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Abstract
Alzheimer’s disease (AD) is the most common form of age-related dementia, a˙ecting millions
of patients globally. Unfortunately, the development of therapies for AD is lagging with no newly
approved treatments in the last 15 years. This dearth of new therapies requires a reconsideration
of the pre-clinical models of AD, in order to facilitate the discovery of eÿcacious treatments.
Ideally such models would allow for monitoring the functional behavior of neurons in conditions
approximating the AD brain. One potential instrument platform for such models are multi-electrode
arrays (MEA), as these systems allow for prolonged, non-destructive recordings of spontaneously
firing neurons in vitro. Towards this goal of developing more representative, pre-clinical models of
AD; methods of experimental design and analysis for assessing neuronal firing using MEAs were
established. This system was used to examine changes in neuronal activity following treatment
with soluble human brain extract from a panel of 19 individuals comprised of: AD patients,
una˙ected persons not exhibiting AD pathology (low pathology not cognitively impaired, LP-NCI),
and individuals not cognitively impaired who exhibited AD-related pathology post mortem (high
pathology not cognitively impaired, HP-NCI). While the ‘amyloid hypothesis’ of AD posits that
hydrophobic oligomers of the peptide amyloid-β (Aβ) lead to synaptotoxicity and neurodegeneration,
experiments were unable to demonstrate that changes in spontaneous firing elicited by these brain
extracts were directly mediated by Aβ. To determine the molecular etiology of these functional
changes in an unbiased manner, label-free proteomic analysis was performed on a larger panel of
43 brain extracts of AD, LP-NCI, and HP-NCI individuals. The proteomic profiles of those brain
extracts tested in the MEA-based neuronal firing assay were compared with a similar cohort of
brain extracts tested in a morphological neurite integrity assay. This analysis revealed several
candidates related to protein homeostasis and microtubule remodeling whose expression correlated
with changes in neuronal structure and activity. The techniques and data herein provide a system
for modeling the function of neurons and insights into proteins that may be mediating changes in
cellular behavior within the AD brain.
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Chapter 1: Introduction
Alzheimer’s Disease and the Amyloid Hypothesis
Alzheimer’s disease (AD) is the most common cause of age-related dementia and its prevalence
is expected to grow in the coming years, with estimates as high as 100M su˙erers worldwide by 2050
(Cummings, Morstorf, and Zhong 2014). While numerous hypotheses explaining the pathology of
AD have been put forth, the ‘amyloid hypothesis’ of Alzheimer’s disease is most widely supported
by the evidence provided by the genetic, biochemical, cellular, and clinical data available. The most
recent iteration of the amyloid hypothesis states that an increase in the total production of amyloid-β
peptide (Aβ) and a shift in the ratio Aβ42 :Aβ40 toward the more hydrophobic Aβ42 , results in
the accumulation of soluble Aβ oligomers which impede synaptic function leading to eventual cell
death (Hardy and Selkoe 2002; Haass and Selkoe 2007; Sheng, Sabatini, and Südhof 2012; Selkoe
and Hardy 2016). Aβ is a fragment of the single-pass type-I transmembrane protein, Amyloid
Precursor Protein (APP). APP undergoes sequential proteolytic processing via one of two mutually
exclusive pathways: the amyloidogenic pathway in which APP is cleaved by β-secretase followed by
γ-secretase resulting in the liberation of soluble extracellular Aβ, or the non-amyloidegenic pathway
in which APP is first cleaved by α-secretase followed by γ-secretase resulting in the liberation of
another peptide fragment, p3, which is not associated with AD (O’Brien and Wong 2011). Aβ exists
within the brain in a dynamic equilibrium between low molecular weight monomers, intermediate
oligomers, and high molecular weight fibrils. While there is ambiguity around what specific species
of Aβ is most relevant to the pathology of AD, a growing body of evidence is leading to a consensus
in the field that oligomers are primarily responsible for pathogenic e˙ects of Aβ (Walsh et al. 2002;
Walsh et al. 2005; Deshpande et al. 2006; Shankar et al. 2007; Mucke and Selkoe 2012).
A Cascade of Events
From the original description of AD by Alois Alzheimer in 1906, the pathology was described
as the co-occurrence of extracellular plaques and intracellular neurofibrillary tangles, subsequently
shown to be composed of Aβ and a hyper-phosphorylated form of the microtubule associated protein
tau, respectively (O’Brien and Wong 2011). How these (and other) aspects of AD pathology are
related remains an area of on-going research. However, the ‘amyloid cascade’ hypothesis proposes a
1

connection, postulating that Aβ production and aggregation is the initiating event in the cascade,
ultimately contributing to tau phosphorylation and the formation of neurofibrillary tangles, and
eventually neuronal toxicity and cognitive and memory deficits (Hardy and Higgins 1992; Karran,
Mercken, and De Strooper 2011).
In the nearly three decades since it was put forth, the amyloid hypothesis has been questioned as
being insuÿcie nt to explain AD. The most damming criticism leveled is that clinical trials designed
to target Aβ, either through blocking its production through the use of γ and β-secretase inhibitors
or promoting its clearance with therapeutic antibodies have been unsuccessful in the past at slowing
the progression of symptoms (O’Brien and Wong 2011; Karran, Mercken, and De Strooper 2011;
Schaper 2018). Additionally, findings that amyloid deposition within the brain initiates years to
decades prior to the onset of symptoms, has led to questions of the cause of the delay, if Aβ indeed
principally underlies the etiology of AD (De Strooper and Karran 2016). Finally, the definitive
mechanism of action of Aβ is unclear as it is purported to interact with a variety of receptors,
disrupt cellular membranes, and even be pore forming (Benilova, Karran, and De Strooper 2012).
Despite these critiques, an overwhelming amount of data indicates a fundamental role for Aβ
in AD. Mutations in APP, PSEN1, and PSEN2, the majority of which result in increased levels
of Aβ42 relative to Aβ40 , cause a familial form of the disease (Scheuner et al. 1996). Individuals
with Down’s syndrome, trisomy of chromosome 21 (the chromosome on which APP is located)
show high incidence of AD, with pathology arising as early as the teens (Lemere et al. 1996). This
is presumably due to increased production of Aβ over their lifetimes. Moreover, individuals who
inherit partial duplications of chromosome 21 containing the APP locus also develop AD, while
those who inherit partial duplications of chromosome 21 without the APP locus do not (Prasher et
al. 1998, Rovelet-Lecrux et al. 2006).
Aβ also has been shown to directly influence neurons as well. Aβ treatment of primary neurons
results in a decrease in synapse number (Coleman and Yao 2003; Shankar et al. 2007; Lacor et
al. 2007). Synaptic loss is highly correlated with cognitive decline and is detected post-mortem in
the brains of individuals who exhibited symptoms of early AD (Masliah et al. 1994, Sche˙ et al.
(2006)). Additionally, aqueous soluble brain extract has been shown to inhibit LTP in organotypic
slices and in vivo in an Aβ dependent fashion (Walsh et al. 2002; Shankar et al. 2008; Barry et al.
2011; Yang et al. 2017). Aβ also has been shown experimentally to induce the type of changes in
2

tau phosphorylation associated with the formation of neurofibrillary tangles. Treatment of neuronal
cultures with Aβ oligomers leads to tau hyper-phosphorylation and atrophy of neurites, but neurite
loss is prevented if tau is knocked-down prior to Aβ treatment (Shankar et al. 2008, Jin et al. 2011).
Crossing a human APP transgenic mouse to a tau transgenic mouse leads to exacerbation of the
tau pathology with no additional e˙ect on the amyloid pathology (Lewis et al. 2001). Further,
crossing a human APP transgenic mouse to a tau knockout mouse results in less behavioral defects
in the tau-null o˙spring (Roberson et al. 2011). Therefore, a fairer assessment may be that our
understanding of the events occurring down stream of Aβ is incomplete.
Recently, interest in the AD field has turned in part to the role of the innate immune response
serving as the intermediary between the Aβ and tau pathologies, casting microglia and astrocytes as
important actors in the cascade. Aβ oligomers bind receptors on microglia and astrocytes, provoking
an immune response and leading to the release of pro-inflammatory cytokines (Heneka et al. 2015;
McGeer, Rogers, and McGeer 2016). Some have hypothesized that the release of pro-inflammatory
cytokines in turn promotes aberrant truncation and phosphorylation of tau within neurons via cdk-5,
p38/MAPK, JNK-1, and ERK mediated pathways (Ballatore, Lee, and Trojanowski 2007; Garwood
et al. 2011). Further, loss of function mutations in TREM2, a protein involved in phagocytosis
by microglia have been found to be a risk factor for AD, indicating that decreased eÿcie ncy in
Aβ clearance by microglia may contribute to the disease (Colonna and Wang 2016). These finding
indicate the need for models that account for the dynamics between cells of the nervous system in
assessing the functional changes associated with AD.
Finally, reports have shown the capacity for neurons to restore synapses following termination of
exposure to Aβ (Shankar et al. 2007). This indicates that there may be a potential for regeneration
of neuronal structures following the initiation of amyloid pathology. Therefore, it is important to
determine if there is a critical period where cognitive decline could be mitigated through impeding
the amyloid cascade and/or promoting synapse restoration. Establishing an experimental system
that models this process would be of value for screening for agents that promote synapse restoration.
Generalized challenges of disease modeling
During a seminar in 2017, the renowned Alzheimer’s researcher Dr. Dennis Selkoe noted,
“What constitutes a disease state is often a subtle deviation from normal physiology”. While this
3

observation is applicable to many diseases, it is especially apt in the context Alzheimer’s. The
clinical manifestation of AD has multiple symptoms but the most prominent and widely recognized
is a decline in memory. Memory is a complex behavior, perhaps the most sophisticated of behaviors,
and one in which the underlying biological process is far from being completely understood. Further,
with the growing appreciation that AD pathology initiates years to decades before symptoms emerge,
the biochemical and cellular changes that are associated with this deviation from ‘normal’ physiology
are inevitably occurring on similarly long time scale (Bateman et al. 2012; Villemagne et al. 2013).
Finally, as a disease of the human central nervous system, an organ that is essentially inaccessible to
direct experimentation, the study of AD must largely be carried out using representative experimental
models.
Attempting to study any disease or biological process in model systems always comes with inherent
compromises. The system must be suÿc iently complex to mimic the multiple facets influencing the
in vivo physiology of the disease state. Yet the system must be suÿci ently reductionist to: i have
clearly defined end-points, ii be executable within reasonable time frames, and iii allow for parallel
testing of multiple perturbations. Therefore, in devising a strategy for modeling a disease one must
contend with these confounding challenges: a trade o˙ between complexity and reductionism, and
have the ability to robustly detect subtle change.
The military historian Thomas Ricks observed that the terms “strategy” and “tactics” are often
used synonymously when in fact one is a dependency of the other. Mr. Ricks posited that a strategy
can largely be established by answering a limited number of questions: “What are we trying to
do here?”; “How will we do it?”; “What will be needed to do so?”. Answering these questions is
often not easy, but having done so one’s tactics will derive from those answers. What is true of
military campaigns is also true of disease modeling. Here, the answer to the first question is, we are
trying to understand how the behavior of the brain changes at a cellular level in the context of AD
pathology. How this can be done is to create an environment that is a reasonable approximation
of AD pathology in the brain and to monitor how cellular behavior changes as a result. What is
needed is both a cellular system that replicates essential aspects of an actively behaving brain, and
a means to detect changes in that behavior. This in a sense is the foundation of phenotypic assays,
one seeks to recreate the biological system of interest and examine how perturbations a˙ect the
behavior of that system.
4

Table 1: Comparison of common electrophysiology and imaging-based assays for neuronal activity
Assay

Throughput
(cells-per-day)

End Point /
Longitudinal

Native cells
(non-engineered)

Label-Free

Data Acquistion
Eÿciency

Parallel
Acquistion

Spatial
Resolution

Temporal
Resolution

Tunable

Patch Clamping

10s

Yes

Yes

Low

No

High

High

Yes

Sharp Electrode
Recording
Calcium Imaging
Optogenetic
Actuators/Sensors
Multi-Electrode
Arrays

10s

Yes

Yes

Low

No

High

High

Yes

1000s
10s-100s

End Point:
Minutes/Hours
End Point:
Minutes/Hours
Longitudinal
Longitudinal

Yes
No

No
No

High
Medium

No
No

Medium
High

Low
Low

No
Yes

100s-1000s

Longitudinal

Yes

Yes

High

Yes

Low

High

No

Tactics (assays) for modeling neuronal behavior
Having attempted to answer the questions posed by Mr. Ricks, one must chose a tactic, an
assay for monitoring the changing behavior of neurons. Within the field of neuroscience there are a
number of electrophysiological and fluorescence imaging-based techniques to monitor the behavior
of neurons under experimental conditions. As depicted in Table 1, the most widely used techniques
di˙er with respect to several parameters influencing experimental design and analysis. Ultimately
the method chosen is influenced by the question of interest and the compromises between complexity
and reductionism one is willing to make.
Establishing criteria for the model can help facilitate the decision between potential assay
platforms. While the evidence supports Aβ as principal in AD pathology, the physiological events
that culminate in the symptoms of the disease are all but certain to occur in a non-cell-autonomous
manner (De Strooper and Karran 2016). In order to capture these dynamics, it is necessary to assay
the behavior of neuronal activity within a dense, mixed culture of neurons and glial cells. Given the
latency with which the symptoms of AD emerge relative to the initiation of AD pathology, it is
desirable to have a system in which the changes in activity can be measured over time. Many studies
attempting to replicate the e˙ects of Aβ have been critiqued for resorting to the use of unrealistic
levels of intrinsically expressed or exogenously added protein to elicit a phenotype (De Strooper and
Karran 2016). Thus, a model perturbed at a physiologically relevant magnitude may only show a
small, yet meaningful response. Therefore, the method should generate a rich dataset in order to
allow for the detection of modest changes. The method also should be amenable to modeling human
biology. While the experiments performed in this study primarily employed primary rodent cultures,
the source of the perturbation was post mortem human brain. Further, with recent advancement in
di˙eren tiation eÿciency and reliability, human induced pluripotent stem cell (iPS) derived neurons
5

and glia can be readily substituted for rodent primary cells. Of the assay platforms available, one
which seems capable of fulfilling all of these criteria are multi-electrode arrays.
Multi-electrode arrays as an assay platform for monitoring neuronal behavior
In vitro multi-electrode arrays (MEA) instruments consist of a large number (dozens to hundreds)
of planar electrodes embedded in the base of a tissue culture chamber (Figure 1) that allow for
the parallel detection of local field potentials generated by the spontaneous or evoked firing of
neurons in cultures (Spira and Hai 2013; Obien et al. 2014). Using MEA platforms it is possible to
record neurons over time frames lasting hours to days, or even longer. These features make MEA
technology an attractive method to study the magnitude and kinetics of changes in spontaneous
firing activity that Aβ is able to elicit in cultured neurons.
The ability to detect action potentials from neurons in vitro using extracellular planar electrodes
was first reported by Thomas and colleagues in 1972. The justification for the development of the
technique provide at the time still holds true today (Thomas et al. 1972).
“Currently available and rapidly improving techniques permit the in vitro culture of an
increasing variety of bio-electrically active tissues and single cells. Perhaps the most
interesting questions to be asked of such cultures are those dealing with the development
and plasticity of electrical interactions among the cultured elements (tissues or single
cells). Exploration of these questions would be greatly facilitated by a convenient
non-destructive method for maintaining electrical contact with an individual culture,
at a large number of points, over periods of days or weeks. This report describes one
approach to the development of such a method.”
The physical basis for signal detection with these instruments lies with the principle that upon
initiation of an action potential, the influx of sodium and calcium ions from the extracellular space
into a neuron through Na+ and Ca2+ voltage gated channels respectively, will create a potential
gradient between an electrode in close proximity to the neuron and a reference electrode within
the solution set an appreciable distance away. Demonstrated by Fejtl et al. in Figure 2, as the
neuron itself can be modeled as a resistor-capacitor (RC) circuit, with capacitance maintained by
the lipid bi-layer of the membrane and the voltage channel serving as veritable resistors, within the
context of MEA recording the neuron forms the part of a larger RC circuit between the recording
and reference electrodes (2006).
The voltage potentials detected from an extracellular electrode during the occurrence of an
6

Figure 1: Examples of the in vitro MEAs typical of those used in this study. A 12-well MEA plate

Axion Biosystems. B 64 electrode MEA, position of recording electrodes indicated in yellow and reference
ground electrode in red. C Primary rodent cortical cultures on MEA at day in vitro 21, imaged at 20X
magnification.

7

Figure 2: Idealized circuit diagram of MEA system Adapted from Fejtl et al. p26. R - resistance, C -

capacitance; Subscripts: M - membrane, FM - free membrane, JM - junction membrane, J - junction, E electrode, b - bu˙er, sh - shielding.

action potential will parallel those recorded by an intracellular electrode, but will di˙er in a number
of key ways. First, by virtue of being on the opposite side of the membrane, the polarity of the
potential is reversed. Second, due to additional resistance from the extracellular medium, the
magnitude of the potential detected extracellularly will be two to three orders lower than that which
would be recorded from an intracellular electrode (10s - 100s of µV verse 10s mV). Third, due to
the RC nature of the cellular membrane, the extracellular potential is approximately equal to the
derivative of the intracellular potential. Finally, due to the neuron being more proximal to a cable
rather than a point source, the shape and magnitude of the potential will vary depending on the
spatial orientation of the neuron with respect to the recording electrode (Holt and Koch 1999; Gold
et al. 2006; Gold, Henze, and Koch 2007; Gibson 2012; Buzsáki et al. 2015). Features of these
di˙erences are shown by Buzsaki et al in Figure 3.
Action potentials are detected by MEA instruments by sampling the potential di˙erence across
recording and reference electrodes at rates typically between 10-60kHz. These sample values are
used to calculate a background potential and action potentials, ‘spikes’, are detected when the

8

Figure 3: Voltage waveforms recording from MEA Adapted from Buzsaki et al. 2015, Figure 2. A
Voltage traces from simultaneous recording of a CA1 hippocampal neuron during an action potential from
an intracellular electrode (upper) and extracellular electrode (lower). B Shapes and amplitudes of voltage
waveforms recorded from extracellular electrode at di˙eren t orientations with respect to a hippocampal neuron.
Lower left, Overlay of traces recorded a increasing radial distance to emphasize magnitude of amplitude.
Lower right, Overlay of traces recorded a increasing radial distance normalized to maximum amplitude to
emphasize peak width.

9

sampled values deviate substantially from the background potential. Activity within cultures is
quantified by the frequency of spikes events, and in some applications the occurrence of synchronized
spiking events, or ‘bursts’ (Obien et al. 2014).
While MEAs are broadly used in the field of toxicology as well as the study of other neurological
diseases, to date there have been comparatively few studies that have employed MEAs for modeling
the e˙ects of AD pathology in vitro (Kuperstein et al. 2010; Varghese et al. 2010; Charkhkar et
al. 2015). Therefore, this requires the development of new experimental design and data analysis
workflows to better enable the use of MEAs in studying AD experimental models. By validating
the ability of MEAs to monitor changes in neural activity in AD experimental models, we will
determine if this technology could serve as a platform for answering basic questions such as: i the
extent to which Aβ exposure can influence the spontaneous firing of neurons, and ii how these
functional changes fall within the chronology (proceeding, coincide with, or lagging behind) other
AD associated pathologies such as the increase in tau phosphorylation, or loss of synaptic structures.
In addition, defining the potential and limitations for studying AD with MEA may promote their
use in translational applications such as the testing of investigational therapeutic agents for the
treatment of AD as well as other neurodegenerative conditions.
The following chapters will discuss: i assay development e˙orts to refine the use of MEAs as an in
vitro model of AD, ii the use of MEAs and human brain extract for assessing the e˙ect of Aβ on the
spontaneous firing of neurons, iii the use of unbiased proteomic profiling coupled with results from
MEA and imaging-based phenotypic assays to identify candidate proteins functionally associated
with AD pathology, and iv development and implementation of an unsupervised spike-sorting
method to allow for resolving electrophysiological activity detected by MEAs to the single cell level.

