke therapies in recent decades. One major contributing factor to this lack of success has been
attributed to a heavy reliance on rodent studies and a lack of pre-clinical studies in NHPs (Kotak et al.,
2005; Levy et al., 2016). Thus, there is a strong need to expand the tools available for studying NHP cortical
physiology for clinical translation.

Typical strategies for investigating in vivo NHP cortical physiology include either monitoring or perturbing
the native cortical activity then correlating neural activity with behavior. Neural activity is frequently
monitored through electrical recording, or calcium imaging, while perturbations include lesioning,
electrical stimulation, or optogenetic manipulation (Acker et al., 2016; Tremblay et al., 2020). Previously,
we developed a large-scale interface enabling optogenetic neuromodulation in concert with simultaneous
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electrical recording (Ledochowitsch et al., 2015a; Yazdan-Shahmorad et al., 2015, 2016, 2018c, 20183,
2018b). However, to the best of our knowledge, there is no single unifying paradigm through which the
full spectrum of strategies can be combined for the unhindered investigation of cortical physiology in
NHPs. Conventional lesioning techniques lack compatibility with tools for monitoring and modulating
cortical physiology and lack flexibility in controlling lesion location and extent. Here, we adapt and
integrate in NHPs a versatile focal ischemic lesioning technique with large-scale monitoring of cortical
vascular dynamics, and electrophysiological recording and stimulation. The mutual compatibility of the
integrated tools within this versatile toolbox enables for the inclusion or exclusion of any of the tools
depending on experimental needs. Importantly, with large-scale stable optical access, this toolbox can be
combined with established chronic cranial windows for optical stimulation and imaging techniques such
as optogenetics and calcium imaging, respectively.

Commonly utilized NHP cortical lesioning techniques are challenging to employ. One method of lesioning
cortexin NHPs is through middle cerebral artery occlusion (Maeda et al., 2005; Virley et al., 2004). Because
middle cerebral artery occlusion is used to mimic ischemic stroke as observed in the clinic, the resulting
lesions are broad and are constrained only to regions downstream of the middle cerebral artery.
Moreover, obtaining access to the middle cerebral artery for occlusion requires complex surgical
intervention regardless of the occlusion technique. Similarly, common focal cortical lesioning techniques
such as endothelin-1 (Dai et al., 2017; Teo and Bourne, 2014), electrocoagulation (Nudo et al., 2003; Xerri
et al., 1998), ibotenic acid (Kaeser et al., 2010; Liu and Rouiller, 1999), cooling (Brinkman et al., 1985), and
aspiration (Heffner and Heffner, 1986; Padberg et al., 2010; Pons et al., 1988) also involve technically
challenging surgical procedures that are susceptible to variability across animals. Importantly, these
techniques lack compatibility with tools for monitoring cortical physiological dynamics during lesion
formation and recovery.

In this study, we addressed the technical shortcomings of studying cortical physiology in NHPs. We
successfully demonstrate the combination of a photochemical lesion induction technique with a
controlled spatial profile, a computational model designed to predict the induced lesion sizes and shapes,
an in vivo lesion validation method with high spatial resolution, and the ability to simultaneously monitor
the underlying neural activity and blood flow as lesions form at a large scale (~¥5 cm2). Moreover, the sizes
of focal lesions induced with our toolbox are comparable to previously reported focal lesions capable of
eliciting behavioral deficits (Murata et al., 2008; Padberg et al., 2010). Importantly, the tools presented
here are compatible with previously established interfaces offering large-scale access for optical and
electrical stimulation as well as imaging (Griggs et al., 2021b; LM et al., 2002; Macknik et al., 2019;
Trautmann et al., 2021; Yazdan-Shahmorad et al., 2016), providing unparalleled access to the primate
cortex. Although not demonstrated here, the tools described in this study can easily be adapted for use
in smaller model organisms, expanding its utility beyond research groups with access to macaques.
Through this integrative approach, the large-scale monitoring of cortical network activity and
reorganization concurrently with vascular dynamics expands the questions and interventions we can
explore, profoundly impacting the development of neurorehabilitative therapies.