10

Chapter 2: Assessment of multi-electrode array experimental
methodology
Introduction
Multi-electrode arrays (MEAs) are instruments that provide a means of monitoring spontaneous
electrophysiological activity within in vitro neuronal cultures. By monitoring the voltage potentials
generated endogenously by firing neurons, these instruments do not require the fluorescent dyes or
exogenously expressed fluorescent proteins and microscopy apparatus required of calcium-imaging
techniques. Additionally, MEAs are able to record simultaneously across dozens to hundreds of
channels in a much less labor intensive manner than the single channel recordings possible with
conventional electrophysiological techniques such as patch-clamping or sharp-electrode recording,
albeit with a lower degree of spatial resolution. Moreover, MEA recordings are non-destructive to
the cultures allowing for repeated recordings to be performed over time for as long as the integrity
of the cultures can be maintained. For these reasons the use of MEAs is becoming more common in
neuroscience and biomedical research.
With the increased use of MEAs, methodologies for MEA experiments are still being developed
across the field. At this time there are no broadly accepted, standardized protocols for acquisition
and analysis for the data collected with these instruments. To date, the most comprehensive
methodological review of in vitro MEA techniques in the literature was performed by Novellino and
colleagues (2011). Novellino et al. surveyed six toxicology laboratories employing MEAs; comparing
methods of tissue culture, recording, signal processing and assay metrics across the di˙eren t research
groups. Additionally, the study had each laboratory test clinically used neuro-pharmacological
agents in their assays to assess the reproducibility of the results. Based on the parallel testing of
pharmacological agents, Novellino et al. found that Mean Firing Rate (MFR), defined as the ratio
of total spike events to recording duration in seconds, was the most consistent metric of activity,
and has been used by several other studies for reporting MEA activity (see Table 3).
Published in 2011, the Novellino et al. study assessed the use of single-well MEAs, single
chamber tissue culture vessels typically with approximately 60 recording electrodes. Since that time,
several multi-well MEAs systems have become commercially available such as the Axion Biosystems
Maestro (released mid-2011), Alpha Med Scientific MED64 Allegro (released 2015) and MED64
11

Table 2: Considerations for MEA experimental design
experimental conditions

analysis parameters

array surface preparation
culture media
age of cultures
recording duration
environmental control

spike detection/event filtering
assay metric
array exclusion criteria
treatment group assignment
statistical analysis

Presto (released 2018), and Multichannel Systems Multiwell MEA (released late-2000s). These
multi-well MEAs take the same form as 12, 48, or 96 well tissue culture plates, with a separate
array occupying a single well, and as such the term array or well may be used interchangeably
to refer to an isolated culture chamber being assayed amongst others in a multi-well plate. The
availability of multi-well MEAs has allowed for changes in experimental design and analysis, by
increasing the through-put of data acquisition. This allowed for more conditions to be tested in
parallel, and provides more experimental replicates for utilizing array-level activity metrics. This is a
distinction from some studies using the traditional single-well MEAs that reported on electrode-level
metrics (Kuperstein et al. 2010; Bateup, Johnson, et al. 2013), a questionable method since it is
unclear whether signal from detectors within the same culture should be considered independent
experimental replicates.
Given the increased use of MEAs since the time of the Novellino et al. review, and since our
study relies solely on the use of multi-well multi-electrode arrays, a review of MEA methodologies
in the reported literature was performed to gauge best practices for MEA based experiments. As
with all bio-assays, there are several facets to experimental design, and MEA-specific considerations
are detailed in Table 2.
While all the elements listed in Table 2 were addressed during this study, not all are discussed
here in detail. For others, such as recording duration and age of cultures, the reported metrics
ranged so substantially that these were thoroughly evaluated to determine appropriate conditions
for this study.
Through a review of reported methodology, empirical evaluation, and simulation analysis, assay
parameters for MEA experiments were established that were then applied to a pre-clinical model of
Alzheimer’s disease, discussed in subsequent chapters.
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Table 3: Comparison of MEA methodology
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reference

instrument format

culture model

surface preparation

culture media

age (DIV)

duration (min)

detection threshold

assay metric(s)

statistical analysis

Varghese et al. (2010)
Kuperstein et al. (2010)
McConnell et al. (2012)
Frega et al. (2012)
Bateup et al. (2013) a

single-well
single-well
multi-well
single-well
single-well

primary
primary
primary
primary
primary

DETA
laminin
PDL+laminin
PDL+laminin

NB
NB
NB
NB

12-16
8-10
12-22
21-28
-

45
33
20
2

5 SD
8 SD
9 µV

MFR
MFR
MFR, active channels
MFR, burst rate
MFR

t-test
t-test
Kruskal-Wallis
t-test, ANOVA

Biÿ et al. (2013)
Vincent et al. (2013)
Bateup et al. (2013) b
Wainger et al. (2014) a
Wainger et al. (2014) b

single-well
single-well
single-well
single-well
both

primary mouse
primary rat (E18)
primary mouse
reprogram-fibroblast neurons
hIPS-derived neurons

PLL
PEI
PDL+laminin
PDL+laminin
PDL+laminin

NB
DMEM/F12
-

4-35
12-19
>28
>24

10
20
2
-

5X baseline
3 SD
9 µV
10 µV
10 µV, 5.5 SD

MFR, active channels
MFR
MFR
MFR
MFR

Kruskal-Wallis
Wilcoxon
t-test, ANOVA
Mann-Whitney
Kruskal-Wallis, linear regression

Illes et al. (2014)
Weir et al. (2014)
Charkhkar et al. (2015)
Vertkin et al. (2015)
Bardy et al. (2015)

single-well
single-well
single-well
single-well
multi-well

primary mouse
primary mouse (P1)
primary mouse (E17)
primary mouse (P2)
hIPS-derived neurons

PDL+laminin
PDL+laminin
laminin

DMEM/F12
aCSF
DMEM
BP

>21
7-21
21
14-21
2-21

20
10

6.2 SD of baseline
7SD
5 SD
6 SD

MFR
MFR, burst rate, etc.
MFR
MFR
MFR

t-test,
t-test,
t-test,
t-test,
-

Slomowitz et al. (2015)
Liu et al. (2017)
Alshawaf et al. (2018)
Feng et al. (2018)
Garcia-Leon et al. (2018)

single-well
single-well
single-well
multi-well
multi-well

primary mouse (P2)
primary mouse
hESC-derived neurons
primary mouse (P1)
hIPS-derived neurons

PEI+laminin
PEI+laminin

NB
NB
DMEM/F12

15-22
12-56
7-28
70

60
15
5
30
5

4-5 SD
6 SD
5 SD
-

MFR
MFR
MFR, active channels
MFR, burst rate, etc.
MFR, burst rate, etc.

t-test
Kruskal-Wallis
t-test
t-test

5.5 SD
5 SD
5.25 SD
5.5-6 SD
5.5 SD
5.5 SD

MFR, active channels
MFR, burst rate, etc.
MFR
MFR
MFR
MFR

Mann-Whitney
Kruskal-Wallis
ANOVA
t-test, ANOVA
Mann-Whitney
t-test, ANOVA

rat (E18)
mouse
rat (P2)
rat (E18)
mouse

Black et al. (2018)
multi-well
primary adult mouse DRG
PEI+PDL+laminin DMEM/F12
3-21
30
Nehme et al. (2018)
multi-well
hIPS-derived neurons
NB
7-42
DeRosa et al. (2018)
multi-well
hIPS-derived neurons
PEI+laminin
NB
>30
10
Sarkar et al. (2018)
multi-well
hIPS-derived neurons
PO+laminin
DMEM/F12
>21
10
Russo et al. (2018)
multi-well
hIPS-derived neurons
PO+laminin
NB
>30
3
Blake et al. (2018)
single-well
primary adult mouse DRG
PEI+laminin
NB
7
Abbreviations
surface preparation: DETA - diethylenetriamine, PDL - poly-D-lysine, PLL - poly-L-lysine, PEI - polyethylenimine, PO - polyornithine
culture media: NB - neurobasal media, DMEM/F12 - Dulbecco’s modified eagle medium: nutrient mixture F-12, aCSF - artifical cerebral-spinal
Note - Vacancies in the table indicate instances were the reagent or technique used was not reported or unclear in the study methods

fluid, BP - BrainPhys media

ANOVA
ANOVA
ANOVA
ANOVA

Results
Calculation of mean firing rate
Following the recommended findings of Novellino and colleagues (2011), Mean Firing Rate (MFR)
was used as the primary metric of firing activity for this study. Spontaneously generated action
potentials (“spikes”) were detected whenever a voltage was recorded that exceeded a threshold set at
5.5 standard deviations (SD) above the root mean square of the background voltage calculated over
a 10ms moving window. This level of a crossing threshold is similar to many reports detailing MEA
recordings (see Table 3), although others have used crossing thresholds as low as 3SD (Vincent et al.
2013) or as high as 8SD(McConnell et al. 2012). The use of a dynamically calculated threshold value
as employed here while common, is not universal, as others have used static crossing thresholds
either o˙set from values of background potentials obtained at the initiation of recording(Biÿ et al.
2013; Illes et al. 2014), or simply set at an absolute value (Bateup, Denefrio, et al. 2013; Wainger,
Kiskinis, et al. 2014).
While any of these approaches are valid, here the dynamically calculated crossing threshold
was extended for use in a post-hoc analysis to eliminate spike calls arising from spurious electrical
noise. During recording, sporadic electrical noise can cause the background potential to increase
several fold, resulting in the erroneous determination of these events as spiking events. This can
occur while using a fixed or dynamically calculated threshold, since while the dynamic threshold
will eventually adjust there is latency in doing so. Further, due to the hundreds of channels being
recorded for tens of minutes or more, the probability of this occurring is increased, and manual
supervision impractical. To address this, the values of the crossing threshold at the time of the
spike detection for all instances within a recording were examined. Since the background potential
is expected to be random normal, all spikes for which the value of the crossing threshold at time of
detection exceeded 3SD of distribution across all crossing thresholds were excluded from analysis.
Following the removal of spike events detected at these aberrantly high crossing threshold, the
mean firing rate was calculated as described above integrating all spike events recorded across all
electrodes on an array during a recording session.

14

Firing frequency from neuronal arrays exhibits log-normal distribution
Examining a large number of arrays revealed a distinct pattern in the distribution of firing
frequencies across the population. Figure 4 shows the firing frequencies of untreated rat primary
cortical cultures from 1272 unique arrays across 35 plates and 22 separate experiments. Arrays
exhibiting low firing frequencies, MFR < 0.02Hz have been removed from this dataset. The
histogram in the upper left showing firing frequencies displayed on a linear scale of Hz, reveals that
the distribution is highly skewed. Most studies reporting on MEA experiments make no mention
of this highly skewed distribution in firing rates, with the noted exception of the report by Biÿ
and colleagues that discusses it specifically (2013). This observation may have gone unnoticed due
to studies being performed in single-well MEAs having insuÿcien t data for this distribution to be
apparent, however, a similar highly skewed distribution has been reported for firing frequencies at
individual recording electrodes within MEAs (Vincent et al. 2013). This distribution shape is not
surprising, given that any frequency based metric is lower bound at zero and the only upper limit is
the sampling rate at which the observations are being made.
A practical consequence of this pattern of behavior is that the observed distribution array firing
frequencies and a theoretical random normal distribution deviate substantially from each other,
as demonstrated in the quantile-quantile (QQ) plot in the upper right of Figure 4. Despite this,
many studies reporting on spontaneous firing activity of neuronal cultures recorded by MEAs use
common parametric statistical tests such as Student’s t-test and ANOVA, which assume a normally
distributed dependent variable. Other researchers have presumably observed the asymmetry in the
data sets of MEA recordings, and instead have used non-parametric tests such as Krustal-Willis
and Mann-Whitney U tests for reporting their results (see Table 3).
The distribution of array firing frequencies does form a symmetrical, approximately normal
distribution following transformation of the values by log10 , as shown in the lower panels of Figure
4. Other studies have used log10 transformation in the reporting of MEA data, including Wainger et
al. and Black et al. who did so to compare firing frequencies of individual electrodes (2014; 2018),
as well as Slomowitz et al. to compare the activity of individual neurons following spike sorting
(2015). Given the log-normal behavior of the observed frequencies, log10 Hz rather than Hz is used
through this report to describe the spontaneous firing activity of neuronal cultures.
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Figure 4: Distribution of mean firing rates observed in primary cortical cultures. Left, distribution
of firing frequencies (Hz) from 1272 arrays from multi-well MEAs on a linear (red) or log10-transformed
(blue) scale. Right, quartile-quartile plots comparing firing frequencies on a linear, log scale to a
random normal distribution (line).
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Duration of recording for achieving intra-array reproducibility
Given the broad range of firing activity observed across arrays, extending more than two orders
of magnitude, an important consideration for MEA based experiments is the duration of recording
to perform. While the inter-array variance is the accumulation of the implicit variability of the
biological system, and any variability introduced by the construction of the experimental system,
the goal is to minimize sampling error by identifying a duration of recording suÿcien t to accurately
capture the activity across the cultures. Most studies employing MEAs report using recordings on
the order of 10’s of minutes (see Table 3), though the duration can vary dramatically with some
studies performing recordings as short as 2 minutes (Bateup, Denefrio, et al. 2013) and others up
to an hour (Slomowitz et al. 2015).
In order to formally address this question of what is a suÿcien t duration of recording, the
correlation of firing frequencies was examined as a function of recording length in repeated recording
sessions. Extended 3-hour recordings were taken of mature cortical cultures performed on consecutive
days (DIV20, 21). From these data, the Pearson’s correlation (ρ) was calculated between the
distribution of mean firing rates of arrays on the first day verse the second day, for accumulating
1-minute intervals starting from the initiation of recording out to the entirety of the recording.
Figure 5 shows the change in correlation with increasing duration for the first 2-hours of recordings,
calculated from the repeated measurement of 96 MEAs across 4 culture preparations. Comparing
the first 30-minutes of recording across both days within each of the 4 experiments show a correlation
of ρ > 0.8, yet there are only modest increases in ρ seen comparing longer intervals. Fitting a
linear regression to the data shows that the the correlation between recordings is approximated by
the natural log of recording duration ρ ∝ ln(time). This suggests that substantially increasing
the length of recording beyond 30-minutes will only marginally improve the correlation, since
δ
δx ln(x)

= x1 . Based on these observations, 30-minute recordings were used as the standard recording

duration for this study to measure firing activity within MEAs .
Changes in spontaneous firing across arrays with culture maturity
From the published literature, studies performing MEA experiments using primary cultures of
rodent cortical neurons have a range of reported age of cultures: day in vitro (DIV), at the time
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Figure 5: Correlation of firing frequencies in repeated recording as a function of time. Pearson’s

Correlation ρ between firing frequencies of arrays on consecutive days (DIV 20, 21) as function of recording
time for 4 culture preparations. Line indicates fit of ρ ∝ ln(time). Insert: Distribution of array firing
frequencies log10 Hz for 30min during each recording.
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of analysis ranges from DIV7-35, although DIV14-28 is typical (see Table 3). Conversely, studies
that instead used neuronal cultures derived from stem cells have a range of culture ages di˙ering
to a greater degree, over 30 days (DeRosa et al. 2018; Russo et al. 2018), including up to DIV70
(García-León et al. 2018), however this heterogeneity is expected given the variety of di˙eren tiation
protocols used and increased interval until these cells become electrically active.
For our own studies, in order to assess how firing activity changed with maturation, 4 culture
preparations were recorded every 2-3 days between ages of DIV3-22. As shown in Figure 6, the
cultures are electrically active by the end of the first week, and that activity remains generally
consistent over the next two weeks. Of course, as described above, the range of activity observed
across the population of arrays is broad. Additionally, this depiction shows all arrays, including the
portion from which little electrical activity is observed. These are apparent in the lower portion
of the figure where the data appears striated, where di˙er ences in a single spike event are seen as
step-wise changes.
Given the level of consistency in activity beyond DIV14, for the purposes of this study the
cultures used for experiments were between DIV19-35, unless otherwise noted.
Assignment of treatment groups for MEA experiments
The variability observed across MEAs presents a challenge for the assignment of treatment
groups for experiments. The common practice for biological assays within multi-well plates is to use
the orientation of the wells in rows and columns to spatially assign treatment groups. However, this
practice can be problematic for multi-well MEAs where variability is large and non-uniform. This is
demonstrated for a typical multi-well MEA plate shown in Figure 7A. Relying on plate rows for the
designation of treatment groups can result in significant di˙erences in the firing activity between
cohorts even before the initiation of treatment, as shown in Figure 7B, where 8 treatment groups (n
= 12) were designated using the 8 rows of the 96well plate.
While plate-based variability does occur in conventional, colorimetric, fluorescence, or
luminescence-based plate assays; in these instances the cause is usually an external factor, such as
liquid handling or excess evaporation along exterior wells, and are typically uniform plate-to-plate.
Therefore, these can be addressed by changes to the assay protocol, or post-hoc application of
statistical regression techniques (Clemons, Tolliday, and Wagner 2009). However, unlike in many
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Figure 6: Changes in firing frequency with culture maturation. Firing frequencies of arrays observed

during repeated 30min recordings over a 3 week period (DIV 03 - DIV 22) across 4 culture preparations.
Each point represents an individual array per day. 384 replicate arrays, cultures: 1,3,4; 284 culture: 2. Line
indicates mean logHz per recording for each culture.
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bioassays data acquisition of MEAs is non-destructive to the cultures, so the varying levels of
activity between arrays can be assessed before initiation of experimental treatments.
The first step in remediation of this issue posed by variability across MEAs is to exclude those
arrays that exhibit substantially lower levels of firing activity than the population as a whole. These
wells are clearly distinguishable in the QQplot in the left panel of Figure 7C, as the tail that deviates
from the otherwise normally distributed population. In practice these low-activity wells are excluded
by setting a threshold at 2SD below the median value of firing frequency across all arrays in the
experiment. In this case, 7 arrays of 96 are excluded. Having excluded these arrays, the remainder
closely follow a normal distribution, shown in the QQplot on the right hand panel. Of course, having
eliminated these arrays, this now invalidates the approach of using plate rows or columns for the
assignment of treatment groups, since the number of available replicates in each group would di˙er.
While aligning treatment groups to the rows and columns is convenient, it imposes an unnecessary
constraint on the positioning of replicates within cohorts. For the original configuration of assigning
96 arrays to 8 treatment groups with 12 members each, there are 6.25 × 1014 potential combinations,
of which the option that aligns with the plate rows is only one. When the assay signal is uniform
across the plate, one combination of wells is e˙ectiv ely as good as another, so opting for the most
convenient makes the most sense. However, with the convenient option removed due to the exclusion
of inactive arrays and the non-uniform variability across the plate, there is reason to explore the
other options in order to achieve a comparable level of pre-treatment activity between groups.
With the inactive arrays removed, the goal is to find an alternative assignment using the 88
most active of the remaining 89 arrays to generate 8 treatment groups with 11 members each. To
do so, we have applied a bootstrapping simulation approach is applied where 104 possible treatment
assignments are generated, then a one-way ANOVA is applied to each iteration assessing firing
frequency (log10 Hz) as a function of group assignment. From these ANOVA results, the iteration
that results in the lowest F-statistic, which represents the smallest ratio of between group and
within group variance, is selected for the assignment of the treatment groups. The results of this
approach are shown in the Figure 7D & E, where the alternative assignment results have near
equal levels of activity across all 8 cohorts. Using the described method of removing inactive arrays
and determining the optimal assignment through simulation results in a 78.7% decrease in the
variance in firing frequency associated with treatment group assignment (T otalSSsim = 17.64 verse
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T otalSSrow = 82.6).
Additionally, this method can be extended to generate treatment groups with comparable activity
levels across multiple plates for large experiments, which exceed the capacity of a single plate. It
also can be used to generate treatment groups with comparable activity but uneven numbers of
replicates for instances where the experiment incorporates a finite resource, like primary patient
material, necessitating an unbalanced design, as will be discussed further in Chapter 3.
Adding it all up: Power to detect changes in neuronal firing using MEAs
Ultimately for a researcher seeking to model changes in spontaneous firing activity within
neuronal cultures using MEAs, one of the most practical considerations of experimental design
comes down to the decision of the number of replicates per condition. Having characterized the
distribution of firing frequencies observed across a large number of MEAs (Figure 4) and having
established the correlation of activity between repeated recordings (Figure 5), it is possible to use
these factors to estimate the statistical power of MEA experiments.
For demonstration purposes, a two condition (control, treatment), repeated measures (pre, post),
experiment is modeled. Again, a bootstrapping approach is applied to simulate experiments utilizing
sample sizes ranging from 3-16 replicates per condition, and scenarios in which the treatment
resulted in e˙ect sizes of a di˙erence in log10 Hz ranging from 0.1-2.0. The dataset used for the
simulation is generated from the firing frequencies of 1272 unique MEAs. The pre treatment time
point log10 Hzt0 , is taken from the existing data, while the post treatment time point log10 Hzt1
is randomly generated as to be related to log10 Hzt0 by a correlation coeÿcien t ρ=0.8, estimated
from repeated recordings of MEAs (Figure 5). The firing frequencies of experimental replicates are
pairs of log10 Hzt0 and log10 Hzt01 with values drawn from random arrays in the population. The
log10 Hzt01 values within the treatment condition are o˙set by the specified e˙ect size. In order to
estimate the di˙erence between control and treatment at the post time point, and an analysis of
covariance (ANCOVA) is performed assigning time as a co-variate and determining the e˙ect of
treatment. This method has been shown to provide higher power than other approaches, such as
percent of baseline or absolute change (Vickers 2001).
Applying the conventional standard of statistical power ≥ 80% for a robust assay, the results
of this simulation show that it is diÿcult to reliably detect changes below 0.7 ∆log10 Hz, about 5
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Figure 7: Assignment of treatment groups across multi-well MEAs. A Firing frequencies observed

across a single recording of a 96-well MEA. B Firing frequencies across 8 cohorts with 12 members (96
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(left), or following exclusion of wells > 2 S.D. below median (right). D Assignment for 8 cohorts with 11
members (88 total), with minimal between group variance determined by bootstrapping simulation. E Firing
frequencies within groups from alternative group assignment. Data presented as mean +/- SEM

23

spikes
sec ,

even with large numbers of replicates. Based on the results of addition simulations, detecting

changes on the order of 0.5 ∆log10 Hz would require treatment groups with >40 replicates, and a
change of 0.1 would require >600 replicates. In order to confidently detect changes of 1.0 ∆log10 Hz
(i.e. a 10-fold di˙erence in

spikes
sec ),

requires treatment groups with 8-9 replicates. Only with large

changes in in firing frequency of ∆log10 Hz 2.0 or greater (i.e. a 100-fold or more di˙erence in

spikes
sec )

would it be reasonable to use treatment groups as small as an n=3. To illustrate the magnitude
of these proposed e˙ec ts, repeated experiments with tetrodotoxin (TTX), showed that treating
cultures with 10nM induced decreases of -1.14 log10 Hz and with 100nM induced decreases of -2.24
log10 Hz. The reported IC50 of TTX-sensitive Nav channels in rats is 10nM or less (Catterall, Goldin,
and Waxman 2005). Therefore, this analysis suggests that in order to have suÿcien t power to
detect changes in spontaneous firing activity comparable to those elicited by treatment with TTX
at its IC50 concentration requires treatment groups with 8-9 arrays per condition. Of course, it is
important to emphasize that these power estimates are based on a simple two condition experiment,
so any experiment seeking to examine more conditions would need to allow for more replicates per
condition in order to provide suÿcien t power for multiple comparisons.
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Discussion
A methodological review was performed of published studies reporting on experiments utilizing
MEAs in order to assess standard practices within the field. Particular attention was paid to whether
the study employed single or multi-well recording systems, how spike detection was performed,
the duration of recordings, the age of cultures at time of experiments, and methods used for
assessing di˙erences in firing frequencies between experiment conditions. Due to the plurality
of methods reported, experimental conditions such as recording duration and culture age were
systematically evaluated to verify their applicability to the primary rat cortical cultures being
used in this study. Having generated recording data from a large population of over a thousand
MEAs, firing frequencies at the array level were examined, revealing a highly skewed and highly
variable distribution. It was shown that application of log-transformation should be used to
obtain approximately normal distributions of firing frequencies prior to statistical analysis, and
that implementation of a bootstrapping simulation can be used to accommodate for the broad
distribution of firing frequencies to generate treatment groups with comparable levels of activity.
Finally a series of simulated experiments were performed to determine the expected statistical power
for a two condition, repeated measure experiment across a range of sample and e˙ect sizes, based on
the observed distribution of firing frequencies of arrays and the empirically determined correlation
of firing in repeated recordings.
Having assessed several methodological aspects of MEA experiments, many of the commonly
reported methods appear adequate for estimating firing activity within in vitro neuronal cultures,
while other elements of MEA experimental design and analysis have either been under-reported in
the literature or investigators have employed techniques that may be inappropriate for the task.
Specifically, recording duration of 20-minutes or longer as reported by several studies (Kuperstein et
al. 2010; McConnell et al. 2012; Vincent et al. 2013; Slomowitz et al. 2015; Feng et al. 2018; Black
et al. 2018), appear suÿcien tly long to capture the activity in individual arrays with a high degree of
reproducibility (Figure 5). Similarly, the common practice of performing experiments with primary
cultures that have been aged 2-3 weeks is reasonable (see Table 3), since the primary rat cortical
cultures examined here showed a high degree of spontaneous firing by the end of the first week that
plateaued through these time frames (Figure 6). Conversely, the highly skewed distribution of firing
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frequencies across both individual electrodes and entire arrays has been largely omitted from reports
or accounted for in presentation of results, with a limited number of noted exceptions (Biÿ et al.
2013; Vincent et al. 2013; Wainger, Buttermore, et al. 2014; Slomowitz et al. 2015; Black et al.
2018). Despite this observation, several of the reviewed publications utilized parametric statistical
tests such as Student’s t-test and ANOVA for assessing di˙erences in firing frequency between MEAs
(see Table 3). This is concerning given that these tests assume a normally distributed dependent
variable, a condition that these data fail to meet when examined on a linear scale. Further, some
studies utilized these methods for analyzing longitudinal experiments (Feng et al. 2018; Sarkar et
al. 2018), which similarly violate the underlying assumptions of the common forms of these tests
which expect measurements to be independent and do not account for the anticipated correlation of
values between repeated measurements of the same subject. Rather, ANCOVA and other linear
regression based methods that handle time as covariate within the data would be more appropriate
(Singer and Willett 2003; Diggle et al. 2002), as was employed here for the simulation of treatment
or as was reported by Wainger et. al. (Wainger, Buttermore, et al. 2014).
Despite the increasing number of studies utilizing multi-well MEAs, none of the reports examined
described methods for accounting for the wide variability of firing frequencies when assigning
treatment groups. Given the ability to easily record MEAs repeatedly, implementation of a
simulation based assignment technique using baseline recording data such as described here seems
adequate for the purpose (Figure 7). While the use of complex treatment maps generated by
the process may seem impractical for the addition of experimental perturbations, it is certainly
feasible for experiments being performed manually, and is trivial for MEA recording systems that
are integrated with automated liquid-handlers as is the case with instruments such as the Maestro
Apex (Axion Biosystems, Hamilton Robotics).
Finally, using simulation methods incorporating data on the variability and reproducibility of
MEA recordings to calculate statistical power of experiments showed the magnitude of e˙ects that
can be detected with with confidence this system. Comparing these simulated results with empirical
data from treatment of cultures with the neurotoxin TTX shows that it is possible to detect changes
in firing frequency similar to those induced by treatment with TTX at its IC50 using treatment
groups containing 8-10 replicates. Conversely, detecting large changes in firing, such as those induced
by high doses of TTX (10X IC50 ), only requires a few replicates, while detecting more modest
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changes will require many more replicates. This is an important consideration for experimental
design in the the di˙eren t research areas in which MEAs are being used. For toxicology studies in
which the e˙ect sizes of pharmacological agents maybe larger, a few replicates per condition may
suÿce, compared to disease modeling studies assessing the functional e˙ects of genetic variants
where the e˙ect sizes are expected to be smaller. For these studies, much larger numbers of arrays
would be required to discern statistically significant di˙ere nces.
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Methods
Tissue Culture
Preparation of MEA plates 96-well multi-electrode plates (Axion Biosystems, Atlanta GA) were
prepared prior to the addition of cells by coating with poly-Ornithine (poly-O), laminin (both, Sigma
Aldrich, St. Louis MO), and Matrigel (Corning Life Sciences, Corning NY). Briefly, 1-day prior to
establishment of cultures, a solution of 20µg/mL poly-O : 5µg/mL laminin in 1X PBS was added to
the MEA plates in a volume of 60 µL per well, and incubated over-night at 37C. The day of culture
plating, the poly-O:laminin solution was aspirated and the plates were washed once with 1X PBS.
Matrigel was reconstituted 1:20 in ice-cold DMEM culture media (Gibco; ThermoFisher, Waltham
MA) without added serum or antibiotics and passed through a 40µm strainer (BD Falcon, Franklin
Lakes NJ). The Matrigel solution was added to the MEA plates in a volume of 60 µL per well, and
incubated for a minimum of 1hr at 37C.
Preparation of cortical cultures Primary cortical cultures were established from E18 Sprague
Dawley rats (Charles River Laboratories, Wilmington MA). Dams were sacrificed by CO2 euthanasia
under a protocol approved by IACUC of Brigham and Women’s Hospital (Boston, MA). Dissection
of complete cortex from pups was performed in ice-cold HBSS (Gibco) under a dissecting microscope
(Zeiss, Jena Germany). The dissected cortices were suspended in 0.25% trypsin-EDTA (Gibco) for
10min at 37C, the excess trypsin-EDTA solution was then aspirated. The tissue was then triturated
in Complete DMEM : DMEM culture media (Gibco) supplement with 5% fetal calf serum (Lonza,
Portsmouth NH) and 1X penicillin/streptomycin/L-glutamine (Gibco); with a 10mL serological
pipette before being passed through a 100µm strainer (BD Falcon). Counts of the cell suspension
were taken in triplicate, and the cell suspension was back diluted to 1.5 × 106 cells/mL in Complete
DMEM. The cell suspension was added to the MEA plates in a volume of 50µL for a plating
concentration of 7.5 × 104 cells/well or 2.4 × 105 cells/cm2 . Plates were then place in a tissue culture
incubator (37C, 95% humidity, 5% CO2 ) for 4hrs to allow for cells to attach to the culture surface.
After the 4hr incubation, 150µL of BrainPhys Media: 1X BrainPhys culture media containing SM-1
neuronal supplement (StemCell Technologies, Vancouver BC); was added to each well. The cultures
were maintained in a tissue culture incubator in BrainPhys Media, with semi-weekly half-volume
media changes.
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MEA recording
MEA recordings All MEA recordings were performed using a Maestro multi-well MEA recorder
(Axion Biosystems). During recordings, plates were kept on a heated stage maintained at 37C
and ventilated with a mixture of 5% CO2 :95% air (AirGas, Randor PA) at a rate of 1 cubic-foot
per hr. In order to prevent evaporation of liquid within wells by convection and condensation on
the underside of the plate lid, the MEA plate was covered with an air-activated oxidizing iron
heater (HotHands, Kobayashi, Dalton GA) placed on top of an aluminum plate cut to size, for even
dispersal of heat. Voltage potentials within wells were simultaneously recorded across 768 channels (8
electrodes per well, 96-well plate) at a sampling frequency of 12kHz using AxIS acquisition software
version 2.4 (Axion Biosystems). The raw voltage recordings were subjected to a Butterworth filter
of 200Hz - 2.5kHz, and neuronal firing events (spikes) were detected when the voltage exceeded a
“crossing threshold” set at 5.5 standard deviations away from the root mean squared (RMS) of the
background potential calculated over a 10 ms moving window. All recordings were performed for
30min unless otherwise specified.
MEA analysis
Raw voltage, timestamp, value of crossing threshold for each spike event were extracted from
the .spk files of MEA recordings produced AxIS acquisition software, using custom MatLab scripts
(MathWorks, Natick MA) using extractor functions provided with AxIS version 2.4. Following
extraction of the raw recording data, all analyses and simulations were performed using the R
statistical programming language (R Core Team 2017). All figures were generated using the R
ggplot2 and accompanying ggpubr libraries (Wickham 2016; Kassambara 2018).
Mean-firing rate calculation In order to remove spurious spike events arising from by ‘high-noise’
electrodes, an upper limit to the crossing threshold was established by examining the crossing
threshold (µV) for all spike events detected and calculated the value corresponding to 3SD greater
than the mean crossing threshold, all events detected at a crossing threshold greater than this upper
limit were excluded from the analysis. The mean firing rate (MFR, Hz) was calculated as the ratio
of the total number of spikes record, n, and the duration of recording in seconds, s, M F R = ns . The
log transform of the MFR was calculated as log10 ( n+1
s ), to account for instances of n = 0, the log of
which is undefined.
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Treatment group assignment A pool of active arrays from a mutli-well MEAs is established by
selecting those arrays that are no more than 2 SD below the median of the sample set. A panel of i
possible treatment assignments is generated by randomly assigning arrays to treatment groups g,
each with n members. For the purposes of this study, i = 104 . For each instance of i, a one-way
ANOVA was performed, assessing log10 Hz as a function of g. The instance of i resulting in the
lowest value of the F-statistic, was used as the treatment group assignment.
Tetrodotoxin treatment Tetrodotoxin (TTX, Sigma Aldrich) was reconstituted in sterile water,
and diluted to the specified concentration in BrainPhys culture media containing SM-1 neuronal
supplement (StemCell Technologies). 30 minute baseline recordings of mature (>DIV21) rat primary
cortical cultures were performed, and arrays were assigned to cohorts with comparable activity (6-8
replicates per group) using the technique described above. Cultures were treated with a titration of
TTX (0.001-1µM), and immediately recorded again for 30 minutes. The magnitude of e˙e ct of each
concentration of TTX was determined from the coeÿcien ts of a linear mix-e˙ect model aggregating
the data from three separate experiments, and estimating the e˙ect on firing frequency from the
fixed effects of dose and recording (pre/post), and treating experiment as a random effect, using the
lme function within the R nlme library (Pinheiro et al. 2018; Pinheiro and Bates 2000).
Power Calculation A dataset of 30 minute recordings of 1272 unique, untreated MEAs was taken
to represent spontaneous firing activity log10 Hz at time (t0 ), this was defined as vector A. The
correlation coeÿcien t between the firing frequencies of a population MEAs recorded at separate
times was estimated to be ρ=0.8, based on the repeated recordings of multiple culture preparations
at DIV20 and 21. To simulate the expected variance in firing frequencies between recordings, a
second vector B was calculated by the formula:
B = ρA + A⊥

q

1 − ρ2

Where A⊥ represents the residuals of a linear regression between A and and a sample of equal length
drawn from a random normal distribution. The resulting value of B was examined to confirm that:
~ B)
~ =ρ
cor(A,
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B is then taken to represent spontaneous firing activity log10 Hz at time (t1 ). For each simulated
experiment, control and treatment groups were generated by drawing the paired log10 Hzt0 and
log10 Hzt1 values for random arrays for sample sizes ranging 3-16. The log10 Hzt1 values within
the treatment group were o˙set by e˙ect sizes ranging from 0.1-2.0 log10 Hz. 5000 iterations were
preformed for each sample size:e˙ect size pairing, for a total of 1.4 × 106 total simulated treatments.
For each iteration, an ANCOVA was performed by fitting an ANOVA model to linear regression
for log10 Hz as a function of group (control/treatment) and time (pre/post) allowing for interaction
between the group and time variables. The coeÿcien ts for the model were compared using Tukey’s
test for honest significant di˙erence, and the p-value for the comparison of control verse treatment
at time t1 was extracted. The linear regression, fitting of the ANOVA, and Tukey’s test were
performed using the lm, aov, and TukeyHSD functions within the base R stats library. Power was
calculated as the proportion of iterations within each sample size:e˙ect size pairing for which the
di˙erence between control and treatment was calculated to have a p-value < 0.05. The simulation
was performed on the O2 high performance computing cluster (Research Computing Group, Harvard
Medical School, Boston MA).
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Chapter 3: Investigating the influence of patient-derived amyloid-β
on neuronal firing
Introduction
Alzheimer’s disease (AD) is the most common form of age-related dementia with an estimated
5.7M cases in the United States, and expected to grow to 13.8M in the U.S. and 50M worldwide
by 2050. The cost for caring for AD su˙erers is predicted to reach $277B per annum in 2018
(Alzheimer’s Association 2018). Unfortunately, progress on the development of therapies for AD has
been lagging, with the last FDA approval for an AD therapy, memantine, occurring in 2003. Of the
four approved therapies: donepezil, rivastigmine, and galantamine, and memantine, none target
the underlying disease mechanism, and in best cases only serve to delay the progress of symptoms
on the order of months. In the last 15 years, the development novel therapies for AD has been
marked by a number of disappointing failures in late-stage clinical trials due to lack of eÿc acy.
Between 2002-2012, of the 244 agents test in clinical trials registered with the NIH, only a single
therapy (memantine) ultimately received regulatory approval (Cummings, Morstorf, and Zhong
2014; Alzheimer’s Association 2018). These events have resulted in reconsideration of the design of
AD clinical trials with the assertion that patients may have been recruited to the trials too late into
disease progression for even an eÿcacious therapy to show benefit (Schaper 2018). While reassessing
trial design is critical, clinical trials are expense in terms of monetary cost, time, and human capital.
Therefore, it is imperative to improve the disease models used in the pre-clinical setting to identify
candidate therapies with the highest probability for success before promoting them to later stage
development.
Within the field of therapeutic discovery there is a movement toward increased use of representative phenotypic assays that: i use the most relevant cell type, ii employ a disease relevant
perturbation, iii and rely on an assay metric that is representative of the disease symptomology
(Vincent et al. 2015). Incorporating this paradigm in the context of AD would translate to a model
in which the behavior of neurons could be monitored while experiencing conditions of AD pathology.
In order to model AD pathology, the ‘amyloid hypothesis’ posits that overproduction of amyloidβ peptide (Aβ) and a shift in the ratio Aβ42 :Aβ40 toward the more hydrophobic Aβ42 , results in
the accumulation of soluble Aβ42 oligomers which impede synaptic function leading to eventual
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cell death (Hardy and Selkoe 2002; Haass and Selkoe 2007; Sheng, Sabatini, and Südhof 2012).
While these soluble oligomers are considered to be primarily responsible for pathogenic e˙ects of
Aβ, reports studying the mechanism of Aβ42 on neurons have utilized di˙eren t preparations of
aggregates comprised of synthetic peptide and recombinant protein (Walsh et al. 2002; Shankar et
al. 2007; Lacor et al. 2007; Rönicke et al. 2011; Li et al. 2011). However, tris-bu˙er saline (TBS)
soluble extract of AD brain is considered to contain the most representative form of Aβ as this
presumably comprises the endogenous disease causing species (Shankar et al. 2008; Jin et al. 2011;
Barry et al. 2011; Wang et al. 2017; Yang et al. 2017).
Post mortem examination of AD brain has found that synaptic density is the metric most closely
correlated with cognitive decline, even more so than amyloid plaque density (Terry et al. 1991;
Sche˙ and Price 2006; Sche˙ et al. 2015; Chen et al. 2018). Therefore, using an assay metric that
is closely related to synaptic density would represent a relevant disease-related phenotype. The
model should incorporate mixed cultures of neurons and glia given the myriad of roles glia have
in neuronal homeostasis and AD pathology including maintenance of synapses, Aβ catabolism,
and regulating immune response (Clarke and Barres 2013; Chung et al. 2015; De Strooper and
Karran 2016). Further, studies from oncology drug development have shown the importance of
testing candidate therapeutics in the presence of tissue relevant accessory cells in order to capture
non-cell-autonomous dynamics of response to or attenuation of treatment (McMillin, Negri, and
Mitsiades 2013).
Assessing the spontaneous firing of neurons cultured on multi-electrode arrays (MEAs) is
an assay platform that fulfills these requirements for an AD experimental model. Spontaneous
activity in neuronal networks has been shown to be correlated with synaptic density (Brewer et
al. 2009). Further, by virtue of being a label-free system relying on detection of endogenously
generated potentials, MEA-based experiments can be performed with dense, mixed cultures without
confounding signal from non-neuronal accessory cells. This is an important consideration since the
density of in vitro cultures has been show to influence synaptic density, complexity of dendritic
arbors, and electrical behaviors of neurons (Cullen et al. 2010; Ivenshitz and Segal 2010).
In order to characterize the behavior of neurons under conditions mimicking the AD brain, the
spontaneous firing of neurons was monitored within mixed cortical cultures by MEA recording
following treatment with TBS-soluble extracts from a panel of human brains as well as those from
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AD mouse models. Additional experiments were preformed to determine whether the presence of Aβ
within these extracts is necessary for eliciting the observed changes in firing activity, and whether
aggregated forms of proteins associated with AD pathology, Aβ42 and tau, are alone suÿcien t to
influence spontaneous firing. The results of these studies point to the varied responses seen when
testing primary patient samples, even amongst those with a common clinical diagnosis, and indicate
areas of consideration for further refinement of in vitro modeling of AD.
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Table 4: Human brain samples used in this study
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Gender

Clinical Dx

Pathology Dx

Aβ42 /Aβ40 -GuHCl

Aβ42 /Aβ40 +GuHCl

76
53
68
60
92

F
M
M
M
F

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

4.9 / ND
7.5 / 25.3
1.7 / 12.2
12.6 / 72.8
10.1 / 25.3

39.2
33.1
40.7
49.4
77.9

LP-NCI
LP-NCI
HP-NCI
HP-NCI
HP-NCI

78
79
76
77
92

F
F
F
M
M

mild CI
NA
NA
CI
NA

NA
NA
NA
mild AD
mild AD

14.5 / 72.8
2.6 / 40.6
447.9 / 273.3
58.0 / ND
154.2 / 140.2

HP-NCI
HP-NCI
AD
AD
AD

76
80
68
67
70

F
F
F
M
F

NA
NA
AD
AD
AD

mild AD
mild AD
AD
AD
AD

333.0
230.1
123.1
167.0
127.0

/
/
/
/
/

ID

Class

BWH02
BWH04
MGH1837
MGH1887
MGH2018

LP-NCI
LP-NCI
LP-NCI
LP-NCI
LP-NCI

MGH2038
MGH2068
BWH01
BWH03
MGH1846
MGH1965
ROSMAP21408940
ALB01
MGH1892
MGH2031

Age

65.4
202.3
83.83
606.3
57.7

MGH2037
AD
73 F
AD
AD
120.9 / 325.8
MGH2039
AD
74 M
AD, FTD
AD, FTD
324.9 / 17632.7
ROSMAP20207437 AD
87 F
AD
AD
176.1 / 114.8
ROSMAP20254452 AD
87 F
AD
AD
126.1 / 411.2
Abbreviations
LP-NCI - Low Pathology Non-Cognitively Impaired, HP-NCI - High Pathology Non-Cognitively
FTD - Frontotemporal Dementia, CI - Cognitive Impairment, NA - Not Applicable
GuHCl - Guanidine Hydrochloride, ND - Not Detected
Note Aβ concentration: pg/mL

N exper.