Relevant results

Prediction of Lesion Size by Simulation of Light Propagation through Cortical Tissue

We developed a computational model to predict the lesion sizes and shapes induced by illumination
parameters tested here and beyond. We incorporated both light intensity and aperture diameter into a
biophysically inspired model to jointly predict both lesion diameter and depth. Photothrombotic lesions
arise due to thrombi formation and subsequent cell death mediated by the topography of the underlying
microvasculature. As such, we developed a two-stage modeling process in which we simulated photons
penetrating brain tissue (Figure 2A) to generate a profile of the spatial fluence distribution (Figure 2B) and
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transformed fluence contours to recreate the lesion shapes observed through histology (Figure 2C,D, see
Methods for details). Using this method, we identified the best optical properties as a gray matter
absorption coefficient of 0.395 mm™, gray matter scattering coefficient of 53.6 mm™, white matter
absorption coefficient of 0.09 mm™, white matter scattering coefficient of 54.066 mm™, and a spatial
fluence distribution threshold for lesion induction of 19.9 pW/mm?2.

B

Cortex Artificial Dura

Fig. 1. Figure 1. Schematic of photothrombotic technique application to induce focal cortical ischemic lesions. (A)
Following a 25-mm-diameter circular craniotomy, a thin, transparent artificial dura was placed over the exposed
cortical surface. Next, an apertured mask was placed on top of the artificial dura. Scale bar is 5 mm. (B) Coronal
schematic of light illumination through the apertured mask following intravenous Rose Bengal infusion. Portions of
this figure have been adapted for inclusion in this manuscript from Khateeb et al. (2019b) with permission.

From identified best-matching light simulations, we quantified the degree to which they predict lesion
shapes and sizes. We observed that while the simulation results qualitatively align with the lesion profiles,
the light simulation alone was not adequate for explaining the observed lesions. By using the maximal
depth and average diameter of individual fluence threshold contours of the simulation as predictions of
their corresponding lesion profiles, we observed that the contours resulted in an r-squared value of -0.04
for lesion depth and 0.32 for diameter. These results indicate that the extent of induced photothrombotic
ischemic lesions in vivo is not simply a function of the fluence profile in the cortex but is likely also
governed by biological factors such as vascular topography.

We therefore incorporated a scaling process to transform the light intensity contours to the biological
lesion profiles observed through histology (Figure 2C,D). The depth did not scale linearly well, however,
as the best linear scaling of depth yielded an r-squared value of 0.13. From examining the residuals, we
observed that square root transforming the depth before linear scaling would yield a more accurate
prediction. Indeed, by square root transforming the depth and scaling by a factor of 1.6969 we obtained
anr-squared value of 0.41 (Figure 2E). We observed that the diameters from the simulation scaled linearly
to match the diameters observed from histology, with a scaling factor of 0.726 yielding an r-squared value
of 0.82 (Figure 2F). Interestingly, although our model was developed based on histologically derived lesion
contours, the resulting model-derived lesion diameters were also highly predictive of OCTA-measured
lesion diameters with an r-squared value of 0.60 (Figure 2G). Thus, our quantitative model can accurately
predict lesion shape, diameter, and depth.
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Fig. 2: Prediction of lesion size by simulation of light propagation through cortical tissue. (A) Schematic of simulated
cortical volume with our experimental setup. An uncollimated light beam passes through an aperture and a
transparent artificial dura (0.5 mm thick) into gray and white matter of a virtual cortical medium. Gray-matter
thickness is 2.5 mm. (B) A contour is identified from the light profile matching the light intensity threshold (19.9
UW/mm?2) most closely matching the lesions. Scale bar is 100 um. (C) The light-intensity contour is scaled to generate
a biological lesion contour. Scaling factors were obtained through regression on our dataset of simulated lesion
dimensions and corresponding histologically measured lesions. (D) Predicted lesion contour overlayed on a coronal
Nissl-stained slice of a corresponding lesion from monkey B. Scale bar is 50 um. (E-G) Simulated lesions accurately
predict histologically measured lesion depths (0.41 r-squared) (E), diameters (0.82 r-squared) (F), and OCTA-
measured diameters (0.60 r-squared) (G).