n arrays

3
2
6
4
2

30
12
62
50
19

49.4 / ND
33.1 / ND
1964.1 / 748.0
915.5 / ND
2439.0 / ND

3
2
3
3
3

37
19
28
29
34

621.8 / ND
2233.5 / 516.8
5333.8 / 298.6
5987.0 / 2841.5
6996.8 / ND

3
1
9
2
3

34
9
98
20
28

2416.1
3343.8
3337.3
5100.0

3
3
1
1

34
37
9
9

/
/
/
/
/

ND
ND
ND
ND
ND

/
/
/
/

717.9
28040.1
ND
1307.7

Impaired, AD - Alzheimer’s Disease

Results
Effect of human brain extract on spontaneous firing
In order to test the e˙ects of patient derived Aβ species on the spontaneous firing of cultured
neurons, primary rat cortical cultures were treated with human brain extract. TBS-soluble brain
extracts containing 1mg/mL of brain derived protein were prepared from tissue samples of an
una˙ected, non-cognitively impaired individual MGH1887 and an AD diagnosed individual ALB01.
These extracts were used to treat mature primary rat cortical cultures grown on MEAs. While
similar AD patient derived brain extracts have been shown to inhibit LTP within rodent brain
organotypic slice cultures within minutes to hours (Shankar et al. 2008; Li et al. 2011; Yang et al.
2017), the maximal e˙ect on spontaneous firing induced from the AD brain extract emerged over 4
days (Figure 9A). As expected given the reported role of Aβ in disrupting synaptic transmission
and synaptic structures, after 4 days treatment with extract from the AD diagnosed individual, we
observed significantly decreased spontaneous firing by approximately an order of magnitude (-0.993
∆log10 Hz, p = 2.07 × 10−5 ) compared to the una˙ected individual, MGH1887 (Figure 9B).
Following the removal of the brain extract treatment, there was a partial recovery in spontaneous
firing within the AD-extract treated cultures, peaking 2-days following the exchange of extract
containing media with fresh, untreated culture media (Figure 9A). While the firing activity within
the AD extract treated culture 2-days following the washout of the treatment was still significantly
diminished compared to the activity within those cultures previously treated with brain extract from
the una˙ected individual (0.646 ∆log10 Hz,p = 0.0158), the extent of recovery within the AD extract
treated cultures was itself significant (0.648 ∆log10 Hz, p = 0.0152). This recovery in spontaneous
firing activity is consistent with previous reports that synaptic structures within cultured neurons
are able to regenerate following exposure to recombinant Aβ species (Shankar et al. 2007). Further,
examination of the cultures after 4-days of treatment by immunocytochemistry showed that the
integrity of cells within AD extract treatment condition was largely intact (Figure 9D).
Subsequent experiments showed that the potency of the e˙ects on spontaneous firing induced by
the AD brain extract extended over a fairly narrow range, as shown by the titration in Figure 9C.
This was determined by treating cultures with brain extract that had been further diluted in culture
media using a half-log (1:3) dilution series. Within a 10-fold dilution of the AD brain extract, the
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di˙erence in firing between the AD extract treated cultures, and those treated with the extract from
the una˙ected individual was completely attenuated (Figure 9C).
Diversity of effect across individuals
In order to understand whether these results were representative of AD and una˙ected patient
populations as whole, these experiments were extended to test a panel of human brain extracts from
19 individuals (see Table 4). The individuals within this panel were designated to one of three classes
defines by pathology and diagnosis. Low-pathology, non-cognitively impaired (LP-NCI): those
una˙ected individuals who were not clinically diagnosed with AD nor exhibited AD pathology during
post mortem examination. High-pathology, non-cognitively impaired (HP-NCI): individuals who did
not receive a clinical diagnosis of cognitive impairment, but were found to exhibit AD-associated
pathology post mortem and/or expressed high levels of Aβ in their brain tissue. Lastly, AD patients:
individuals who exhibited cognitive impairment while alive, receiving a clinical diagnosis of AD,
which was subsequently confirmed by pathological examination post mortem. This panel consisted
of 7 LP-NCI, 5 HP-NCI, and 7 AD individuals.
As shown in Table 4, examination the TBS-soluble extracts prepared from these individuals
shows that the concentration of aqueous soluble Aβ42 is in the range of 102 pg/mL. These values are
similar to the CSF concentrations of Aβ42 observed within a similarly aged population (Morris et
al. 2010). Additionally, the aqueous insoluble Aβ42 concentration, especially amongst the HP-NCI
and AD individuals, falls within the low ng/mL range, as determined by treating extracts with
the denaturing agent guanine hydrochloride (GuHCl). This also mirrors the concentration of Aβ42
found within the tissue of symptomatic AD individuals processed using a denaturing extraction
protocol (Näslund et al. 2000).
The primary samples within this panel were acquired periodically over a period of nearly two
years, and the amount of tissue obtained from each individual ranged from a few grams to an entire
hemisphere of the brain. The consequence of this is that it was not possible to test all subjects in
all experiments in a head-to-head fashion, or test all individuals the same number of times given
the disparities in the material available. The result is highly unbalanced study with the di˙eren t
individuals represented by di˙ering numbers of replicates in di˙ering numbers of experiments. To
date, the brain extracts from the 19 individuals have been tested across 22 experiments.
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Figure 9: Effect of human brain extract on spontaneous firing of cultured cortical neurons. A
Time course of firing activity within rat cortical cultures prior to, during, and following treatment with human
brain extract. Each dot represents a single multi-electrode array during each recording. Solid line tracks the
mean firing frequency per condition at each recording, dashed lines indicate ± SE. B Comparison of firing
frequencies across treatment conditions prior to, 4-days post-treatment, and 2-days following washout. Bars
represent mean ± SE. Significant di˙erences between conditions indicated by brackets, * p < 0.05, ** p <
0.01, *** p < 0.001 C Titration of AD brain extract (ALB01, red) compared to an LP-NCI brain extract
(MGH1887, blue) at 4-days post-treatment. D Images of rat cortical cultures stained for neuronal markers
MAPT and NeuN following 4-day treatment with vehicle (media alone) or AD brain extract (ALB01).
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In order to make inferences about the e˙ect of each extract brain extract on spontaneous firing,
a linear mixed e˙ect model (Pinheiro and Bates 2000) was constructed comprising of the data
from all experiments to estimate the firing frequencies observed in the treated cultures as function
of individual extract and time. As shown in Figure 10A, there are significant di˙erences in the
firing frequencies between cultures treated with extracts from di˙eren t individuals, both acutely
after 1-day post-treatment and 4-day post-treatment. Interestingly, despite the brain extracts
representing 3 distinct patient populations, the degree of response is fairly continuous across the
panel of individuals. In fact when the model was refit to predict the e˙ect of extract diagnosis and
treatment time on firing frequencies, with individual extract handled as random e˙ects, it was found
that there is no di˙erence in the amount of spontaneous firing within cultures treated with brain
extracts from di˙eren t diagnosis classes (Figure 10B). This finding contradicts the expected result
that AD and HP-NCI brain extracts would preferentially cause a decrease in spontaneous firing due
to the elevated levels of Aβ42 within these samples.
Magnitude of recovery following removal of brain extract treatment
In order to assess the robustness of the recovery of spontaneous firing following the removal
of the human brain extract treatment, the firing frequencies were compared between the 4-day
post-treatment and 2-day washout recordings from treatments with 10 individuals, each tested across
multiple culture preparations (2-6 experiments per individual). As shown in Figure 11, while all
cultures show some degree of restoration in firing activity, the extent of recovery is only significant in
a few cases. However, amongst those instances in which there is significantly higher firing following
washout of treatment, are cultures treated with brain extract from AD patient ALB01, the sample in
which this behavior was originally observed (Figure 9B). While tempting to interpret this recovery
in firing activity, particularly in the case of ALB01, as evidence of regenerative capacity within these
neuronal cultures following exposure to a milieu mimicking the AD brain, it is important to note
that the amount of firing activity during the washout period never fully matches that observed prior
to treatment. However, intervening earlier in the culture time may have resulted in full recovery of
firing.
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pairwise comparisons indicating significant di˙eren ces (p < 0.05) in firing frequencies within cultures treated
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4-days following treatment with human brain extract. Bars represent mean ± SE as predicted by linear-mixed
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individual. No significant di˙erenc es were found between groups at any time point.
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Figure 11: Recovery of spontaneous firing following removal of human brain extract treatment.
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Interrogating the influence of amyloid-β on spontaneous firing
To estimate the extent that changes in spontaneous firing could be attributed to Aβ mediated
activity, the estimated decrease in firing activity within treated cultures for each individual obtained
from the mixed e˙ect model of all experiments (Figure 10A) was compared to the concentration
of soluble (-GuHCl) and insoluble (+GuHCl) Aβ42 detected within each extract (Table 4). While
soluble Aβ42 species are believed to be predominately responsible for the neurodegenerative e˙ects
associated with amyloid pathology (Selkoe and Hardy 2016), the concentration of soluble Aβ42
within an extract is a poor predictor of its e˙ect on spontaneous firing within these primary cultures
(Figure 12). A linear regression model of these data indicates that the concentration of soluble Aβ42
does not account for a significant amount of the observed variance in spontaneous firing activity
(p = 0.113, R2 = 0.141). Adding the concentration of insoluble Aβ42 to the model still does not
significantly account for the observations of firing activity across the extracts (p = 0.162), and only
accounts for another 6.2% of the total variance (R2 = 0.203).
Since the brain extracts being evaluated are complex mixtures of proteins, in order to directly
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test the hypothesis that Aβ within the brain extracts was influencing the firing phenotype within
these cultures, extracts depleted of Aβ were tested in the MEA assay. Two AD brain extracts,
ALB01 and MGH1892, and an HP-NCI extract, MGH1965, which showed both high concentrations
of Aβ and strong inhibition of spontaneous firing, were immuno-depleted of Aβ using the α-Aβ
polyclonal antibody S97 (provided by Dr. Dominic Walsh). As shown in Figure 13, after 4-days of
treatment with complete extract, mock depleted, or the Aβ depleted extract; removal of Aβ failed to
rescue the e˙ects of the brain extract on spontaneous firing within the cultures. The concentration
of Aβ within the immuno-depleted extracts was examined by ELISA to confirm that Aβ had been
e˙ectiv ely removed (Figure 13B). The experiment was repeated using the AD brain extract ALB01
and an alternative α-Aβ monoclonal antibody (IC22, provided by Dr. Dominic Walsh) to perform
the immunodepletion, but this too failed to achieve significant rescue of the firing phenotype (not
shown).
All of the primary brain extracts tested were obtained from post mortem tissue. For those
individuals exhibiting AD pathology, the amyloid deposition had likely been present for years if
not decades prior, since amyloid pathology is known to proceed the onset of memory impairment
(Jack et al. 2013). While the immunodepletion experiments were unable to confirm that Aβ
species themselves are solely responsible for influencing the ability for neurons to fire, an alternative
hypothesis was considered that amyloid pathology may contribute to a protein microenvironment
that is detrimental to spontaneous neuronal activity. In order to test this, brain extracts from an
AD mouse model and isogenic wildtype control animals were evaluated for their ability to influence
spontaneous firing of cortical cultures. Since the only di˙erence between the brain extracts of the
two genotypes is the presence of the mutant human APP transgene, any di˙erence the firing activity
elicited between the two should be directly attributable to human APP, the precursor of Aβ.
The AD mouse model hAPP-J20 over-expresses a single copy of the human amyloid-precursorprotein gene (APP) harboring two mutations, KM670/671NL and V717F, both of which are
associated with familial forms of AD identified in a Swedish and Indiana pedigree respectively
(Mullan et al. 1992; Murrell et al. 1991). The Swedish mutation elevates cleavage of APP by BACE
(increasing Aβ generation), and the Indiana mutation increases the Aβ42:40 ratio (Mullan et al.
1992; Murrell et al. 2000). Thus, the brains of these mice have been shown to contain elevated
human Aβ42 , and exhibit amyloid plaques as well as decreased synaptic density by 6-months of age
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(Mucke et al. 2000). TBS-soluble brain extracts were prepared from 6-month-old hAPP-J20 and
wildtype littermates. In order to assess di˙erences in these extracts to influence spontaneous firing,
these extracts were used to treat primary mouse cortical cultures with a 2-fold titration with a
maximum dose of 3.5mg/mL of brain extract protein. As shown in Figure 14A, at the 0.5 dilution
(1.75mg/mL of protein), the hAPP-J20 extract significantly inhibits firing activity compared to
the wildtype extract (∆log10 Hz = 2.14, p = 7.04 × 10−10 ). However, like human brain extract, the
range of this e˙ect is narrow, as the di˙erence between the wt and hAPP-J20 extracts is negated
following a further 2-fold dilution.
In order to confirm this finding, the experiment was repeated using brain extracts from an
alternative AD mouse model. The NL-F mouse is similar to the hAPP-J20 mouse, in that it too
expresses a human APP transgene harboring two mutations associated with familial forms of AD
and known to promote the production of Aβ42 , KM670/671NL (Swedish), and I716F found in an
Iberian pedigree (Guerreiro et al. 2010; Saito et al. 2014). Yet, unlike the hAPP-J20 mouse in
which the APP transgene is over expressed under the control of a PDGF-β promoter, the NL-F
mouse model utilizes a knock-in approach where the mutant APP is expressed under the endogenous
promoter resulting in expression at typical cellular levels, providing greater confidence that the
e˙ects observed between the extracts of AD and wild type mice are due to the presence of Aβ and
not an artifact of APP over-expression. TBS-soluble brain extracts were prepared from 6-month-old
homozygous and heterozygous NL-F animals and wildtype littermates, which used to treat primary
mouse cortical cultures with a 2-fold titration with a maximum dose of 3.5mg/mL of brain extract
protein. Despite diluting the brain extracts to the same protein concentration used in the previous
titration, the wildtype brain extracts showed a 4-fold higher potency for inhibiting spontaneous
firing, largely attenuating activity out to the 0.25 dilution (0.875 mg/mL of protein). However, more
importantly at the subsequent dilution (0.125, 0.437 mg/mL) in which firing activity is observed
in all treatment groups, there is no decrease in activity amongst the cultures treated with NL-F
extracts than those treated with wildtype brain extract (Figure 14B).
Lastly, to test whether proteins associated with AD pathology are suÿcien t to induce changes
in firing activity within this assay, cultures were treated with recombinant forms of Aβ42 and tau.
Treatment with synthetic Aβ42 has previously been reported to inhibit spontaneous firing within
primary neuron cultures as assessed by MEA recordings (Kuperstein et al. 2010; Varghese et al.
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2010; Charkhkar et al. 2015). The recombinant Aβ42 tested here had been aggregated to the half
maximal Thioflavin T positive state, a form that has been shown to inhibit LTP in vivo at high
pM concentrations (O’Malley et al. 2014). However, despite treatment with supra-physiological
concentration of Aβ42 , up to and including the 1µM dose reported by Kuperstein and colleagues
(2010), no appreciable decrease in firing was observed in cultures after 4-days of treatment (Figure
15A).
Hyper-phosphorylated aggregates of the microtubule associated protein tau make up the neurofibrillary tangles which are a well characterized intra-cellular pathology associated with AD
(reviewed in Querfurth and LaFerla 2010; Morris et al. 2011). In recent years, studies have found
aggregation-competent tau in neuronal-derived extracellular vesicles (Guix et al. 2018). Further,
studies have found that tau aggregates added extracellularly can enter cells, and promote seeding of
tau aggregation within the recipient cell (Frost, Jacks, and Diamond 2009; Sanders et al. 2014).
Thus extracellular to intracellular migration of tau is hypothesized to be a mechanism by which
tauopathies propagate throughout the brain (Frost and Diamond 2010). Exogenously added recombinant aggregated tau species have previously been shown to inhibit LTP in organotypic slice cultures
and in vivo (Fá et al. 2016; Ondrejcak et al. 2018), as well as induce the degradation of neurites in
cultured neurons (Corbett et al. in preparation). To test whether tau aggregates are capable of
inducing changes in spontaneous firing, cultures were treated with a titration of recombinant soluble
tau aggregates, and compared with a control treatment of recombinant monomeric tau. However,
despite these other finding, no changes in spontaneous firings were observed in recordings taken over
three hours immediately following treatment (not shown) or out to 4-days post treatment (Figure
15B).
The complete lack of activity resulting from both the recombinant Aβ and tau species is
surprising as the same preparation of these materials has been shown to inhibit LTP (O’Malley et
al. 2014; Ondrejcak et al. 2018).
Determining whether effects on spontaneous firing arise from proteinaceous species in
brain extracts
Having been unable to demonstrate that Aβ species within the brain extracts are necessary for
the observed e˙ects on firing activity (Figure 13), or that treatment with recombinant aggregates of
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Aβ42 and tau are suÿcien t to inhibit spontaneous firing (Figure 15), this leaves the possibility that
the e˙ect following treatment with the brain extracts is being mediated by some other molecular
species. While the brain extracts were dialyzed over 104 fold during processing in order to dilute
out bioactive small molecules within the tissue prior to treatment of cultures; there remains the
chance that residual pharmacological agents, metabolites, or neurotransmitters could be responsible
to the inhibition of firing. In order to determine whether the e˙ect was likely due to proteinaceous
species within the extracts, cultures were treated with brain extracts (2 AD, 2 HP-NCI) in either
their native form or following denaturation by boiling at 100C for 5-minutes. As shown in Figure
16, after a 4-day treatment activity remained higher in the cultures treated with boiled extract
compared to those treated with the native extract. In three of the four extracts tested, the di˙erence
in firing activity was significant (ALB01: ∆log10 Hz = 1.04, p = 1.67 × 10−6 ; MGH1892: ∆log10 Hz
= 0.804, p = 0.0364; MGH1965: ∆log10 Hz = 0.807, p = 0.0122), while in the fourth there was
greater activity in the boiled condition although the di˙erence did not reach the level of significance
(MGH1846: ∆log10 Hz = 0.63, p = 0.127). From this result it is not possible to definitively conclude
that protein specie(s) within the brain extracts were responsible for the inhibition of firing activity
observed. However, it does indicate that the active species is heat labile.
In order to further refine what species within the brain extracts may be contributing to the
decrease in spontaneous firing, cultures were treated with extracts that had been sequentially
fractionated by molecular weight. As part of the standard preparation, the dialyzed extract
was passed over a 3kD centrifugation filter with the retentate being retained and resuspended
in culture media. For the alternative preparation, extracts were sequentially passed through
100kD, 30kD, and 3kD filters, with the retenate from each instance retained and resuspended.
The alternative preparation resulted in three fractions: 3-30kD, 30-100kD, and >100kD, while the
standard preparation resulted in a single whole fraction of all material >3kD.
As shown in Figure 17A, after a 4-day treatment activity remained higher in the cultures treated
with 3-30kD and 30-100kD fractions compared to those treated with either the whole or >100kD
fractions. In two of the three extracts tested, the di˙erence in firing activity between the whole
and 3-30kD, and 30-100kD fractions was significant (ALB01: 3-30kD:whole ∆log10 Hz = 1.46, p
= 1.66 × 10−10 , 30-100kD:whole ∆log10 Hz = 0.991, p = 3.04 × 10−5 ; MGH1846: 3-30kD:whole
∆log10 Hz = 1.06, p = 0.00369, 30-100kD:whole ∆log10 Hz = 0.993, p = 0.00783), while in the third
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there was greater activity in the 3-30kD and 30-100kD fraction treated conditions, although the
di˙erence did not reach the level of significance (MGH1965: 3-30kD:whole ∆log10 Hz = 0.76, p =
0.0992, 30-100kD:whole ∆log10 Hz = 0.81, p = 0.064).
Examining the protein context of the fractions showed that the largest proportion of protein
remained within the >100kD fraction (Figure 17B). While the protein concentration of the whole
and >100kD fractions within the ALB01 and MGH1965 preparations greatly exceed 1mg/mL, these
were back diluted to 1mg/mL prior to treatment of cultures as was standard of all extract treatments.
Further assessing the make up of the proteins within each fraction by SDS-PAGE showed that the
fractionation was e˙ectiv e at excluding peptides exceeding the cuto˙ (i.e. species >100kD from
the 30-100kD fraction, and >30kD from the 3-30kD fraction), species captured within the larger
molecular weight fractions are likely made up of complexes comprised of constituent proteins of
small molecular weights, as seen by the broad array of peptides sizes retained within the >100kD
fraction (Figure 17C, lane 5). So while the >100kD fraction appears to contain the causal agent(s)
for inhibiting firing activity, it can not be concluded that the agent(s) themselves are large >100kD
proteins, since this fraction contained the full spectrum of proteins within the brain extracts.
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Discussion
In order to assess how the microenvironment of the AD brain may influence the spontaneous
activity of neurons, primary rat cortical cultures were grown on multi-electrode arrays and treated
with a panel of TBS-soluble human brain extracts from 19 individuals. This panel consisted of 7
LP-NCI extracts, individuals who were not diagnosed with cognitive impairment while alive nor
exhibited AD pathology upon post mortem examination; 5 HP-NCI extracts, individuals who were
not cognitively impaired, yet were found to have AD pathology upon post mortem examination
and/or elevated levels of Aβ within their brain tissue; and 7 AD extracts, individuals who were
clinically diagnosed with AD and confirmed by pathological assessment post mortem.
From a preponderance of the data it is diÿcult to conclude that the e˙ec ts on firing activity
within the treated cultures were the consequence of AD pathology within the brain extracts, or
mediated by the presence of Aβ specifically. While comparison across individual extracts showed
significantly di˙eren t e˙ects on spontaneous firing activity (Figure 10A), the diagnosis of the
individuals was not predictive of e˙ects of the extracts in the assay (Figure 10B). While TBS soluble
extracts from AD brain are considered to represent the most disease-relevant form of non-fibrillar
Aβ and repeatedly have been shown to inhibit LTP in vitro and in vivo in an Aβ-dependent fashion
(Shankar et al. 2008; Barry et al. 2011; Freir et al. 2011; Wang et al. 2017), amongst the extracts
examined here, the concentration of Aβ was not well correlated with the extent of inhibition of
spontaneous firing in cultures on MEAs (Figure 12), nor did immunodepletion of Aβ from the brain
extracts rescue the e˙e cts on firing activity (Figure 13). Treatment with brain extracts from a the
J20 hAPP mouse model did exhibit higher potency in inhibiting spontaneous firing compared to
paired extract from wildtype animals, suggesting that the presence of Aβ pathology could contribute
to a decrease in firing activity (Figure 14A). However, this finding could not be confirmed using
brain extracts from an alternative AD animal model, the NL-F mouse, which does not rely on a
highly over-expressed APP transgene (Figure 14B).
Further, treatment with aggregated forms of recombinant AD associated proteins Aβ42 and
tau were insuÿcien t to cause a decrease in spontaneous firing (Figure 15). This was somewhat
surprising given that the same forms Aβ42 and tau have been reported to inhibit LTP in rodents
in vivo (O’Malley et al. 2014; Ondrejcak et al. 2018). However, LTP assays and this MEA assay
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are measuring di˙eren t electrophysiological characteristics on a di˙ere nt time scale. Perhaps more
surprising was the lack of concordance between these results and those studies that used MEAs:
treatment with synthetic Aβ42 previously has been shown to decrease the spontaneous firing of
primary neurons cultured on MEAs (Kuperstein et al. 2010; Varghese et al. 2010; Charkhkar et al.
2015). Possible explanations for the inconsistency between the reports of Aβ42 -mediated inhibition
in MEA based assays and the results in this study could be due to di˙erences in the form of Aβ42
used (synthetic peptide versus a recombinant protein), or due to the culture conditions under which
the experiments were performed. While Charkhkar and colleagues used mixed cortical cultures
similar to those used here, Kuperstein et al. and Varghese et al. used cultures of hippocampal
neurons. Additionally, while use of mitotic inhibitors is common in assays involving primary cultures
to suppress proliferation of glia (Rönicke et al. 2011; Vincent et al. 2013; Black et al. 2018), no
mitotic inhibitors were used in these cultures. Charkhkar et al maintained cultures under serum-free
conditions in order to minimize the expansion of glia, while the methods reported Kuperstein et al.
and Varghese et al. did not specify whether mitotic inhibitors or other means were employed to
suppress the proliferation of glia within the primary cultures used in those studies. Since synthetic
Aβ has been shown to be degraded by microglia and astrocytes in culture (Sha˙er et al. 1995;
Basak et al. 2012; Jones et al. 2013), the presence of glia in these cultures may have mitigated the
e˙ects of the exogenously added protein aggregates through catabolism. However, excluding glia
from a functional experimental model of neuronal behavior in AD seems counter intuitive given that
glia have been shown to promote the density and strength of synapses in in vitro cultures (Faissner
et al. 2010; Allen 2013), and a growing recognition that glia - neuron signaling maybe a critical
dynamic in the maintenance of synapses in the context of cognitive impairment (Chung et al. 2015).
In addition to whether or not glia were maintained in the cultures, the cultures used in these other
studies were much sparser than those used here. Kuperstein and colleagues used cultures less than
half as dense, 105 cell/cm2 verse 2.4 × 105 cell/cm2 (this study), Charkhkar et al. and Varghese et
al. by nearly an order of magnitude less dense (3.5 × 104 cell/cm2 and 2 × 104 cell/cm2 respectively).
While the highest concentration of recombinant Aβ used here (1µM) compared with that used by
Kuperstein and colleagues, the reports by Charkhkar et al. and Varghese et al. reported e˙ect
of Aβ oligomers at 5µM and higher. For comparison, the concentrations of Aβ detected in the
human brain extracts after treatment with a denaturing agent (GuHCl) were in the low pM range,
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indicating these concentrations of recombinant Aβ are super-physiological by several orders of
magnitude. These other studies also used no more than half the number of replicates used in the
experiments here and did not report accounting for the skewed distribution of firing frequencies
(Kuperstein et al. 2010; Varghese et al. 2010; Charkhkar et al. 2015).
A review of the literature found no other studies which tested the activity of TBS-soluble brain
extracts in an MEA-based spontaneous firing assay, so there is no prior art with which to compare
the experimental results generated here. Nevertheless, if MEAs are to serve a role in preclinical
modeling of AD and other neurodegenerative disease, incongruities between the observations of
neuronal activity made using these instruments and other experimental modalities such as LTP
recordings, patch clamping, and calcium imaging in response to similar perturbations will need
to be rectified. A recent study by Ondrejcak and colleagues found that while treatment with
soluble tau aggregates inhibited LTP in vivo the same treatment had no e˙ect on the generation of
spontaneous action potentials, suggesting that these tau species influence spontaneous and evoked
potentials di˙eren tly. The same study also reported instances where inhibition of LTP by AD
TBS-soluble brain extracts could not be rescued by immunodepletion of Aβ, indicating that the
eletrophysiological phenotypes elicited by these extracts may not always be Aβ-mediated (2018).
While monitoring the spontaneous firing of neurons cultured on MEAs following treatment with
material obtained from patient brains still seems like a rational approach for modeling AD in an
in vitro context, further development is required to determine whether this system can serve as a
fair approximation of certain in vivo activities. This includes better understanding the variability
observed across extracts obtained from di˙eren t individuals, and whether or not the assay activity
is a reflection of the physiological state from which the brain extract is derived. Experiments
demonstrating that denaturing the brain extracts by boiling rescues the e˙ects on spontaneous firing
(Figure 16), and that the inhibition of firing activity is primarily mediated by higher molecular
weight complexes (Figure 17). This provides some, albeit oblique, clues to identifying the causal
factor(s) influencing firing activity. While these findings are suggestive that the causal agent may
be proteinaceous, additional experiments would be required to draw this conclusion. Following in
the vein of Prusiner’s landmark studies demonstrating the proteinaceous nature of prion particles
(1982), these experiments could include demonstrating that the e˙ect on the firing phenotype are
prevented by pretreating extracts with a proteinase, such as proteinase K. Or further, by showing
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that the e˙ects of the extracts are insensitive to treatment with nucleases, UV radiation, or dication
catalyzed hydrolysis. Further characterization of these soluble brain extracts may provide more
insight to the species, proteinaceous or not, that are responsible for inhibition of activity. These
species may in turn represent novel candidates that are involved in the propagation of AD pathology,
or could simply be confounding contaminants whose elimination should be addressed in refining the
protocols for preparation of human brain material for in vitro and in vivo experiments.
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Methods
Tissue Culture
Preparation of 96 well MEA plates and primary rat cortical cultures was performed as previously
described (Chapter 2 Methods). Primary mouse cortical cultures were established from E18 C57BL/6
(Charles River Laboratories, Wilmington MA) using the same protocol and plating densities as was
used for the primary rat cortical cultures. Both rat and mouse cortical cultures were maintained in
BrainPhys culture media containing SM-1 neuronal supplement (StemCell Technologies, Vancouver
BC), with semi-weekly half-volume media changes.
Brain Extract Preparation
Human brain material was obtained from the neuropathology core facility at Massachusetts
General Hospital (Boston MA) and generously provided by Dr. Cindy Lemere of Brigham and
Women’s Hospital (Boston MA), Dr. David Bennett of Rush University Medical Center (Chicago
IL). Tris-bu˙ered saline (TBS) brain extracts were prepared using the method described by Shankar
et al. (2008). Briefly, the tissue was dissected to isolate the gray matter, which is homogenized
in TBS-bu˙er (ice-cold TBS consisting of 20 mM Tris-HCl, 150 mM NaCl, pH 7.4) at a ratio
of 1:4 tissue weight to bu˙er volume within a Dounce homogenizer. This suspension was then
subject to ultra-centrifugation at 1.75 × 105 g in a TL100 centrifuge (Beckman Coulter, Brea CA)
to pellet cellular debris. The the supernatant was place in a 2kD dialysis cassette (Slide-A-Lyzer,
ThermoFisher, Waltham MA) and dialyzed 1:104 volume:volume in artificial cerebrospinal fluid
(aCSF: 124mM NaCl, 2.5mM KCl, 2.0mM MgSO4 , 1.25mM KH2 PO4 , 26mM NaHCO3 , 10mM
glucose, 4mM sucrose, 2.5mM CaCl2 ). Following dialysis, the TBS brain extracts were aliquoted
and stored at -80C. Prior to treatment of cultures, the TBS brain extracts were ‘bu˙er-exc hanged’
into culture media by placing extract in a 3kD centrifugation filter (Amicon Ultra, EMD Millipore,
Burlington MA) and performing a 90 minute centrifugation at 3000g in a RC-5C centrifuge (Sorvall,
ThermoFisher). For the generation of fractionated extracts, samples were processed sequentially
through 100kD, 30kD, and 3kD centrifugation filters. Following centrifugation, the retentate
was reconstituted to 1X volume in BrainPhys Media with SM-1 neuronal supplement (StemCell
Technologies, Vancouver BC). The protein concentration within the reconstituted extracts was
determined by performing a Bicinchoninic acid (BCA) assay (ThermoFisher) on an 8-step, 2-fold
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dilution series of reconstituted extract and media in order to determine the proportion of protein
contributed by the brain extract. The reconstituted extract was then back diluted in BrainPhys
media to a concentration of 1mg/mL brain extract protein and used for treatment of primary
cultures.
The preparation of mouse brain extracts was performed in a similar manner, with the following
exceptions. C57BL/6 mice harboring a wildtype, J20-hAPP, or APPN LF genotype were housed in
an vivarium under a protocol approved by the IACUC of Brigham and Women’s Hospital. Animals
were aged 6-9 months prior to extracting brain tissue for experiments. Following euthanasia, the
cortex was dissected and homogenized in TBS-bu˙er as described above, without further dissection
of gray matter from white matter. Due to the smaller volumes of extract no centrifugation-based
bu˙er exchange was performed, rather the dialysis was performed sequentially, 1:1000 volume:volume
in aCSF followed by 1:10 in BrainPhys media for a final dialysis volume of 1:104 , after which SM-1
neuronal supplement was added to the dialyzed extract. A BCA assay was performed to quantify
the protein concentration, and extracts were back diluted in culture media to a concentration of
3.5mg/mL of brain extract protein, the maximum concentration used for titration of mouse brain
extracts in MEA experiments.
Amyloid-β Immunodepletion
Brain extracts reconstituted in culture media were incubated with 4.4 µg/mL of S97, an αAβ
rabbit poly-clonal antibody under agitation for a minimum of 1 hour at 4C. For mock depletion,
extracts were incubated with 4.4 µg/mL of a non-specific rabbit poly-clonal IgG (EMD Millipore).
The 4.4 µg/mL of S97 used was determined to be triple the concentration required to completely
deplete culture media of 100pg/mL of recombinant Aβ42 under similar conditions. Following the 1
hour incubation, a 1:1 mixture of Protein A and Protein G coated agarose beads (Roche, Basel
Switzerland) was added a ratio of 25µL/mL and further incubated overnight with agitation at 4C.
The antibody bead complexes were removed from suspension by centrifugaton for 1 minute at 1000g,
and the media supernant was collected and used for treatment of cultures.
Recombinant Proteins
Recombinant Aβ42 and tau species were generously provided by the laboratory of Dr. Dominic
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Walsh. The recombinant Aβ42 and tau species received were generated and purified from E.coli
expressing either the Aβ1−42 coding sequence or full length tau441. The Aβ42 as aggregated to
the half maximal Thioflavin T positive state (Walsh et al. 2009; O’Malley et al. 2014), while the
recombinant tau was either maintained as monomers or converted to soluble aggregates by allowing
it to aggregate into fibrils then dissociated by sonication (Ondrejcak et al. 2018). The Aβ42 and
tau species were diluted to the specified concentrations in BrainPhys media with SM-1 neuronal
supplement and added to cultures as 1X solutions by a complete media change.
MEA Treatment and Recordings
MEA recordings and analysis were performed as previously described in Chapter 2. Briefly,
prior to treatment with prepared brain extract or recombinant proteins, a 30 minute baseline
recording was performed and arrays were assigned to treatment cohorts with comparable firing
frequencies based on mean-firing-rate, using a bootstrapping simulation technique. All treatments
were prepared at 1X concentrations in BrainPhys culture media and added to MEAs by a complete
media change. Daily 30 minute recordings were preformed for the duration of the experiment. For
‘washout’ experiments, immediately following the final treatment recording (day-4 for brain extract
experiments) the treated media was aspirated and replace with fresh culture media, recording
recommenced the following day.
Amyloid-β ELISA
Quantification of Aβ within the dialyzed human brain extracts was performed using a multiplex
ELISA for Aβ38 , Aβ40 , and Aβ42 (V-Plex Plus Aβ Panel, Mesoscale Discovery, Rockville MD).
The Aβ detected within the native extract was designated as Soluble Aβ. In order to quantify the
additional, aggregated Aβ, extracts were treated with 6M guanidine hydrochloride (GuHCl) to
denature the proteins in the mixture prior to performing the ELISA. Native extract samples were
diluted 1:10, and GuHCl treated extracts were diluted 1:35, prior to being added to the ELISA
plate. Aβ38 levels were below the detectable range of the assay for most samples and thus were not
reported.
Immunocytochemistry
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Rat primary cortical cultures were established in black-walled, glass bottom 96-well plates (µClear,
Griener Bio-One, Monroe NC) with the same cell density and culture conditions as described for
MEA experiments. Following a 4-day treatment with extract from AD patient, ALB01, or vehicle
(media alone), the cultures were washed with ice cold 1X PBS and fixed with 4% paraformaldehyde
in 1X PBS. Following fixation, the cell were permeablized with 1% Triton X-100 in donkey serum
(Jackson Immunoresearch, West Grove PA). The cells were probed with primary antibodies for
MAPT(1:200, A0024, Dako, Santa Clara CA), GFAP(1:1000, ab4674, Abcam, Cambridge UK)
and NeuN (1:1000, MAB377, Millipore), followed by α-chick Cy2, α-rabbit Cy3, and α-mouse Cy5
secondary antibodies (Jackson Immunoresearch) and 1µg/mL DAPI (ThermoFisher). Images were
acquired at 40X using an LSM710 confocal microscope (Zeiss, Jena Germany).
Statistical Analysis
Spontaneous firing frequencies of cultures were assessed using the array mean-firing-rate during
each 30 minute recording. For comparing the e˙ects of treatment conditions within single experiments
(e.g. extract immuno-depletion, boiling, fractionation), an ANCOVA was performed by fitting a
linear regression for log10 Hz as a function of treatment group and time allowing for interaction
between the group and time variables, and treating time as the covariate. For comparing the e˙ects
of treatments across several experiments (e.g. individual extract or diagnosis), a linear mixed e˙ect
(LME) model was fit to the data. For the model estimating the e˙ect of diagnosis, diagnosis and
time were treated as fixed e˙ects and individual, experiment, and array as nested random e˙ects.
For the model estimating the e˙ect of individual exact, individual and time were treated as fixed
e˙ects, and experiment and array were treated as nested random e˙ects. In both cases, interaction
between the fixed e˙ects (diagnosis/individual and time) was modeled, since the di˙eren t diagnoses
or individuals would be expected to have di˙ering e˙ects over time. Significance between the model
coeÿcien ts from the ANCOVA and LME models was determined using a general linear hypothesis
test. To estimate the e˙ect of soluble and insoluble Aβ42 on firing frequency, a multivariant linear
regression model was fit. The linear regressions were fit using the lm function within the base R
stats library, while the LME were fit using the lme function within the nlme library (R Core Team
2017; Pinheiro et al. 2018; Pinheiro and Bates 2000). The general linear hypothesis tests were
performed using the glht function within the multcomp library after generating a contrast matrix
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for the comparisons of interest, multiple comparison were accounted for using the default single-step
multivariant t comparison test (Hothorn, Bretz, and Westfall 2008). All figures were generated
using the R ggplot2 and accompanying ggpubr libraries (Wickham 2016; Kassambara 2018).
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Chapter 4: Identification of candidate proteins influencing
AD relevant phenotypes through unbiased proteomics
Introduction
This study was predicated on the hypothesis that human brain extract from individuals with
Alzheimer’s disease (AD) amyloid-pathology would reduce spontaneous firing in cultured neurons
resulting from the presence of soluble, synaptotoxic Aβ species. In Chapter 3 a series of experiments
were presented in which soluble brain extracts from a panel of individuals were used to treat primary
rodent cortical cultures in a multi-electrode array based spontaneous firing assay. The individuals
comprising this panel represented 3 diagnosis classes; Low-pathology, not cognitively impaired
(LP-NCI): those una˙ected individuals who were not clinically diagnosed with AD nor exhibited AD
pathology during post mortem examination. High-pathology, not cognitively impaired (HP-NCI):
individuals who did not receive a clinical diagnosis of cognitive impairment, but were found to
exhibit AD-associated pathology post mortem and/or expressed high levels of Aβ in their brain
tissue. Lastly, AD patients: individuals who exhibited cognitive impaired, receiving a clinical
diagnosis of AD, which was subsequently confirmed by pathological examination post mortem. The
results of these experiments showed that while treatment with these extracts elicited varied e˙ects
on spontaneous firing in the treated cultures, the induced changes could not be directly attributed
to Aβ. However, additional experimentation suggested that the e˙ects of the brain extracts may be
mediated by a proteinaceous species.
In order to identify candidate proteins that may be influencing the spontaneous firing phenotype,
proteomic profiling was performed on these extracts to evaluate their constituents in an unbiased
fashion. To improve the power of this analysis brain extracts from a second cohort of LP-NCI,
HP-NCI, and AD individuals were included in the examination. The extracts from this second cohort
were used to treat human iPS-derived neurons in a separate assay measuring changes in neurite
structures. Examining this larger group allows for a more thorough assessment of the the protein
landscape across individuals exhibiting di˙ering levels of AD pathology and cognitive impairment.
Additionally, pairing the proteomic profiles with the changes measured in these phenotypic assays
may reveal proteins influencing structural and functional changes in neurons ultimately contributing
to AD symptomology.
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Results and Discussion
For this study a panel of brain extracts from 43 individuals was examined. These extracts
included: 15 AD, 14 HP-NCI, and 14 LP-NCI. In order to assess the profile of proteins expressed
in each individuals, samples of all 43 extracts were examined by unlabeled proteomic analysis.
To correlate the influence of these extracts on structural and functional neuronal phenotypes,
each extract was tested in either an imaging-based morphological neurite integrity assay and/or a
MEA-based spontaneous firing assay. Details of each individual and the assay(s) each extract was
evaluated in are detailed in Table 5.
In vitro profiling of brain extracts on structural and functional neuronal phenotypes
The loss of synapse and disruptions to neuronal structural integrity have long been established
as the best correlates to the clinical manifestations of AD, more highly correlated with cognitive
decline than amyloid burden (Terry et al. 1991; Sheng, Sabatini, and Südhof 2012). It has recently
been shown that is possible to monitor changes to neuronal structures in a dynamic fashion in
vitro in response to exposure to aqueous-soluble brain extracts using a live-cell, morphological
neurite integrity assay (Jin et al. 2018). Using the same experimental procedure as reported by
Jin and colleagues, neurite integrity in cultured human iPS-derived neurons was monitored at 2
hour intervals for 78 hours following treatment with aqueous-soluble human brain extracts from
27 individuals (Figure 18). A regression model was fit to the time-series data in order to obtain
an estimate of the proportion of neurite integrity in cultures after 72 hours of exposure to each
brain extract. As shown in Figure 18B, there is a fairly continuous response to the brain extract
treatment, with some extracts having negligible e˙ect, while others cause a near complete atrophy of
neurites, yet with no clear stratification of groups. Examining the e˙ects on neurites in the context
of diagnosis shows that while extracts from AD and HP-NCI individuals tended to induce a greater
decrease in neuritic integrity than those of extracts of LP-NCI individuals, the di˙erences are not
significant (LP-NCI : AD p = 0.112; LP-NCI : HP-NCI p = 0.0515), suggesting that diagnosis
classification of the individual is not a perfect predictor of whether the extract will a˙ect neurites
(Figure 18C).
The generation of action-potentials in neuronal cultures can be assessed using a multi-electrode
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Table 5: Human brain samples used in this study
ID