Relevant Discussion

The presented toolbox offers significant advantages for investigating critical questions regarding cortical
physiology. Here, we demonstrate the photothrombotic technique for inducing focal ischemic lesions in
NHP cortex. The extent of subsequent neuronal cell loss was later confirmed histologically. Moreover, we
developed a quantitative model for predicting photothrombotic lesion sizes based on illumination
parameters. Through this model, lesions can be designed in accordance with experimental needs. We also
present OCTA imaging as a tool for observing vascular dynamics and validating lesion induction in vivo.
Additionally, our ECoG array allows for the investigation of neural dynamics before, during, and after
lesion formation. Critical for developing therapeutic interventions, we also establish the ability to test
stimulation-based strategies with our ECoG array. Although not demonstrated here, the toolbox allows
for experimentation at clinically relevant time scales when employed in NHPs in contrast to rodent
studies.

The photothrombotic technique allows for the induction of targeted focal ischemic lesions in any cortical
region of interest. The spatial control of photothrombotic lesion induction is an improvement over other
commonly employed models such as middle cerebral artery occlusion models (Sommer, 2017). In
addition, the ability to induce consistent smaller, targeted lesions can allow for the induction of lesions to
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impact specific cortical functions without risking serious injury or mortality compared to middle cerebral
artery occlusion (Wu et al., 2016). This capability has been validated in rodents as the photothrombotic
technique has enabled the study of local cortical remapping in sensorimotor cortex (Harrison et al., 2013).
Larger lesions can also be induced with areas as large as the applied cranial window. Moreover, middle
cerebral artery occlusion (Maeda et al., 2005), electrocoagulation (Friel et al., 2007; Nudo et al., 1996;
Xerri et al., 1998), and aspiration methods (Padberg et al., 2010) of cortical lesioning require complex
surgical intervention and are performed in an invasive manner. In contrast, photothrombotic lesioning
only requires optical access to cortex. With the aid of our predictive computational model, lesions can be
designed based on experimental needs. However, as is typical with optical techniques, photothrombotic
lesion induction with minimal invasiveness is limited to optically accessible regions. To access subcortical
areas, more invasive approaches can be used, such as the use of penetrating optical fibers.

We also developed a computational model to predict the shape and scale of photothrombotic lesions.
Our regression results and Monte Carlo simulation-based results together allow for planning of precise
lesions with a variety of illumination parameters, informed by previous literature and validated against
our experimental results. Importantly, through our grid search, we identified the optimal optical
properties of cortical tissue to accurately predict lesion sizes. It is important to note, in our experiments
we did not vary illumination time across different lesions, with an illumination time based on previous
photothrombotic studies (Gulati et al., 2015). Therefore, our computational model was constructed based
on lesions induced with consistent illumination times. However, our model may be modified in future
studies to predict lesions induced with different illumination times to account for differences in total
energy that would be delivered to induce Rose Bengal photoactivation. There are also notable
assumptions which are applied to our model. First, we assume a consistent gray matter depth at 2.5 mm,
whereas in reality, the depth of gray matter is variable across cerebral cortex, which can affect lesion
depth predictions. Moreover, the final step of our model involves scaling the profiles from probability
maps to better reconstruct the profiles of our histologically detected lesions. This was done to account
for the topography of the cortical vasculature (Figure 5B-D). The depth-wise upscaling of our model
contours is likely due to the perpendicular orientation of penetrating arterioles and venules relative to
the cortical surface (Gould et al., 2017). The diameter-wise downscaling can be ascribed to the
redistribution of blood flow in vessels downstream of an occluded vessel to preserve perfusion in these
downstream regions (Schaffer et al., 2006), thus potentially reducing the extent of ischemic damage.

Together, these tools can be used to answer critical questions in neuroscience and drive studies of cortical
physiology and related disorders such as stroke and traumatic brain injury. Importantly, our toolbox
enables the perturbation of the brain and simultaneous monitoring of physiological dynamics over time.
The combination of the presented tools can be used to evaluate vascular dynamics, neural dynamics, and
neurovascular coupling in the context of either cortical lesioning, stimulation, or both. Like any toolbox,
the mutual compatibility of the tools allows for the exclusion or inclusion of any of the tools described
here, depending on the research questions. One main advantage of this toolbox lies in the adaptability
and mutual compatibility of this family of tools with each other and other conventional tools in the field.
Although our toolbox is demonstrated here in an acute setting, the same tools are capable of
implementation in chronic experiments. Previous studies have demonstrated the long-term safety and
efficacy of optical windows utilizing an artificial dura for optogenetics, calcium imaging, and other optical
tools across various cortical regions (Bollimunta et al., 2021; Ju et al., 2018; LM et al., 2002; Trautmann et
al.,, 2021; Yazdan-Shahmorad et al., 2016, 2018a). The increasingly widespread use of these optical
interfaces make the presented tools easily integrable with established cranial windows. Such a capability
would allow for the monitoring of the behavioral and physiological effects of lesioning and subsequent
recovery over time, in combination with testing stimulation-based interventions. Furthermore, the
compatibility of our toolbox with optical tools such as optogenetics can enable the comparison of
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temporary and permanent cortical lesioning techniques. The tools described here can also be adapted for
use in smaller organisms such as marmosets and rodents, expanding the utility of this toolbox beyond
research groups with access to large NHP animal models. Importantly, long-term studies employing our
toolbox can address key questions regarding cortical functions and drive the development of future
rehabilitative therapies for stroke, traumatic brain injury, and other relevant neurological disorders.

Relevant Methods

Light Simulation

Our computational model of light penetration and subsequent lesion in the brain consisted of a Monte
Carlo simulation of photons propagating through brain tissue, extraction of a light intensity contour, and
scaling of the contour. A virtual volume was constructed which mimicked the experimental setup and had
the relevant optical properties of brain tissue. Photons were virtually propagated through this volume to
obtain a probability distribution of photon fluence, or light energy passing through a given area. Optical
parameters were informed by published literature regarding primate cortical optical properties and then
refined to maximally match our experimental results obtained through histology. The Monte Carlo
simulations were designed using the Monte Carlo eXtreme (MCX) software (Fang and Boas, 2009) and run
on discrete graphics cards (Nvidia GTX 1080Ti and Nvidia GTX 2060).

The virtual volume consisted of a light source and mask, an artificial dura, and gray and white matter
(Figure 5A). The entire volume was 8 mm x 8 mm x 5.6 mm (width x width x height), with voxel resolution
of 0.01 mm?3. We specified the light source as a disk parallel to the surface of the brain with collimated
light exiting the side of the disk facing the brain, and then passing through a thin highly scattering disk
which uncollimated the light. We set the diameters of both disks to be equal to the aperture diameter of
the mask of the corresponding in vivo experiment. We specified the volume peripheral to the disks as a
highly absorbing and highly scattering medium to mimic the opacity of the non-aperture part of the mask
(Supplementary Table 1). The diameter used in our simulations were 0.5 mm, 1 mm, 1.5 mm, and 2 mm,
corresponding with the apertures tested in our in vivo experiments. After specifying the volumes, we ran
simulations of 1 million photons through the volume. The simulations yielded voxel-wise fluence values,
or values of radiant energy received per unit area. The fluence results were imported into MATLAB and
analyzed with custom code.

experimental sessions consisted of recording while no stimulation took place, which we termed a “resting-
state block,” and recording during stimulation, which we termed a “stimulation block.” Each resting-state
block was 5 minutes long and each stimulation block was 10 minutes long. Each experimental session
consisted of alternating resting-state blocks and stimulation blocks, with 6 total resting-state blocks.

Research on the optical properties of gray matter is often contradictory, and values of index of refraction,
anisotropy coefficient, and absorption and scattering coefficients vary by orders of magnitude in
published research. We defined a grid search boundary of optical properties by using the values reported
in previous literature (Gottschalk, 1992; Yaroslavsky et al., 2002) as upper and lower bounds of the
properties. As the absorption spectrum for Rose Bengal peaks at 559 nm, we used the optical properties
reported for this wavelength by interpolating from nearest reported wavelengths. The range of the grid
was [0.03, 0.76] mm™ for gray matter absorption, [9.9, 53.6] mm™ for gray matter scattering, [0.09, 0.36]
mm™ for white matter absorption, and [41.9, 78.4] mm™ for white matter scattering. For anisotropy
coefficients the two publications reported similar values, therefore we averaged the values between the
publications to obtain an anisotropy coefficient of 0.92 for gray matter and 0.8 for white matter. The
refractive index was set as 1.36 for gray matter and 1.38 for white matter (Yaroslavsky et al., 2002). From
the optical property ranges we constructed a 5 x 5 x 4 x 4 size grid with 5 values for the gray matter
absorption and scattering coefficients and 4 values for the white matter absorption and scattering
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coefficients. For each of the 400 combinations of parameters, four simulations were run, corresponding
with the four aperture sizes tested in our experiments. Each simulation yielded a volumetric fluence
distribution. We further obtained representative 2D central slices to compare with histologically obtained
lesions.