Class

Gender

Clinical Dx

Pathology Dx

Aβ42 /Aβ40 -GuHCl

Aβ42 /Aβ40 +GuHCl

in vitro Assay

BWH02
BWH04
MGH1837
MGH1887
MGH2018

LP-NCI
LP-NCI
LP-NCI
LP-NCI
LP-NCI

76
53
68
60
92

F
M
M
M
F

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

4.9 / ND
7.5 / 25.3
1.7 / 12.2
12.6 / 72.8
10.1 / 25.3

39.2
33.1
40.7
49.4
77.9

MEA
MEA
MEA
MEA
MEA

MGH2038
MGH2068
ROSMAP10260309
ROSMAP11190734
ROSMAP11389397

LP-NCI
LP-NCI
LP-NCI
LP-NCI
LP-NCI

78
79
88
76
82

F
F
M
M
M

mild CI
NA
NA
NA
NA

NA
NA
NA
NA
NA

14.5 / 72.8
2.6 / 40.6
2.1 / ND
113.7 / 310.9
10.2 / 128

49.4 / ND
33.1 / ND
ND / ND
10.2 / ND
107.8 / ND

MEA
MEA
NI
NI
NI

ROSMAP15138884
ROSMAP20956867
ROSMAP21274866
ROSMAP21412626
BWH01

LP-NCI
LP-NCI
LP-NCI
LP-NCI
HP-NCI

85
79
75
91
76

M
F
F
F
F

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

3.1 / 22.3
3.6 / 18
8.9 / ND
6.1 / 17.4
447.9 / 273.3

ND / 415.5
122.8 / 1357.6
107.8 / ND
ND / ND
1964.1 / 748.0

NI
NI
NI
NI
MEA

BWH03
MGH1846
MGH1965
ROSMAP10394182
ROSMAP20153984

HP-NCI
HP-NCI
HP-NCI
HP-NCI
HP-NCI

77
92
76
86
78

M
M
F
M
F

CI
NA
NA
NA
NA

mild
mild
mild
mild
mild

AD
AD
AD
AD
AD

58.0 / ND
154.2 / 140.2
333.0 / 65.4
514.9 / 432.2
249.9 / ND

915.5 / ND
2439.0 / ND
621.8 / ND
12102.8 / 3077.6
5877 / ND

MEA
MEA
MEA
NI
NI

ROSMAP20187204
ROSMAP20254588
ROSMAP20779834
ROSMAP21101658
ROSMAP21151608

HP-NCI
HP-NCI
HP-NCI
HP-NCI
HP-NCI

88
86
82
83
85

F
F
F
F
F

NA
NA
NA
NA
NA

mild
mild
mild
mild
mild

AD
AD
AD
AD
AD

63.4 / 129
246.1 / 91.7
232.4 / 409.1
254.8 / 41.4
227.3 / 685.4

13471.9 / 1677
8559.6 / 1821.4
6203.7 / ND
7892 / ND
20939.7 / ND

NI
NI
NI
NI
NI

ROSMAP21404450
ROSMAP21408940
ROSMAP21408940
ROSMAP21411323
ALB01

HP-NCI
HP-NCI
HP-NCI
HP-NCI
AD

89
80
80
87
68

F
F
F
F
F

NA
NA
NA
NA
AD

mild
mild
mild
mild
AD

AD
AD
AD
AD

ND /
230.1
227.1
225.3
123.1

ND
/ 202.3
/ 250.2
/ 269.4
/ 83.83

9445.2
2233.5
3754.5
8699.9
5333.8

NI
MEA / NI
MEA / NI
NI
MEA / NI

MGH1168
MGH1892
MGH2031
MGH2037
MGH2039

AD
AD
AD
AD
AD

89
67
70
73
74

F
M
F
F
M

AD
AD
AD
AD
AD, FTD

AD
AD
AD
AD
AD, FTD

ND /
167.0
127.0
120.9
324.9

ND
/ 606.3
/ 57.7
/ 325.8
/ 17632.7

ND / ND
5987.0 / 2841.5
6996.8 / ND
2416.1 / 717.9
3343.8 / 28040.1

NA
MEA
MEA
MEA
MEA

ROSMAP10222853
ROSMAP10235948
ROSMAP11336574
ROSMAP20139562
ROSMAP20207437

AD
AD
AD
AD
AD

85
81
89
87
87

M
M
M
F
F

AD
AD
AD
AD
AD

AD
AD
AD
AD
AD

126.3
132.5
359 /
165.3
176.1

/ 345.4
/ ND
14978.1
/ 2974.3
/ 114.8

4722.2 / ND
12576.6 / 639.9
20966.8 / 44974.3
2168.6 / 6331.7
3337.3 / ND

NI
NI
NI
NI
MEA / NI

ROSMAP20254452
ROSMAP20371236
ROSMAP20561642
ROSMAP20898476

AD
AD
AD
AD

87
90
91
98

F
F
F
F

AD
AD
AD
AD

AD
AD
AD
AD

126.1
199.5
436.9
165.5

/
/
/
/

5100.0 / 1307.7
12259.1 / 2294
1128.2 / ND
19833.4 / 818.3

MEA / NI
NI
NI
NI

Age

411.2
831.8
1545.7
478.7

Abbreviations

LP-NCI - Low Pathology Non-Cognitively Impaired
HP-NCI - High Pathology Non-Cognitively Impaired, AD - Alzheimer’s Disease
FTD - Frontotemporal Dementia, CI - Cognitive Impairment, NA - Not Applicable
GuHCl - Guanidine Hydrochloride, ND - Not Detected
MEA - Multi-Electrode Array, NI - Neurite Integrity
Note Aβ concentration: pg/mL
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/
/
/
/
/

ND
ND
ND
ND
ND

/
/
/
/
/

ND
516.8
2130.7
ND
298.6

array (MEA) based spontaneous firing assay (discussed in Chapter 2). As described in Chapter 3,
MEA recordings were used to assess the e˙ect of aqueous-soluble brain extract from 19 individuals
on spontaneous firing of primary rat neurons in dense, mixed-cortical cultures. To obtain a single
metric for comparing e˙ects in the MEA assay with those from the neurite integrity assay, the
change in the rate of spontaneous firing between time 0 (untreated) and 96 hours post-treatment
was calculated for each extract, expressed as ∆log10 Hz. Similar to the e˙ects observed in the neurite
integrity assay, the changes in spontaneous firing induced by these extracts occur across a continuous
range (Figure 18D). Additionally, examining e˙ects on spontaneous firing in the context of diagnosis
shows that while extracts from AD and HP-NCI individuals tended to induce a greater decrease
in firing activity than those of extracts of LP-NCI individuals, the di˙erences are not significant
(LP-NCI : AD p = 0.185; LP-NCI : HP-NCI p = 0.138) (Figure 18E). Again as with neurite integrity,
suggesting that the diagnosis class does not account for all the variability seen in this phenotype.
Proteomic profiling of soluble brain extracts
The protein content in these brain extracts was examined by unbiased proteomic analysis
consisting of liquid chromatography/tandem mass-spectroscopy (LS/MS-MS) followed by label-free
quantification (LFQ) (Cox et al. 2014; Seyfried et al. 2017).
The samples of brain extracts were processed in two separate LS/MS-MS runs. Of these 43
individuals examined, samples of 20 individuals were analyzed exclusively in the first round, 16
were analyzed exclusively in the second round, and 7 were analyzed in both rounds. In order to
account for non-biological variability introduced by sample preparation and instrument detection,
the LFQ values were normalized using variance stabilization normalization (VSN) as recommended
by Valikangas and colleagues (Huber et al. 2002; Välikangas, Suomi, and Elo 2018), common to
most methods of normalization for proteomic data this results in normalized LFQ values that have
been log2 transformed in order to accord for the highly skewed distributions of raw LFQ values.
Any residual e˙ects of the separate analysis rounds were accounted for by calculating and removing
the e˙ect of run on each protein using linear regression.
A known short-coming of label-free proteomic analysis is the occurrence of failed or missed
quantification of proteins, in particular amongst those proteins with lower expression (Karpievitch,
Dabney, and Smith 2012; Seyfried et al. 2017). Instances in which the quantification of a given
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Figure 18:

Influence of human brain extracts on structural, functional neuronal phenotypes in vitro. A Neurite
integrity in human iPS-derived neurons expressed as percent of baseline, examined at 2hr intervals over 78hr treatment with
human brain. Color lines represent replicate wells (n = 6, media alone: n = 36), black line represents estimate from regression
model fit. Estimated neurite integrity following 72hr treatment by individual extract (B), and by diagnosis class (C). Estimated
change in spontaneous neuronal firing from baseline expressed as ∆ log10Hz following 96hr treatment with human brain by
individual extract (D), and by diagnosis class (E). Each point corresponds to an individual extract, bars represent mean ± SE.
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protein was missed in an excessive number of samples presents a challenge when attempting to make
inferences about the e˙ect of that protein on a particular phenotype. Therefore, any protein in
which quantification was missed in 5 or more samples was excluded for the purposes of this analysis.
This translates to a requirement that a given protein needed to be quantified in 39 of 43 individuals
(90.6%), a threshold similar to that employed by Seyfried and colleagues for analyzing a similar
cohort of AD-related human brain extracts (2017). Additionally, a set of highly expressed ribosomal
proteins unlikely to be related to the phenotypes of interest and common contaminates that arise
from sample processing were removed. After the application of these inclusion criteria, the data set
contained 1841 proteins for further analysis.
Top-down assessment of protein expression profiles in human brain extracts
In order to assess the relationship of all 43 individuals based on the complete profile of protein
expression, agglomerative hierarchical clustering was performed based on the correlation of expression
across the 1841 proteins detected.
Examining the dendrogram depicting the results of the hierarchical clustering shows as uniformly
diverging arbor (Figure 19A). While there is no definitely correct method for determining where to
‘cut’ hierarchically clustered elements to form discrete groupings, one method is to evaluate the step
sizes within the hierarchy and segment clusters arising from large steps. Hierarchical clustering of n
elements will always result in n − 1 steps. Large steps within the hierarchy are indicative of greater
dissimilarity between the branches arising from that node. Employing that strategy here results in
the formation of two large clusters: cluster 1 containing 20 members, and cluster 2 containing 23
members.
Assessing the diagnosis class of the members of each cluster shows that there are far fewer AD
and HP-NCI individuals in cluster 1 (10 LP-NCI, 5 AD, 5 HP-NCI ) than in cluster 2 ( 4 LP-NCI,
10 AD, 9 HP-NCI). Although the disparity of diagnosis classes between the two clusters does not
reach statistical significance (χ2 = 5.2, d.f. = 2 p = 0.0744).
To understand what accounts for the di˙erence between the two groups of individuals suggested
by the hierarchical clustering, di˙eren tial expression analysis was performed to determine what
proteins exhibited divergent levels of expression across the two clusters of extracts. The di˙e rential
expression analysis was performed comparing the normalized, log2 transformed LFQ values for
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Table 6: Gene Ontology terms significantly enriched amongst proteins di˙eretially expressed
between brain extact clusters
GO ID

Description

GO:0000338
GO:0032435

GO:0097711

protein deneddylation
negative regulation of proteasomal ubiquitin-dependent protein
catabolic process
transcription-coupled nucleotide-excision repair
antigen processing and presentation of exogenous peptide antigen
via MHC class II
ciliary basal body-plasma membrane docking

GO:0051131
GO:0051973
GO:0000715
GO:0047496
GO:0010389

chaperone-mediated protein complex assembly
positive regulation of telomerase activity
nucleotide-excision repair, DNA damage recognition
vesicle transport along microtubule
regulation of G2/M transition of mitotic cell cycle

GO:0008637
GO:0007032
GO:0016574
GO:0032402
GO:0071539

n Members

n Diff. Expressed

n Expected

p-value

8
7

7
6

1.43
1.25

3.7e-05
0.00018

18
38

10
15

3.22
6.79

0.00032
0.00124

24

11

4.29

0.00134

9
12
16
10
68

6
7
8
6
20

1.61
2.15
2.86
1.79
12.16

0.00159
0.00187
0.00319
0.00338
0.00400

apoptotic mitochondrial changes
endosome organization
histone ubiquitination
melanosome transport
protein localization to centrosome

34
15
5
5
5

14
6
4
4
4

6.08
2.68
0.89
0.89
0.89

0.00402
0.00425
0.00427
0.00427
0.00427

GO:0045956
GO:0090148
GO:0051702
GO:0016050
GO:0032388

positive regulation of calcium ion-dependent exocytosis
membrane fission
interaction with symbiont
vesicle organization
positive regulation of intracellular transport

5
5
12
72
66

4
4
5
24
18

0.89
0.89
2.15
12.87
11.80

0.00427
0.00427
0.00560
0.00561
0.00610

GO:0008033
GO:0032502

tRNA processing
developmental process

14
724

6
118

2.50
129.45

0.00612
0.00689

GO:0006283
GO:0019886

each protein across clusters using one-way ANOVA. This analysis revealed that 323 of the 1841
proteins examined (17.5%) are di˙eren tially expressed (adjusted p < 0.05) between the brain extracts
within clusters 1 and 2, after accounting for the multiple comparisons performed (Figure 19B). For
comparison of fold-change in expression between the two groups, those proteins exhibiting higher
expression in cluster 1 and lower expression in cluster 2 were designated as negative fold-change,
while those exhibiting lower expression in cluster 1 and higher expression in cluster 2 were designated
as positive fold-change.
In order to explore what common biological processes might be shared amongst this comparatively
large number of di˙eren tially expressed proteins, Gene Ontology (GO) enrichment analysis was
performed using these 323 proteins as the query set. Of the 323 proteins, 317 could be associated
with GO terms, and of the 3586 GO terms examined, the proteins within this query set were
significantly enriched amongst 22 terms (Table 6). Amongst the significantly enriched GO terms,
several can be broadly related to functions of: regulation of apoptosis, protein homeostasis, and
vesicle processing. The constituent, di˙eren tially expressed proteins mapping to several of these GO
terms are shown in Table 7.
Of di˙eren tially expressed proteins related to regulation of apoptosis, several isoforms of 14-3-3
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Figure 19: Profile of protein expression across human brain extracts. A Agglomerative hierarchical clustering
based on correlation of expression of 1841 proteins across 43 individuals. Dashed line indicates segmentation of
dendrogram at largest step size. Insert Color-bar indicating diagnosis class of each individual extract. Table indicating
instances of each diagnosis class present in the resulting clusters following segmentation of the dendrogram. B
Differential expression of 1841 proteins between the two clusters of brain extracts. Each point corresponds to an
individual protein. Fold change represents the difference in expression between cluster 1:cluster 2 as determined by
normalized LFQ values; positive cluster 1 < cluster 2, negative cluster 1 > cluster 2. Dashed line indicates log10
p-value corresponding to p=0.05 after accounting for multiple comparisons. Identity of select, highly significant
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Table 7: di˙eren tial expression of proteins amongst select, significantly enriched GO terms
Name

Gene

Uniprot ID

apoptosis (GO:0008637)
14-3-3 protein eta
Glycogen synthase kinase-3 beta
Vacuolar protein sorting-associated protein 35
14-3-3 protein zeta/delta
14-3-3 protein epsilon
14-3-3 protein beta/alpha
Glutamate–cysteine ligase catalytic subunit
14-3-3 protein theta
14-3-3 protein gamma
ATPase inhibitor, mitochondrial
Glutathione peroxidase 1
Cell cycle and apoptosis regulator protein 2
Dynamin-1-like protein

YWHAH
GSK3B
VPS35
YWHAZ
YWHAE
YWHAB
GCLC
YWHAQ
YWHAG
ATPIF1
GPX1
CCAR2
DNM1L

Q04917
P49841
Q96QK1
P63104
P62258
P31946
P48506
P27348
P61981
Q9UII2
P07203
Q8N163
O00429

HSPD1

P10809

60 kDa heat shock protein, mitochondrial

protein homeostasis (GO:0000338; GO:0032435; GO:0051131; GO:0016574)
COP9 signalosome complex subunit 6
COPS6
Q7L5N1
COP9 signalosome complex subunit 4
COPS4
Q9BT78
COP9 signalosome complex subunit 1
GPS1
Q13098
COP9 signalosome complex subunit 5
COPS5
Q92905
COP9 signalosome complex subunit 7a
COPS7A
Q9UBW8
COP9 signalosome complex subunit 8
COPS8
Q99627
COP9 signalosome complex subunit 3
COPS3
Q9UNS2
E3 ubiquitin-protein ligase HUWE1
HUWE1
Q7Z6Z7
S-phase kinase-associated protein 1
SKP1
P63208
DNA damage-binding protein 1
DDB1
Q16531
Ubiquitin thioesterase OTUB1
OTUB1
Q96FW1
Small glutamine-rich tetratricopeptide
SGTA
O43765
repeat-containing protein alpha
Protein/nucleic acid deglycase DJ-1
PARK7
Q99497
Ubiquitin carboxyl-terminal hydrolase 14
USP14
P54578
Bis(5’-adenosyl)-triphosphatase
FHIT
P49789
Heat shock protein HSP 90-beta
HSP90AB1
P08238
T-complex protein 1 subunit beta
CCT2
P78371
Prostaglandin E synthase 3
PTGES3
Q15185
Heat shock protein HSP 90-alpha
HSP90AA1
P07900
Heat shock 70 kDa protein 4
HSPA4
P34932
vesicle processing (GO:0000338; GO:0032435; GO:0051131; GO:0016574)
Ras-related protein Rab-5B
RAB5B
P61020
Protein Hook homolog 3
HOOK3
Q86VS8
Sorting nexin-1
SNX1
Q13596
Sorting nexin-12
SNX12
Q9UMY4
Sorting nexin-6
SNX6
Q9UNH7
Arf-GAP domain and FG repeat-containing protein 1
AGFG1
P52594
Coronin-1A
CORO1A
P31146
Vacuolar protein sorting-associated protein VTA1
VTA1
Q9NP79
homolog
AP-1 complex subunit gamma-1
AP1G1
O43747
Disks large homolog 4
DLG4
P78352
Calreticulin
CALR
P27797
Syntaxin-7
STX7
O15400
Calcium-dependent secretion activator 1
CADPS
Q9ULU8
Ras-related protein Rab-7a
RAB7A
P51149
AP-1 complex subunit mu-1
AP1M1
Q9BXS5
General vesicular transport factor p115
USO1
O60763
Synaptotagmin-7
SYT7
O43581
Syntaxin-binding protein 1
STXBP1
P61764
Syntaxin-1A
STX1A
Q16623
AP-3 complex subunit delta-1
AP3D1
O14617
Platelet-activating factor acetylhydrolase IB subunit
PAFAH1B1
P43034
alpha
Charged multivesicular body protein 4b
CHMP4B
Q9H444
Dynamin-1
DNM1
Q05193
Dynactin subunit 2
DCTN2
Q13561
Dynactin subunit 1
DCTN1
Q14203
Sulfite oxidase, mitochondrial
SUOX
P51687
Ras-related protein Rab-11B
RAB11B
Q15907
Ras-related protein Rab-1A
RAB1A
P62820
AP-3 complex subunit beta-2
Cytoplasmic dynein 1 heavy chain 1
AP-3 complex subunit mu-2
Endophilin-B1

AP3B2
DYNC1H1
AP3M2
SH3GLB1

Q13367
Q14204
P53677
Q9Y371
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Fold Change

p-value (adjusted)

GO ID

-1.890
-1.370
-2.780
-0.943
-0.777
-1.350
-2.530
-1.160
-2.110
0.824
0.485
-1.460
-1.510

6.00e-07
1.17e-04
2.11e-04
3.89e-04
8.50e-05
1.36e-05
3.74e-03
8.86e-03
4.00e-07
1.94e-02
4.20e-03
5.70e-03
1.25e-04

0.434

1.21e-02

GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0008637
GO:0032435; GO:0008637
GO:0045956; GO:0090148;
GO:0008637
GO:0051131; GO:0008637

-0.754
-0.844
-0.852
-0.621
-0.843
-0.665
-1.020
-1.240
0.431
0.412
-2.800
-0.740

2.95e-02
1.10e-04
1.69e-04
3.46e-03
1.15e-02
8.11e-04
3.04e-02
2.32e-04
6.15e-04
6.84e-04
4.12e-03
3.64e-02

GO:0000338
GO:0000338
GO:0000338
GO:0000338
GO:0000338
GO:0000338
GO:0000338
GO:0016574
GO:0016574
GO:0016574
GO:0016574
GO:0032435

0.386
-1.410
0.488
-2.240
-0.655
-3.050
-1.020
0.270

2.23e-02
3.73e-03
3.16e-03
3.00e-07
1.17e-02
9.47e-05
2.04e-04
4.21e-02

GO:0032435
GO:0032435
GO:0032435
GO:0032435; GO:0051131
GO:0051131
GO:0051131
GO:0051131
GO:0051131

0.529
-1.020
-1.780
-1.820
-1.410
-0.634
-2.010
-3.330

1.24e-03
4.56e-04
4.15e-03
2.23e-05
2.56e-03
1.30e-02
2.70e-03
1.37e-02

GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050

-3.170
-1.650
-1.540
0.653
-3.400
0.346
-1.850
-2.940
1.050
-2.410
0.726
-2.160
-1.070

5.50e-06
7.58e-03
3.19e-03
2.51e-03
1.91e-04
1.01e-02
1.45e-03
1.30e-05
2.69e-03
7.15e-03
2.28e-02
5.86e-03
6.06e-03

GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050
GO:0016050;
GO:0016050;
GO:0016050;
GO:0016050;
GO:0016050;

1.120
-2.540
-0.711
-1.270
0.407
0.511
0.373

1.10e-04
1.88e-02
8.56e-05
3.00e-02
1.00e+00
2.15e-03
3.56e-02

-4.460
-2.170
-1.660
-1.350

0.00e+00
2.22e-04
7.45e-05
3.29e-03

GO:0045956
GO:0045956
GO:0045956
GO:0047496
GO:0047496

GO:0016050; GO:0090148
GO:0016050; GO:0090148
GO:0032402
GO:0032402
GO:0032402
GO:0032402
GO:0032402; GO:0016050;
GO:0047496
GO:0047496
GO:0047496
GO:0047496
GO:0090148

are down regulated in cluster 2 compared with cluster 1. This is relevant given that 14-3-3 proteins
have been shown to negative regulators of apoptosis by directly inhibiting the pro-apoptotic Bcl-2
family members, BAD and Bax (Ya˙e et al. 1997; Zhang, Chen, and Fu 1999; Nomura et al. 2003).
Moreover, 14-3-3 have been shown to promote neurite outgrowth (Kaplan et al. 2017; Lavalley et
al. 2016) and neuronal survival (Slone et al. 2015). While 14-3-3 proteins have been associated
with tau aggregates in tauopathies, including AD, they are believed to play a chaperone-like role
facilitating the clearance of tau aggregates (Sluchanko and Gusev 2017; Papanikolopoulou et al.
2018).
Additionally, several proteins responsible for maintaining protein homeostasis in cells are
di˙eren tially expressed between clusters 1 and 2. A indicated by the significant enrichment of the
GO term ‘GO:000038 - protein deneddylation’, 7 of the 8 sub units of the COP9 signalosome complex
are significantly higher amongst cluster 1 extracts compared with cluster 2. The COP9 signalosome
complex, along with ubiquitin E3 ligases and the 26S proteasome make up the 3 macro-molecules of
the ubiquitin-proteasome pathway, a central mechanism for protein catabolism in all cells, including
neurons (Tai and Schuman 2008; Lingaraju et al. 2014; Meister et al. 2016). Also, while annotated
by a somewhat curious GO term ‘GO:0010389 - regulation of G2/M transition of mitotic cell cycle’,
several of the 26S proteasome sub-units are also down regulated in cluster 2 compared to cluster
1. Of the twenty 26S proteasome sub unit proteins within Uniprot human proteome database, 16
were detected in this analysis. As shown in Table 8, all but 1 of the 16 sub-units are decreased
in cluster 2 compared with cluster 1, including the 8 that are significantly decreased. Given the
greater number of AD and HP-NCI individuals within cluster 2, this is consistent with findings that
proteasome activity is decreased in the AD brain and that patterns of ubiquitination are disrupted
across the proteome in AD brains verse una˙ec ted controls (Keller, Hanni, and Markesbery 2000;
Abreha et al. 2018).
Interestingly of the 323 proteins di˙e rentially expressed between the two groups of brain extracts,
there is an asymmetry in the directionality of the changes. As seen by the greater number of events
in the upper left compared with the upper right of Figure 19B, more than two-thirds (229 of 323)
of the di˙eren tially expressed proteins are down-regulated in cluster 2 verse cluster 1 (negative
fold-change). While there is no immediate explanation for this disparity, within the minority of 94
proteins that are up-regulated in cluster 2 compared with cluster 1, 8 are members of the Ras-related
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Table 8: di˙eren tial expression of 26S proteosome subunits
26S proteasome subunit
non-ATPase regulatory
non-ATPase regulatory
non-ATPase regulatory
non-ATPase regulatory
regulatory subunit 7

Gene
subunit
subunit
subunit
subunit

Fold Change

p-value (adjusted)

13
6
2
3

PSMD13
PSMD6
PSMD2
PSMD3
PSMC2

-1.810
-0.974
-0.872
-0.879
-1.300

0.000552
0.001250
0.001380
0.003180
0.004380

regulatory subunit 6A
regulatory subunit 4
non-ATPase regulatory subunit 7
non-ATPase regulatory subunit 8
non-ATPase regulatory subunit 12

PSMC3
PSMC1
PSMD7
PSMD8
PSMD12

-1.190
-1.580
-1.060
-0.699
-1.200

0.004880
0.013400
0.014400
0.067800
0.068500

non-ATPase regulatory
non-ATPase regulatory
regulatory subunit 10B
non-ATPase regulatory
regulatory subunit 8
non-ATPase regulatory

PSMD11
PSMD9
PSMC6
PSMD4
PSMC5
PSMD1

-1.600
0.578
-1.390
-0.577
-1.160
-0.658

0.084200
0.095100
0.140000
0.380000
1.000000
1.000000

subunit 11
subunit 9
subunit 4
subunit 1

GTPase family, or Rabs. Of the 26 Rab family members detected in the data set all but 3 are
show higher expression in cluster 2, including the 8 that significantly higher (Table 9). In particular
all three isoforms of Rab-5 show significantly higher expression in cluster 2. This is relevant since
Rabs play an integral role in vesicle processing in neurons and have previously been shown to
be highly expressed in AD brain tissue (Ginsberg:2011eg; Kiral et al. 2018). Especially Rab-5,
which is involved in traÿc king of endosomes, and has been found to be present within enlarged
endosome enriched with Aβ found in AD brain. This has lead to speculation that over-active Rab-5
leads to aberrant endosome sorting and diminished fusion with lysosomes, leading to increased Aβ
aggregation (Whyte et al. 2017; Xu et al. 2018; X. Zhang et al. 2018).
To determine whether the di˙erences between these two clusters of extracts as determined by
their protein expression profiles translated to changes in neuronal phenotypes, e˙ects in the neurite
integrity and spontaneous firing assays were examined based on cluster membership. As shown in
Figure 20, the extracts within cluster 2 had a significantly greater e˙e ct on neuritic atrophy when
added to cultured human iPS-derived neurons, than those in cluster 1 (p = 1.73 × 10−4 ). Conversely,
while the extracts in cluster 2 tended to cause a greater decrease in spontaneous firing on average
within primary rat cortical cultures, the di˙erence was not significant (p = 0.319).
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Table 9: di˙eren tial expression of Rab GTPases
Rab protein

Gene

Fold Change

p-value (adjusted)

Rab-5B
Rab-11B
Rab-5A
Rab-21
Rab-7a

RAB5B
RAB11B
RAB5A
RAB21
RAB7A

0.5290
0.5110
0.4620
0.7060
0.3460

0.00124
0.00215
0.00225
0.00948
0.01010

Rab-5C
Rab-10
Rab-1A
Rab-18
Rab-14

RAB5C
RAB10
RAB1A
RAB18
RAB14

0.5530
0.5010
0.3730
0.2690
0.3140

0.01360
0.01640
0.03560
0.13400
0.26700

Rab-2A
Rab-3D
Rab-3A
Rab-4A
Rab-6A

RAB2A
RAB3D
RAB3A
RAB4A
RAB6A

0.4520
0.2620
0.1650
0.2180
-0.1190

0.35300
1.00000
1.00000
1.00000
1.00000

Rab-8A
Rab-4B
Rab-35
Rab-like protein 6
Rab-12

RAB8A
RAB4B
RAB35
RABL6
RAB12

0.2950
0.3900
-0.2480
0.1390
0.2990

1.00000
1.00000
1.00000
1.00000
1.00000

Rab-2B
Rab-8B
Rab-3C
Rab-1B
Rab-6B
Rab-23

RAB2B
RAB8B
RAB3C
RAB1B
RAB6B
RAB23

0.3360
0.2970
0.2370
0.1450
0.0678
-0.0572

1.00000
1.00000
1.00000
1.00000
1.00000
1.00000
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Figure 20: Correspondence between protein expression profiles and influence on neuronal

phenotypes. E˙ect of brain extracts segregated by protein expression cluster membership on neurite
integrity (A) or spontaneous firing (B). Each point corresponds to an individual extract, bars represent mean
± SE. Significant di˙erences between conditions indicated by brackets and associated p-value.

To assess what proteins may be contributing to di˙erences in the firing activity of neurons,
the extracts tested in the spontaneous firing assay were manually segregated into those exhibiting
a greater or lesser e˙ec t on spike frequency (Figure 21A). Di˙eren tial expression analysis was
then repeated to determine which if any proteins exhibited di˙eren t expression levels between the
two groups. While several proteins exhibited some di˙erence between the groups, none of these
remained statistically significant after adjusting for the multiple comparisons performed (Figure
21B). While not significant, amongst the proteins showing higher expression within extracts with
higher residual firing activity are prefoldin (PFDN) and WASF3. PFDN, is a chaperone shown to
prevent aggregation of Huntingtin, α-synuclein, and Aβ, and a recent GWAS study of late-onset
AD in a trans-ethnic population identified 2 SNPs in the vicinity of PFDN (Tashiro et al. 2013;
Sörgjerd et al. 2013; Takano et al. 2014; Jun et al. 2017). WASF3 is an actin binding protein that
facilitates neurite outgrowth by promoting actin polymerization through cooperative action with
the Rac1 GTPase (Sainath and Gallo 2015; Zhang et al. 2017).
Bottom-up examination of individual protein expression and effect on neuronal phenotypes.
As an alternative to the previous analysis assessing di˙erences in holistic profiles of protein
expression, instead individual proteins were examined to identify those whose expression is correlated
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Figure 21: Differential expression of proteins between brain extracts eliciting lesser or greater effect
on spontaneous firing. A segregating brain extracts into groups with lesser or greater activity, demarcation
indicated by dashed line. B Differential expression of proteins between brain extracts across activity levels. Each point
corresponds to an individual protein. Fold change represents the difference in expression between less active:more
active as determined by normalized LFQ values; positive less active > more active, negative less active < more active.
Dashed lines indicates log10 p-values corresponding to p=0.05 without (lower) and with (upper) accounting for
multiple comparisons. Identity of select proteins indicated by gene symbol.
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with the changes in the structural and functional phenotypes examined in vitro.
Influence of Aβ and tau expression on in vitro phenotypes
The hallmarks of AD pathology are extracellular plaques of Aβ and intracellular neurofibrillary
tangles of hyperphosphorylated tau. Therefore, expression of Aβ and tau were examined for their
expression across the diagnosis classes of extracts and the correlation of expression with e˙ects of in
the in vitro assays.
Aβ itself is not directly quantified in standard LFQ analysis, rather peptides corresponding to
Aβ were mapped to the full length Amyloid Precursor Protein (APP) from which Aβ is derived.
Therefore, quantification of APP is used as a surrogate for Aβ expression in these data as previously
reported by Seyfried et al. (2017).
Comparing extracts by diagnosis class there is no di˙erence in the levels of APP detected (Figure
22A). Conversely, tau levels are significantly lower in the extracts of AD diagnosed individuals than
in those of LP-NCI (p = 0.0223), and decreased relative to HP-NCI (Figure 22B). This result is
somewhat paradoxical, given that tau expression has been repeatedly shown to positively correlated
with Alzheimer’s progression, even more so than amyloid-beta levels (reviewed in Nelson et al.
2012). A possible caveat is, this analysis was performed using TBS-soluble brain extracts, so only
tau within the aqueous soluble portion of the tissue is being examined. In order to solubilize most
neurofibrillary associated tau species, much more stringent detergent-based extraction methods
are required (Goedert et al. 1992; Köpke et al. 1993). Given the mild digestion protocol used in
the preparation of these brain tissues, most neurofibrillary species would have remained insoluble
and been precipitated during centrifugation along with other cellular debris. For this reason, the
lower expression of tau in the extracts of AD individuals may be due to a large portion of total
tau species being sequestered within insoluble neurofibrillary species. However, since the detergent
soluble fractions of these tissues were not assayed, this can not be definitively concluded.
Examining the correlation of APP and tau expression on the assay phenotypes of neurite
integrity and spontaneous show conflicting responses with neurite integrity tending to decrease with
increasing expression of APP and tau (Figure 22B,C) and spontaneous firing increasing (Figure
22E,F). However, in all cases the strength of the relationship is fairly weak, thus lending poor
2
predictive value to the changes in these phenotypes based APP and tau expression ( RLF
QAP P :%N I
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Figure 22: Differential expression of AD related proteins with respect to diagnosis class. Ex-

pression of APP (A) and tau (B) within human brain extracts examined by LC-MS/MS proteomic analysis
and reported as normalized LFQ values. E˙e ct of APP and tau expression on neurite integrity (C, D), and
∆log10 Hz (E, F). Each point corresponds to an individual extract, bars represent mean ± SE. Significant
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2
2
2
= 0.162, RLF
Qtau :%N I = 0.238, RLF QAP P :∆log10 Hz = 0.0778, RLF Qtau :∆log10 Hz = 0.085).