For each photon intensity distribution corresponding to an optical property combination, we identified
the light intensity threshold which yielded contours most closely matching those obtained from central
slices of lesions obtained from histology. By treating the maximum depth and average width of an
individual contour as the prediction of maximum depth and average width of the corresponding lesion,
we quantified the predictive power of the simulation. Denote by SSR,; the residual sum of squares of
prediction of maximum depth of a lesion, SST,; the total sum of squares of maximum depth of a lesion,
SSR,, the residual sum of squares of prediction of average width of a lesion, and SST,, the total sum of
squares of average width of a lesion. The objective function used to find the best light intensity threshold
was:

. SSR4% = SSR,,?
min (3% 7). (1)
thresh "SSTq SSTw

This is equivalent to maximizing the (squared or unsquared) Euclidean norm of the r-squared values of
depth and width predictions less 1. Denote by rj the r-squared value of the simulation-based prediction
of maximum depth of a lesion, and 1;2 the r-squared value of the simulation-based prediction of average
width of a lesion. Then the equation above can be rewritten as:

max((rZ — 1)% + (2 — 1)?). (2)

thresh

We solved this objective function individually for each optical property combination using Bayesian
optimization. We then identified the simulation yielding the minimum value of this objective function as
that most closely matching our histology data and used the results of that simulation for all later parts of
the analysis. The optical properties of this best simulation were gray matter absorption coefficient of
0.395 mm?, gray matter scattering coefficient of 53.6 mm™, white matter absorption coefficient of 0.09
mm™, white matter scattering coefficient of 54.066 mm™, and a light intensity threshold for lesion
induction of 19.9 pW/mm?.

We then identified a transformation to accurately scale the profiles of the light simulation contours to
that of the lesions obtained from histology (Figure 5C,D). We opted to do this by independently scaling
the width and depth of the contours. Our first approach was to fit a univariate linear regression from the
simulation depths and widths to the lesion depths and widths, respectively. In this linear regression we
did not allow an intercept term. Based on the results of our linear regressions, we further evaluated the
need for non-linear transformations. Once these scaling factors were set, we treated them as the final
stage of our modeling platform, whereby light intensity contours from the Monte Carlo would be
stretched and shrunk accordingly to transform from the light profile to the lesion profile.
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Chapter 7: Conclusion

This thesis set out broaden the toolkit of neurostimulation technology, focusing on making the transition
from preclinical models to human applications more seamless. At the start of this journey, four critical
needs were identified: a neurological model that mirrors humans, technical tools for conducting precise
experiments, advanced computational capabilities for optimizing experiments and analyzing data, and a
comprehensive and grounded understanding of the outcomes we measure.

The use of NHPs throughout this work and the stroke model presented in Chapter 6 addressed the first
need. By improving the capabilities surrounding NHP neurostimulation research we helped establish NHPs
as an effective model for human neurological studies. Additionally, by developing an easily replicable and
focal stroke model we provided a valuable framework for studying stroke—a prevalent neurological
disorder. The stroke model offered a direct method for studying cortical functions and recovery
mechanisms after injury, thus expanding our scope for developing neurorehabilitation treatments.

Chapter 4 addressed the second need by introducing a novel optogenetic-electric neural interface. This
interface combined the specificity of optogenetics with the dual functionality of electrical stimulation and
recording, showcasing its potential in future neurostimulation research and interventions. The
experiment also validated the optogenetic perturbation by showing disruption of neural activity and
behavior, two fundamental targets of neural stimulation.

For the third need, Chapters 2 and 3 significantly improved our computational capabilities. These chapters
offered insights into how various parameters influence cortical coherence modulation and developed a
model predicting network-wide functional reorganization, setting a course for more efficient experiment
optimization and more accurate data interpretation.

Chapter 5 focused on the fourth need: a fundamental understanding of the outcomes we measure. By
developing a large-scale, biophysically plausible neural network simulation that generates LFPs, we
deepened our understanding of functional connectivity metrics and their relationship to structural
connectivity.

In conclusion, this work has made strides towards addressing the four identified needs at the onset of this
thesis. By advancing the NHP model, creating new technical tools, enhancing our computational
capabilities, and deepening our understanding of the outcomes we measure, we move closer to the
effective translation of neurotechnologies for human use.
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