Correlation of effect on in vitro phenotypes across proteome
In order to assess the relationship between each of the 1841 proteins detected in this analysis
and the in vitro phenotypes, Spearman’s correlation coeÿcie nt (ρ) was calculated between the
normalized LFQ value for each protein by extract and the e˙ect of each extract in both the neurite
integrity and spontaneous firing assays. Spearman’s correlation was chosen for this purpose as
it is less sensitive than Pearson’s ρ to the e˙ect of leverage from outlying data-points which are
diÿcult to account for given the large number of comparisons being performed. To determine the
probability of observing a statistically significant positive or negative correlation, the resulting value
of ρ was converted to a z-score using a Fisher transformation and the z-score level corresponding to
a probability of p = 0.05 was adjusted for multiple comparisons. A positive correlation represents
proteins that exhibit higher expression in extracts with less e˙ect on neurite integrity or spontaneous
firing, while a negative correlation represents proteins that exhibit higher expression in extracts
with greater e˙ect on these phenotypes. The resulting distributions of correlations for all proteins
in each assay are shown in Figure 23A.
Sixty-three proteins showed statistically significant correlations with e˙ects on neurite integrity,
with 48 positively correlated and 15 negatively correlated. Amongst the proteins whose expression
correlated with changes in neurite integrity, Calpastatin (CAST) showed the strongest negative
correlation, indicating that it is highly expressed in extracts that induced a substantial loss of
neurites following treatment. This is somewhat unexpected given that CAST as an inhibitor of the
cysteine protease calpain, is typically seen as neuroprotective in AD models (Rami 2003; Yamashima
2013). Inhibition of calpain by CAST prevented tauopathy and neurodegeneration in Tau P301L
mice (Rao et al. 2014). However, the elevated levels of CAST here maybe due to compensatory
up-regulation in brains exhibiting higher levels of pathology rather than the result of CAST activity
itself. Calpain activity has been shown to be increased in AD brain cerebral-spinal fluid (CSF), and
CAST expression is increased in AD brain, though this has been speculated to be the result of long
term calpain activity (Laske et al. 2015; Kurbatskaya et al. 2016).
Conversely, in comparisons with the spontaneous firing assay only a single protein, Hornerin,
was found to have a statistically significant correlation showing a positive correlation with the
79

A

B

protein LFQ : neurite integrity

protein LFQ : Δlog10Hz

5

4

4

3

2

2

1

1

z.score

z.score

3

0
−1

0

−2

−1

−3

−2

−4

−3

−5

−4

5

4

4

3

3

2

1

z.score

z.score

2
0
−1
−2

1
0
−1

−3

−2

−4

−3

−5

−4

2 2 A 4
3 1 1 2 5 1 1 2 1 2
9 1 1
NRSF SP RK OT DN TG BI BI HD 3A SG2A AC M2 MK MDHX SM CS
HRWA RH B G PF AC A APIT LC AHLC1 HD G CA D D L PA
S
A
S
C

A 1 G 6 S 1 A 6 N 1 6 1 A 1 R 2 A H T T
E1 AP F1 AJC AR PK IF3 GS ST NBPS3H1A B4 GL HP MLETF ADABACAS
PD AD EEDN Y CM E R D KPMR LD RAASR GR E HIB
A

Protein

Protein

C

0

400

800

TCP1

TTC9

RGS6

ABI1

XRCC5 AASDHPPT

1200

1600

2000

rank sum

2400

2800

3200

3600

TRIM28

ATP5F1B

DPP3

GM2A

CRYZL1 MRPL12

ADH5

CYB5R3

CTSB

EML2

SRSF3

CAST

ATP5F1D

HSPBP1

GPX1

CDH2

ERH

ASAH1

DYNLL2

HEPACAM

RRBP1

FHIT

GRHPR

C11orf54

RAB21

RAB4A

S100B

SLC12A2

MECP2

ACY1

ETHE1

EWSR1 HIBADH
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spontaneous firing phenotype. Hornerin, a pro-flaggrin like protein primarily expressed in the
epidermis (Makino et al. 2001) is not reported in the literature to have a role in neuronal function.
In order to determine which proteins may be contributing to both phenotypes, the rank sum of
each protein was calculated based on its rank 1-1841 from strongest positive to strongest negative
correlation in each assay. These rank sum values were compared to a null distribution of rank
sums generated from 10,000 iterations of adding vectors of 1-1841 in a random order (Figure 23B).
From this analysis, proteins exhibiting rank sums of correlation within the top and bottom 1% as
expected by chance were selected. Thirty-nine proteins met this criteria, of which 6 showed positive
correlations across both assay, while the remainder were negatively correlated. The e˙ect in each
assay as a function of protein expression level is shown for 4 of these 39 proteins in Figure 24 while
details of all 39 are listed in Table 10.
The 6 proteins showing higher expression in those extracts exhibiting greater residual neurite
integrity and spontaneous firing were: TCP1, ABI1, RGS6, XCCR5, TTC9, and AASDHPT. Of
these, several has been shown to serve functions that would mitigate the e˙ects of AD pathology
and preserve these structural and functional phenotypes. T-complex protein 1 (TCP1) is a member
of the Hsp60 family of chaperones and has been shown to be down regulated in AD brain (Brehme
et al. 2014). Interestingly, TCP1 also has been shown to mitigate Huntingtin protein aggregates in
vitro and remarkably has been shown to do so by entering cells when added exogenously, possibly
through a mechanism involving the protein transduction domain within it apical region (Sontag
et al. 2013; Zhao et al. 2016). TCP1 has is also reported to be an agonist of TREM2 (Stefano et
al. 2009). This is relevant for AD as diminished TREM2 activity is believed to be a risk factor
for sporadic AD (Colonna and Wang 2016). Abl interactor 1 (ABI1) has been shown to promote
dendrite morphogenesis and synapse formation through Rac1 dependent actin remodeling (Proepper
et al. 2007; Proepper et al. 2011; Park, Chi, and Park 2012). RGS6 as been shown to be required
for neuron survival of dopaminergic neurons in aged animals, potentially due to its role in regulating
p27 (Ogawa et al. 2003; Bifsha et al. 2014).
Amongst the proteins negatively correlated across the assay phenotypes is Ewing Scarcoma
RNA binding protein (EWSR1). EWSR1 is among the RNA binding proteins along with TDP-43
and FUS found to harbor mutation associated with amyloid lateral sclerosis, and EWSR1 is found
associated with cytoplasmic inclusions in frontal-temporal lobe dementia (Neumann et al. 2011; Li
81

Table 10: Proteins exhibiting strong positive, negative correlation across spontaneous firing and
neurite integrity assays
Rank
Name

Gene

Uniprot ID

positive correlation
T-complex protein 1 subunit alpha
Regulator of G-protein signaling 6
X-ray repair cross-complementing protein 5
Tetratricopeptide repeat protein 9A
Abl interactor 1
L-aminoadipate-semialdehyde
dehydrogenase-phosphopantetheinyl transferase

TCP1
RGS6
XRCC5
TTC9
ABI1
AASDHPPT

TRIM28
ADH5
ATP5F1D
DYNLL2
FHIT
S100B
ATP5F1B
CYB5R3
HSPBP1
HEPACAM
GRHPR
SLC12A2
DPP3
CTSB
GPX1
RRBP1
C11orf54
MECP2
GM2A
EML2
CDH2
EWSR1
RAB21
ACY1
CRYZL1
SRSF3
ERH
HIBADH
RAB4A
ETHE1
MRPL12
CAST
ASAH1

negative correlation
Transcription intermediary factor 1-beta
Alcohol dehydrogenase class-3
ATP synthase subunit delta, mitochondrial
Dynein light chain 2, cytoplasmic
Bis(5’-adenosyl)-triphosphatase
Protein S100-B
ATP synthase subunit beta, mitochondrial
NADH-cytochrome b5 reductase 3
Hsp70-binding protein 1
Hepatocyte cell adhesion molecule
Glyoxylate reductase/hydroxypyruvate reductase
Solute carrier family 12 member 2
Dipeptidyl peptidase 3
Cathepsin B
Glutathione peroxidase 1
Ribosome-binding protein 1
Ester hydrolase C11orf54
Methyl-CpG-binding protein 2
Ganglioside GM2 activator
Echinoderm microtubule-associated protein-like 2
Cadherin-2
RNA-binding protein EWS
Ras-related protein Rab-21
Aminoacylase-1
Quinone oxidoreductase-like protein 1
Serine/arginine-rich splicing factor 3
Enhancer of rudimentary homolog
3-hydroxyisobutyrate dehydrogenase, mitochondrial
Ras-related protein Rab-4A
Persulfide dioxygenase ETHE1, mitochondrial
39S ribosomal protein L12, mitochondrial
Calpastatin
Acid ceramidase
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∆log10 Hz

% Neurite Integrity

Sum

p-value

P17987
P49758
P13010
Q92623
Q8IZP0
Q9NRN7

111
184
148
91
8
234

49
8
81
153
242
18

160
192
229
244
250
252

0.003740
0.005410
0.007700
0.008750
0.009200
0.009340

Q13263
P11766
P30049
Q96FJ2
P49789
P04271
P06576
P00387
Q9NZL4
Q14CZ8
Q9UBQ7
P55011
Q9NY33
P07858
P07203
Q9P2E9
Q9H0W9
P51608
P17900
O95834
P19022
Q01844
Q9UL25
Q03154
O95825
P84103
P84090
P31937
P20338
O95571
P52815
P20810
Q13510

1767
1648
1771
1794
1619
1746
1637
1693
1654
1719
1640
1834
1672
1726
1673
1756
1689
1751
1836
1708
1824
1765
1753
1791
1820
1784
1806
1770
1776
1800
1829
1802
1823

1658
1781
1661
1646
1825
1702
1813
1766
1810
1757
1836
1648
1814
1763
1824
1744
1827
1772
1689
1837
1721
1788
1803
1771
1761
1805
1784
1839
1834
1817
1807
1841
1829

3425
3429
3432
3440
3444
3448
3450
3459
3464
3476
3476
3482
3486
3489
3497
3500
3516
3523
3525
3545
3545
3553
3556
3562
3581
3589
3590
3609
3610
3617
3636
3643
3652

0.009770
0.009470
0.009250
0.008670
0.008390
0.008110
0.007970
0.007360
0.007030
0.006290
0.006290
0.005930
0.005700
0.005530
0.005080
0.004910
0.004100
0.003760
0.003660
0.002790
0.002790
0.002480
0.002360
0.002150
0.001530
0.001290
0.001260
0.000801
0.000782
0.000641
0.000326
0.000236
0.000141

et al. 2013; Maziuk, Ballance, and Wolozin 2017). Another RNA-binding protein, DHX9, was also
showed a strong negative correlation with e˙ec t in the spontaneous firing assay (Figure 23A).
As these proteins were selected purely on their correlation to the observed e˙ects in the in vitro
assays, these 39 proteins were examined to see if any are di˙eren tially expressed across the di˙eren t
diagnoses of brain extracts. Eight of these proteins were found to show significant di˙eren tial
expression across diagnosis class after accounting for multiple comparisons (Figure 25).
Of those showing higher expression in LP-NCI individuals were ABI1 (discussed above) and
Tetratricopeptide repeat protein 9 (TTC9). TTC9 is broadly expressed in the brain and shares
homology with co-chaperones for Hsp70 and 90 (Smith 2004; Shrestha, Cao, and Lin 2012). TTC9
was recently shown to have decreased expression in microglia from an AD mouse model (Rangaraju
et al. 2018). Additionally, a novel mis-sense mutation in a related protein, TTC3, was found through
whole-exosome sequencing in all a˙ected members of a family exhibiting high instances of late-onset
AD (Kohli et al. 2016).
Two proteins that showed significantly higher expression in AD extracts over both LP-NCI and
HP-NCI individuals were Acid cerimidase (ASAH1) and Ganglioside GM2 activator protein (GM2A).
Both are involved in sphingolipid metabolism and have been shown to be elevated in the brain and
cerebral-spinal fluid of AD patients (He et al. 2010; Heywood et al. 2015). Altered sphingolipid
metabolism in AD has lead to the hypothesis that increased flux in sphingolipid catabolism pathways
may result in decreased sphingomyelin in the brain, a˙ecting membrane fluidity and integrity (Han
et al. 2002; Wong et al. 2017).
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Figure 24: Correlation of activity across neuronal phenotypes. Comparison of protein expression
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Conclusion
In order to better understand the molecular changes that occur during the developed and progress
of AD numerous reports in the literature have used proteomic analysis to analyze the expression
profiles in the brain tissue of AD patients and una˙ected individuals (Andreev et al. 2012; Seyfried
et al. 2017; Abreha et al. 2018; Q. Zhang et al. 2018). It is less common for the primary samples
profiled to also be assessed in experimental assays of neuronal structure or function. Here proteomic
analysis was performed on brain extracts of 43 AD, LP-NCI, and HP-NCI individuals, which were
also used as perturbations in in vitro assays of neurite integrity and spontaneous neuronal firing.
With no consideration given a priori to diagnosis or annotated pathology, clusters of extracts
established from protein expression profiles were shown to have significantly di˙eren t e˙ects on
neurite integrity. Further comparison of these two groups revealed di˙erences in major elements of
the ubiquitin-proteasome pathway, as well as proteins involved in vesicle processing and regulation
of apoptosis. Conversely, individually comparing protein expression with e˙e cts across these in
vitro assays identified a modulator of dendrite morphology (ABI1) and proteins involved in lipid
metabolism (ASAH1, GM2A), which in turn were shown to be di˙eren tially expressed across classes
of diagnosis and pathology. Given the correlated nature of the data, definitive conclusions can not
be drawn regarding which proteins may be driving the changes in these phenotypes and which may
be merely by-standers. Nevertheless, pairing unbiased molecular profiling with phenotypic assays
can prioritize the data obtain from ‘omics-scale’ evaluations. This is demonstrated here with an
analysis which yielded multiple candidates and classes of proteins that warrant further investigation
into how they may be perpetuating or mitigating the physiological changes associated with AD.
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Methods
Brain extract preparation
Tris-bu˙er soluble brain extract from prepared from the dissected gray matter of cortical tissue
as described in Chapter 3 Methods, using the techniques originally reported by Shankar et al. (2008).
Prior to treatment of cultures, the extract was dialyzed 1:104 v/v in artificial cerebral-spinal fluid
(aCSF) and bu˙er-exc hanged into cultures media.
In vitro assays
Neurite Integrity Human iPS-derived neurons are established from the YZ1 1.4 cell line using
a Neurogenin-2 induction (iN) di˙eren tiation protocol (Muratore et al. 2014; Zhang et al. 2013).
Cells were plated at DIV4 of the iN di˙eren tiation protocol at a density of ‘5000‘ cells/well and
grown in mono-culture on 96-well glass-bottom plates (µClear, Griener Bio-One, Monroe NC) coated
with Matrigel substrate (Corning Life Sciences, Corning New York) and grown until to DIV 21
post-induction or longer prior to treatment with brain extract. Neurite structures are assayed
by serial bright-field imaging 78 hours at 2-hour intervals using an IncuCyte live-cell microscope
(Sartorius, Michigan USA) with quantification using the IncuCyte NeuroTrack Software Module
(Sartorius). Total neurite length per well were normalized to the values from the first 6 hours of
imaging, and a nonlinear logistic regression model was fit to the data from the entire time course
using the nlme function within the R nlme library (R Core Team 2017; Pinheiro et al. 2018; Pinheiro
and Bates 2000).
MEA-spontaneous firing Primary rat cortical cultures were established from E18 pups on 96-well
multi-electrode array plates (Axion Biosystems, Atlanta GA) at a density of ‘75000‘ cells/well and
grown until to DIV 21 prior to treatment with brain extract. MEA recordings and analysis were
performed as previously described in Chapter 2. Estimates of ∆log10 Hz were obtained from a linear
mixed model of multiple experiments comparing the day-0 and day-4 recordings with respect to
individual extracts. The model was fit using the lme function within the R nlme library (R Core
Team 2017; Pinheiro et al. 2018; Pinheiro and Bates 2000).
Proteomic analysis
Unlabeled proteomic analysis was performed on the TBS-soluble brain extracts following dialysis
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in aCSF. Liquid chromatography coupled to tandem mass spectrometry (LC-MS/MS) was performed
by the laboratory of Dr. Nicholas Seyfried, Emory University using a NanoAcquity UHPLC (Waters,
Milford PA) and Q-Exactive Plus mass spectrometer (ThermoFisher, Waltham MA) using methods
previously reported (Seyfried et al. 2017; Abreha et al. 2018). Label-free quantification (LFQ) of
proteins was performed using the MaxQuant algorithm (Cox et al. 2014). Variance stabilization
was used to normalize LFQ values across samples using the R vsn library (Huber et al. 2002).
Statistical analysis
Comparisons between group were performed using a one-way ANOVA followed by Tukey post-hoc
test, unless otherwise specified. Comparing instances of diagnosis class across protein expression
clusters was performed using Pearson’s Chi-squared test. In cases of multiple comparisons, adjusted
p-values were calculated using the methods described by Holm (1979). All analysis was performed
using the R statistical programming language. Figures and tables were generated using the R
ggplot2, ggpubr, and kableExtra libraries (Wickham 2016; Kassambara 2018; Zhu 2018).
Hierarchical Clustering Agglomerative (bottom-up) hierarchical clustering was performed using
complete linkage based on pairwise calculation of Spearman’s correlation between the vectors
of protein expression for each individual extract (Jain and Dubes 1988). Missing values in the
LFQ matrix were imputed based on columns means, however this was only necessary for 0.8% of
observations (646 of 79163). Hierarchical clustering was performed using the hclust and cutree
functions within the base R stats library.
Differential Expression Di˙eren tial expression analysis was performed using one-way ANOVA as
described by (Oberg et al. 2008).
Gene Ontology Gene Ontology enrichment analysis of biological process terms was based on the
BioConductor human gene and GO term databases. The enrichment analysis performed using the
R topGO library utilizing the weight01 algorithm that accounts for the hierarchical structure of the
GO terms and down-weighting genes in parent terms when significant enrichment was established
in subsidiary child terms (Alexa, Rahnenführer, and Lengauer 2006; Alexa and Rahnenfuhrer 2016)
Correlation analysis Spearman’s correlation (Spearman’s ρ) was calculated between the two
numerical vectors representing i the assay metric (% neurite integrity or ∆Log10 Hz) for the n
individuals examined in each assay and ii the n protein expression values (normalized LFQ) for a
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given protein in those individuals. This calculation was repeated for each protein reliably detected
across the panel of brain extracts tested in a given assay. In order to determine the probability of
each observed correlation, the ρ value was converted to a z-score under a random normal distribution
by applying Fisher’s transformation. Fisher’s transformation was applied using the FisherZ function
within R DescTools library with modifications for Spearman’s ρ as shown below:
z=

r

n−3
× F (ρ)
1.06
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Chapter 5: Examination of single neuron frequency and potential
dynamics through the use of spike sorting analysis
Introduction
Multi-electrode array (MEA) recordings provide a means of generating rich data sets of electrophysiological activity from a large number of neurons over comparatively long time intervals of
days to weeks. However, resolving the activity of individual neurons within this data is challenging
due to the poor spatial resolution of MEA data acquisition. Performing recordings within dense
neuronal cultures results in a single recording electrode conflating the potentials arising from multiple
neurons. The fixed position of the recording electrodes of MEAs within the culture substrate does
not allow for preferential positioning of the detector on or within a single neuron which would enable
exclusive detection of electrical potentials from that cell (as is possible with other techniques such
as patch-clamping or shape-electrode recordings). Further, while MEAs technically are arrays, the
density of detectors is sparse on a cellular scale, e˙ec tively rendering each electrode a point detector,
compared to the dense array of optical detectors within a digital camera. Therefore as compared
to microscopy based techniques such as fluorescence calcium imaging where it is trivial to identify
individual cells within the Cartesian field of pixels, similar spatial segregation of neurons from MEA
recordings is not possible with currently available devices.
Despite these challenges, it is possible to deconvolute the mixed signals of multiple neurons
detected on each recording electrode of a multi-electrode array through the implementation of
spike sorting analysis. This class of analyses is predicated on the fact that, if voltage potentials
within neuronal cultures are measured with suÿci ently high temporal frequency, it is possible to
capture the discrepancies between voltage waveforms arising from di˙eren t neurons recorded by
a single external electrode due to the di˙erence in spatial orientation of the neurons relative to
the electrode. The exercise of spike sorting is inherently made more diÿcult by the absence of
ground-truth, knowledge of exactly how many neurons are contributing signal that is being recorded
by given electrode. Extraction of shape parameters from waveforms arising from a population of
neurons and binning them by similarity can allow for attribution of individual waveforms to a cell
of origin, has been established viable method for identifying the activity of single neurons from
extra-cellular recordings. (Buzsáki, Anastassiou, and Koch 2012; Gibson 2012)
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While spike sorting analyses are well established in disciplines of computational neuroscience
and neuro-prosthetics, (reviewed in Gibson 2012), their integration with studies using multi-well
in vitro MEAs and experimental models of AD is less common. This is in part due to the lack of
integrated workflows allowing for processing of the large datasets generated by these instruments,
which consist of hundreds of thousands to millions of voltage waveforms, with the computationally
intensive spike sorting algorithms.
The application of spike sorting analysis to MEA recordings is attractive as it would allow for
refinement of the metrics for the frequency of action potential generation within populations of
neurons (such as those used thus far in this study) to be resolved to the level of individual neurons.
It potentially may allow for the additional assessment of frequency-independent phenotypes, such as
changes in the amplitude of potentials emitted from firing neurons. While the data obtained from
MEA recordings are not capable of assessing resting membrane potentials directly, the high temporal
sampling rate of voltage potentials (12.5kHz), is suÿcien t to detect decreases in action potential
amplitude. Measuring changes in the amplitude of voltage potentials from the action potentials
generated by a large number of individual cells may allow for testing of hypotheses regarding the
pathophysiology of Aβ and other neurotoxic species that would be diÿcult using other experimental
techniques.
While the overwhelming preponderance of biochemical, genetic, cellular, and clinical observations
support the hypothesis that amyloid-beta (Aβ) underlies the pathophysiology of Alzheimer’s Disease
(AD), the specific mechanisms by which Aβ is toxic to neurons remains an area of debate and
on-going investigation. One of the many proposed theories, termed the ‘channel hypothesis’, posits
that Aβ is capable of forming ion channels across the cellular membrane, causing the dysregulation
of cation flow into neurons, which in turn alters membrane potentials and promotes Ca2+ -dependent
neuronal toxicity (Kagan et al. 2002). While controversial, this theory is supported by a broad body
of evidence that oligomers of Aβ peptides form pore-like structures in membranes similar to ion
channels, and are capable of causing a disruption of ionic equilibrium within cells (Arispe, Rojas, and
Pollard 1993; Arispe, Pollard, and Rojas 1993; Lashuel et al. 2002; Micelli et al. 2004; Quist et al.
2005; Shafrir et al. 2010; Di Scala et al. 2016; Serra-Batiste et al. 2016; Kandel et al. 2017). This
model suggests an analogous mechanism of pathology between that of Aβ and bacterial cytolysins,
which Aβ oligomers have been shown to share structural similarity with (Lashuel et al. 2002; Kayed
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et al. 2009). However, the majority of the evidence supporting this pore-forming behavior of Aβ
has been generated in either non-neuronal cell models or synthetic membrane structures. Thus, it
is unclear how the proposed changes in membrane potentials resulting from these “amyloid-pores”
would manifest in functioning neurons.
Electrophysiological studies by others have found that neurons in AD mouse models exhibit
partially depolarized resting membrane potentials and lower action potential amplitudes (Minkeviciene et al. 2009; Perez, Ziburkus, and Ullah 2016), consistent with a model of increased membrane
leakage (Perez, Ziburkus, and Ullah 2016). Further, the lower a˙eren t stimulations required to
elicit action potentials in these partially depolarized neurons could explain the increased prevalence
of epileptic symptoms observed in AD patients (Amatniek et al. 2006; Minkeviciene et al. 2009).
Additionally, animal models lack BACE-1, and thus unable to generate Aβ, show the opposite
phenotype of increased action potential amplitudes compared with wild type animals (Hu et al.
2010).
However, other studies examining the e˙ects of Aβ on neuronal membranes in dissociated
cultures and organotypic slices have reported that Aβ does not appear to compromise membrane
integrity. This studies conclude that there is no changes in intrinsic membrane properties following
application of Aβ as determined by assessing parameters such as membrane potential and input
resistance (Nimmrich et al. 2008; Tamagnini et al. 2015).
Additionally, it is important to recognize that a number of mechanisms influencing ionic gradients
across the membrane that would result in decreased action potential amplitude. In addition to
increased non-specific conductance of cations, other factors such as: i impedance of Na+ influx
by blockage of voltage-gated sodium channels, ii decreases in extracellular Na+ concentration, or
iii selective increase in K+ conductance would all result in reduced action potential amplitudes,
(reviewed in Purves et al. 2017).
To summarize, phenotypes of a partially depolarized resting membrane potential and decreased
action potential amplitude would appear consistent with the expected behavior of a neuron with a
perforated membrane, due to the decreased gradient of cations between the cytosol and extra-cellular
space. Therefore, further refinement of MEA recordings through the use of spike-sorting analysis
could allow for direct testing of whether exposure to Aβ species results in the attenuation of action
potential amplitudes predicted by a ‘pore-forming’ model of Aβ, by being able to reconstruct changes
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in the magnitude of voltage potentials recorded from individual neurons over time, coinciding with
exposure to Aβ species.
To this end, an open-source analysis pipeline for spike-sorting was constructed, capable of
scaling to accommodate the large numbers of electrodes and quantity of voltage waveform data
collected using multi-well MEA systems. Using these tools, analyses of recording data from neuronal
cultures treated with a known pore-forming bacterial cytolytic toxin, α-hemolysin, were performed
to determine whether membrane perforation would result in decreased action potential amplitudes.
Finally, a meta-analysis of experiments assessing the e˙ect of human brain extracts and recombinant
Aβ on spontaneous firing of neurons was performed to determine whether Aβ species elicited a
change in action potential amplitudes.
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Results
Implementation of Unsupervised Spike Sorting for MEA recordings
Before initiating development of the spike sorting analysis pipeline, a review of commercially
available software solutions capable of performing this analysis was performed. The most suitable
product available at the time was Offline Sorter (Plexon, Dallas TX) and has been used in the
analysis of other MEA studies (Slomowitz et al. 2015; Vertkin et al. 2015). This product was
purchased and evaluated for performance of analyzing MEA recording data. This product is intended
for use of analyzing electrophysiological data, including voltage waveforms like those recorded by
MEA instruments. Additionally, it has the capability to implement similar clustering algorithms
to those ultimately employed in the analysis pipeline developed for this study. Unfortunately, this
software was not designed for the analysis of multi-channel recordings and as such had critical
limitations that made it non-viable for use in this study, both with regard to processing and
throughput of data analysis. First, this software is only capable of running on a single CPU,
precluding the ability to take advantage of distributed computing resources available, and thus
greatly increasing the processing times of analysis. Consequently, the data from each of the 768
electrodes present on the Axion MEA instrument needed to be analyzed in a serial fashion, one after
another. Second, the software required the data to be analyzed in a recording centric fashion, which
as demonstrated in Figure 27 and discussed in greater detail below, greatly a˙ects the accuracy of
the clustering. Finally, the software demonstrated an inability to analyze recording datasets with
> 104 events. After determining that Plexon Offline Sorter was not an adequate solution for the
requirements of the analysis, and finding no other readily available appropriate options, the decision
was made to develop an analysis pipeline in-house for this study.
The development criteria for the analysis pipeline were: i flexibility to analyze data collected
during separate recording sessions, ii ability to perform clustering analysis in an unsupervised
fashion, iii extendable to parallel processing in a distributed computing environment such as highperformance computing clusters, and iv able to utilize open-source software to enable distribution
and use by other researchers.
For these analyses, all recordings were performed in 96-well MEA plates using Maestro recording
instrument and AxIS acquisition software (Axion Biosciences, Atlanta GA). The recording sampling
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rate was 12.5kHz, and the spike detection threshold was set at 5.5 standard deviations from the
root-mean square of the background voltage potential calculated over a 10ms moving window.
Upon recording of a voltage above the detection threshold (spike event), 3ms of recording data
was retained, 1msec proceeding and 2msec following the timing of the threshold crossing event.
With a sampling rate of 12.5kHz, the 3ms window around each threshold event results in the
retention of 38 momentary voltage recordings for each spike event. These 38 momentary voltage
recordings are reconstructed into a waveform. From the reconstructed waveform, an array of shape
parameters are calculated for each event, including: maximum voltage (peak), minimum voltage
(valley), waveform amplitude (peak-valley range), time interval between peak and valley, area under
the curve (auc), and non-linear energy (NLE), a parameter describing the ‘sharpness’ around the
maxima and minima of the waveform (Kim and Kim 2000).
The spike sorting process begins by aggregating all of the spike events detected by a given
electrode during all recordings of an experiment, as shown in Figure 26A. Based on the waveform
parameters of all spike events collected on a given electrode, principal component analysis (PCA)
is performed, to minimize the dimensionality of the shape parameters being considered. PCA
is commonly used in spike sorting within retrospective analyses of recordings such as that being
performed here. This is because the variance between waveforms of di˙ering origins is usually largely
explained by the first 2 or 3 principal components; and secondly, the prerequisite condition for PCA
of a complete dataset is met, as opposed to the alternative context of real-time, online, spike sorting
required in most neuroprosthetic applications (Gibson 2012). For this study, all spike events were
projected along the first two principal components as shown in Figure 26B.
Once projected along principal components, clustering of the waveforms is performed to group
those exhibiting the highest degree of similarity. Given the large number of recording channels
(electrodes), 768 per plate, with the potential of using multiple plates per experiment, across multiple
experiments, number of iterations of this analysis would quickly expand into the 1000s or more.
For that reason it proved necessary to automate this process by performing the clustering in an
unsupervised process. To this end, the mean-shift algorithm was applied for this clustering analysis,
implemented through use of the MeanShift library within the R programming language (Fukunaga
and Hostetler 1975; Comaniciu and Meer 2002; Ciollaro and Wang 2016). The use of mean-shift
clustering has particular advantages for the analysis of MEA data over other non-hierarchical
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clustering techniques such as, k-means, since mean-shift does not require an a priori estimate
of the number of groups in the dataset. This is an important practical consideration given that
the number of cells that will be recorded on a single electrode is unknown and variable. While
others have implemented semi-supervised clustering methods relying on k-means for the purpose
of spike sorting in MEA recordings (Slomowitz et al. 2015), this requires manual intervention to
indicate the number of distinct waveform shapes present on each channel. Instead, the mean-shift
algorithm operates by applying a density function to the observed data and identifying the local
maxima across the distribution of the observations, all observations within the dataset are then
mapped or ‘shifted’ to the nearest local maxima. The only variable that needs to be supplied to the
algorithm is the bandwidth term (h) to the kernel density estimator (KDE) function to determine
the degree of curvature supplied to the density function. For this analysis, a Gaussian density
function was applied, while the value of the KDE was determined empirically by applying a range of
values to sample clusterings of a teach-set of electrodes to establish a value which provided accurate
segregation of the waveforms, resulting in the use of h = 1.5. The influence of the KDE in the
mean-shift algorithm is demonstrated in Figure 26C, in which lower values of h result in insuÿcien t
smoothing of the density function, resulting in an over proliferation of local maxima, while higher
values of h result in over smoothing of the density function resulting in only a single maximum.
While the cluster centroids, as shown in Figure 26D, occupy a finite position with respect to the
eigenvectors describing the principal components describing the waveforms shape they may or may
not coincide with any of the points representing individual waveforms. Therefore in order to map
the cluster centroid back to the original shape parameters used in deriving the clusters themselves,
the waveform closest to the centroid is determined by calculating the minimum Euclidean distance
Figure 26E. The shape parameters of this waveform closest to the centroid can thus be used for
evaluating the mean shape di˙erence s between clusters.
Spike sorting in a recording-dependent versus recording-independent fashion
Given the longitudinal nature of the recordings performed in this study, it was important to
assess the e˙ect of performing the mean-shift clustering in a recording-dependent fashion, in which
the clustering is performed several times, once for each set of single recording data, or in a recordingindependent fashion, in which the clustering is performed once on the data from all recordings. In
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Figure 26: Demonstration of Spike Sorting. A Waveforms of 269 spike events captured by a single
electrode across 7 , 30min recordings. B Projection of 269 spike events along principle first two principal

components calculated from waveform shape parameters, blue lines indicate density contours of events. C
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KDE. Cluster centroids indicated in red, value of kernel density estimate denoted above each panel. D Spike
events colored by cluster membership as determined by mean-shift clustering performed with a KDE h=1.5,
cluster centroids are indicated in black. E Mapping of cluster centroids (black circle) to nearest spike (filled
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the latter case, the meta-data describing the recording origin of each event is maintained, so that
the events can still be parsed by recording. The result of these two approaches is shown in Figure
27 in which 269 spikes recorded by a single electrode across 7 recordings were clustered within each
recording (top row), or across all recordings (bottom row). The limitation of the recording-dependent
approach is exposed as a consequence of the uneven distribution of spike events across recordings.
During the fifth recording in which 92 spikes are recorded, the recording-dependent method identifies
the same number of clusters, three, as identified in the recording-independent analysis. However,
during the third recording in which only 35 spikes are recorded, sporadic events that are otherwise
aggregated into cluster #3 (green) in the recording-independent analysis are over-segregated in the
clusters #4 (purple), #5 (dark green), #6 (orange) in the recording-dependent method. The other
limitation to the recording-dependent approach is that since the values assigned denoting cluster
membership are arbitrary, clusters that occupy the same position in principal component space
are assigned to di˙e rent cluster values in di˙eren t recordings, presenting an additional challenge
of correctly associating clusters hosting similarly shaped waveforms based on the cluster identifier
alone.
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Figure 27: Spike sorting within single recordings, verse independent of recording. Result of cluster assignment of spike events recorded
from a single electrode across 7 , 30 minutes recordings. Mean-shift clustering performed independently on spike events from each recording (above) or
across pooled spike events from all recordings (below).

Stochastic nature of firing patterns of individual spike clusters
Having implemented the spike sorting analysis, it is possible to evaluate the firing frequencies of
individual spike clusters, providing a higher resolution of the spontaneous firing than obtained with
the well-level described in Chapters 2 and 3.
The firing frequencies of 237 spike clusters identified within 32 wells across 4 untreated culture
preparations, are shown in Figure 28A. These data show the firing frequencies as average

spikes
sec

(Hz) from 30min recordings taken on three consecutive days. Across the 4 experiments, the timing
of culture media changes was coordinated with respect to the timing of recordings to minimize
di˙erences in firing across experiments as a consequence of the state of media exhaustion.
Examining firing frequencies at the level of individual spike clusters in Figure 28A, the patterns
of firing over time appear largely stochastic. First, the firing frequencies, as indicated by increasing
values from white → black of clusters di˙er dramatically with respect to each other across clusters
within recordings (along rows) and within the same cluster across recordings (down columns), from
a minimum of 0 Hz to a maximum of 15.96 Hz. Additionally, while all clusters are observed firing in
at least one of the recordings, the number of instances in which clusters are inactive during any one
30min recording interval in which the culture is observed is substantial. As shown in the cumulative
density plot in Figure 28B, the proportion of inactive clusters during a given recording ranges from
24% to 41%. Additionally, while the majority of spike clusters exhibit firing frequencies are < 1Hz,
there are a limited number of highly active clusters. The combination of a large proportion of
inactive clusters and a limited number of highly active clusters results in a highly skewed distribution
of firing frequencies as a shown in the left panel of Figure 28C.
The zero-inflated nature of the cluster firing frequencies presents a challenge when aiming to
describe di˙erences in distributions of cluster frequencies, such as in response to experimental
conditions. The strategy of applying a log transformation to the frequency values as described in
Chapter 2 for well-level frequency data is not applicable in this instance, since the result is not a
symmetrical normal distribution as is achieved in that case, but rather an asymmetrical bi-modal
distribution as shown in the right panel of Figure 28C. However, since the values of the firing
frequencies can theoretically assume values from 0 → ∞, an alternative approach is to model the
distribution of cluster firing frequencies with a Gamma (Γ) distribution. Using this method, changes

100

in the firing frequencies across distributions of clusters under di˙eren t experimental conditions
can be assessed using Gamma-distributed generalized linear models (Γ-GLMs) in order to obtain
estimates for the average firing frequency in each condition (McCullagh and Nelder 1989). This
approach is demonstrated in Figure 28D, in which a Γ-GLM was fit to the data model frequency as
a function of recording, and the resulting Γ distributions predicted by the model are overlaid on
the distribution of clustering firing frequencies observed in each recording. The di˙erences in firing
frequencies across recordings are shown in Figure 28E comparing the Γ distributions predicted for
each recording and in Figure 28F comparing the di˙e rences in average Hz ± SE between recordings
based on the estimates obtained from the fitted model.
Paradigms of spike cluster firing patterns
Given the stochasticity observed in the firing patterns of spike clusters over successive recordings,
the firing pattern of any one spike cluster can be thought of as adhering to one of four paradigms:
Persistent, Lost, Recovering, or Emergent, as depicted in Figure 29: i Persistent, pertaining to
clusters active during all recordings of interest; ii Lost, pertaining to those that are active during
initial recordings but not observed in subsequent recordings, either as the result of chance or the
consequence of an experimental perturbation; iii Recovering, pertaining to those that are active
during initial recordings, inactive during interim recordings, yet are observed again in subsequent
recordings, similarly either as the result of chance or the consequence of an experimental perturbation;
and lastly, iv Emergent, pertaining to those clusters that are absent during initial recordings but
observed during subsequent recordings. The Emergent class harbors the caveat that these clusters
may have been absent during initial recordings due to chance, or that the cluster represent waveforms
from a cell active during an initial recording but then as a result of experimental perturbation
produces waveforms with suÿcien tly di˙eren t shape characteristics as to result in the identification
of a distinct cluster than those produced originally. In this potential scenario, the analysis would
identify two distinct clusters, mutually exclusive with respect to time, in which one is Lost and the
other is Emergent. These classifications of firing patterns are not purely semantic, since there are
practical implications for which classes can contribute to the analysis of di˙er ent phenotypes. For
frequency-dependent phenotypes, such as rates of firing, the absence of activity is itself relevant.
However, for frequency-independent phenotypes, such as waveform amplitude (discussed below), the
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phenotype is dependent on activity such that the analysis needs to be restricted to those Persistent
clusters that present during all recordings when these frequency-independent phenotypes are being
assessed.
Effect of pore-forming toxins on cell viability
In order to model the e˙e cts of membrane perforation on the spontaneous firing frequency
and magnitude of voltage potentials generated by neurons, cultures were treated with the well
characterized pore-forming toxin, α-hemolysin (αHL) derived from Staphylococcus aureus (Parker
and Feil 2005). The non pore-forming, N a+ -channel blocker tetrodotoxin (TTX) was used for
comparison (Narahasi, Moore, and Scott 1964). In order to determine the maximum tolerated dose
of these two toxins, a cell viability assay was performed to assess the induction of cell death in
cultures following treatment with a titration of each agent. Cortical cultures were treated with
titrations of αHL (0.25 - 16 µg/mL) and TTX (0.001 - 1 µM) for 24hr, after which viability was
assessed by detection of lactate dehydrogenase (LDH) released into the culture media. As shown in
Figure 30, αHL was tolerated up to 4µg/mL causing an ~ 30% reduction in viability, while TTX
had negligible e˙ect on viability even at the highest dose tested. Based on these data, αHL was
used at a maximum concentration of 4µg/mL in all subsequent experiments.
Examining changes in firing frequency in response to treatment with pore-forming
toxin, recombinant Aβ42 , and human brain extract
Effect of TTX and αHL
In order to assess whether these concentrations of TTX and αHL were suÿcien t to cause an
e˙ect on the generation of action potentials, the frequency of spontaneous firing was assessed in
cultures treated with a titration of TTX or αHL at 24hr following treatment, and again at 24hr
following the removal of treatment (washout). The data were modeled using a Γ-GLM, estimating
the average Hz across the spike clusters within each condition as a function of treatment and
recording. Di˙ere nces in firing frequencies between conditions were assessed using a general linear
hypothesis test (Hothorn, Bretz, and Westfall 2008). As shown in Figure 31, treatment with 0.1µM
TTX (0.0266 ± 0.00121 Hz ) and 1µM TTX (0.000556 ± 2.2e-05 Hz ) as well as 4µg/mL αHL
(0.0586 ± 0.00225 Hz) resulted in a significant decrease in firing frequency compared to treatment
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with media alone (0.24 ± 0.00809 Hz), p = 0.0148, 0.000135, and 0.0088 respectively. While 2µg/mL
αHL (0.127 ± 0.00435 Hz) also appeared to induce a decrease in firing relative to control, the
di˙erence was not significant, p = 0.234. Following the washout of treatment, the TTX treated
conditions show a complete restoration of firing activity, returning to levels comparable with that of
media alone, while firing within the 4µg/mL αHL treatment condition was still significantly reduced
compared to media alone, p = 0.0139. While the firing frequency within the 4µg/mL αHL condition
increased following the removal of treatment, to 0.0984 ± 0.00378 Hz from 0.0586 ± 0.00225 Hz,
suggestive of some recovery, this increase was not significant, p = 0.8201
The observed decrease in firing frequency amongst the 4µg/mL αHL treated condition following
treatment could be partially attributable to the e˙ect on cell viability at this concentration (Figure
30), given that the e˙ect was seen both in the presence of the toxin and sustained following its
removal. This analysis examined the average firing frequency across all clusters active during each
recording, and not specifically the change in firing frequency amongst cluster that showed persistent
activity across recordings. Performing the analysis on the aggregate of all clusters is necessary to
capture the e˙ect of a treatment with the magnitude of e˙ect of 1µM TTX, in which there are no
active clusters in the treated condition in which the comparison can be made.
Effect of recombinant oligomers of Aβ42
As previously discussed in Chapter 3, treatment of cultures with super-physiological concen-
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trations of recombinant Aβ42 showed no e˙ect on spontaneous firing examined at the well-level in
this culture model. Previous studies reporting that recombinant Aβ42 did reduce spontaneous firing
frequency in a MEA-based culture model, assessed the e˙ect at the individual electrode level rather
than aggregated frequency of events across the electrode array (Kuperstein et al. 2010; Charkhkar
et al. 2015). While the e˙ect size on firing frequency reported in these studies was suÿcien tly
substantial that it would likely have been apparent when integrated across the entire array, it is
possible that a higher level of resolution is necessary to detect the influence of recombinant Aβ42
on spontaneous firing in our experimental system. To test that possibility, the data from that
experiment was re-examined following spike sorting, to determine whether there was a change in
the firing frequency at the cellular level (spike cluster), a degree of resolution even greater than
that of the individual electrode. However, as shown in Figure 32, even when examined at this level,
there is no significant decrease in spontaneous firing amongst the Aβ42 treated conditions.
Effect of human brain extract
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Lastly, the e˙ect of human brain extract on spontaneous firing at the level of spike clusters was
examined at 4 days following the addition treatment, and again 2 days following the removal of
treatment (washout). As shown in Figure 33, within 4 days of treatment the firing frequency of spike
clusters within cultures treated with extract from an AD individual ALB01 (0.059 ± 0.0013 Hz) is
significantly deceased compared to treatment with either media alone (0.455 ± 0.0086) or extract
from Low-pathology, non-cognitively impaired (LP-NCI) individual MGH1887 (0.296 ± 0.0075),
p = (4.72e-10) and (6.54e-09) respectively. Meanwhile, treatment with extract from individual
MGH1887 does not induce a significant decrease in firing compared with media alone, p = (0.843)
Interestingly, following the removal of treatment, there is a significant increase in firing frequency
within the AD extract treated condition, 0.201 ± 0.0042Hz 2-day following washout compared with
0.059± 0.0012Hz following 4-days in the presence of brain extract treatment, p = 5.8e-06. Of the
563 unique spike clusters identified amongst the ALB01 treated cultures across all recordings, 211
clusters were active during the washout recording, as opposed to only 136 in during exposure (p =
1.67e-06, Fisher’s test). This suggests that the increase in firing frequency with the ALB01 condition
during washout is due to restoration of activity with cells recovering from exposure to AD brain
extract rather than an increase in firing frequency amongst residual surviving neurons.
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Figure 33: Spike cluster firing frequencies within human brain extract treated cultures. Firing frequencies
(Hz) of spike clusters within cortical cultures treated with human brain extract from AD individual ALB01
(dark green) and LP-NCI individual MGH1887 (orange). Recordings from three times points: untreated (open
bars), day-4 post treatment (filled bars), and day-2 following removal of treatment, washout (half-filled bars).
Treatment of ( 104 replicate wells, across 9 experiments) for media alone, ( 98 , 9 ) for ALB01, and ( 50 , 4
) MGH1887. Data presented as mean ± SE Hz obtained from estimates of gamma-GLM modeling frequency
as function of treatment and recording. Di˙erences in frequencies assessed by general-linear hypothesis test,
significance indicated by brackets and associated p-values. Significant di˙er ences between media alone:ALB01
(p = 1.3e-05 ) and MGH1887:ALB01 (p = 0.0062 ) at washout not indicated on plot.
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Figure 34: Comparison of firing frequency and waveform amplitude. Left, Firing frequency (Hz) and waveform amplitude (µV) for 5506

spike clusters within untreated cortical cultures. Waveform amplitude determined by cluster centroid.Center, distribution of spike cluster waveform
amplitudes, dash line indicating 30 µV threshold used for selecting clusters for assessing changes in waveform amplitude in response to treatment.Right,
examples of low amplitude (teal), mid amplitude (gold) and high amplitude (persimmon) amplitude waveforms.

Investigating the effect of pore-forming toxin and human brain extract on voltage
potential amplitudes
Having examined changes in firing frequency at the cluster level, the next question was whether
it is possible to assess disruptions in membrane integrity by assessing changes in the amplitude of
voltage waveforms emitted from the generation of action potentials.
The relationship between the firing frequency and waveform amplitude of spike clusters is shown
in the left panel of Figure 34. As expected there is minimal correlation between the rate at which a
neuron fires and the detected amplitude of the resulting voltage potential. This lack of correlation
stems from the di˙eren t factors underlying the generation of theses properties and the manner in
which they are detected in this system. The firing frequency of a neuron, absent any exogenous
experimental stimulus, arises from the intrinsic properties of that particular class of neuron and
the excitatory and inhibitory inputs it receives from other neurons that have formed synapses
on it (Bean 2007). Conversely, while the action potentials of all neurons are expected to be of
the magnitude of ~ 70-100mV with respect to the charge disparity between the intra-cellular and
extra-cellular space, the potential that is detected by the extra-cellular recording electrode of the
MEA is dramatically influenced by the physical constraints of the system. If a firing neuron is
modeled as a point source of charge, the extra-cellular potential Ve could be approximated from
Coulomb’s law, such that:

Ve =

I
4πdσ

where I is amplitude of a point source of current (A), and d is the distance from the source
(meters), and σ is the conductivity (Siemens/meters) of extracellular space (Gold, Henze, and Koch
2007). However, since neurons are better approximate by cylinders whose length is much greater
than their transectional radius, the model is refined by the Linear Source Approximation (LSA)
described by Holt and Koch (Holt and Koch 1999). Thereby approximation of the extra-cellular
potential is instead modeled as:
√
I
h2 + r 2 − h
Ve =
log p 2
4πσ∆s
l − r2 − l
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where ∆s is the length of the cylinder, r is the radial distance from the cylinder, h is the
longitudinal distance from the end of the cylinder, and l = h + ∆s representing the longitudinal
distance from the beginning of the cylinder (Holt and Koch 1999; Gold et al. 2006; Gold, Henze,
and Koch 2007). The practical consequence of this is that the waveform of extra-cellular voltage
potential will vary drastically depending on the spatial orientation with respect to and distance
between the firing neuron and the recording electrode, with an amplitude in the range of (~10 100µV), 2 to 3 orders of magnitude below the potential across the cell membrane (Gibson 2012;
Buzsáki, Anastassiou, and Koch 2012). Taken together, these considerations explain the wide range
in firing frequencies (Hz, x-axis) and voltage amplitude (µV, y-axis) observed across this population
of spike clusters.
Since an increase in conductance across the membrane resulting from perforation by αHL or
Aβ42 would be expected to cause a decrease in waveform amplitude, the analysis was limited to
spike clusters exhibiting a potential of at least 30µV prior to treatment to allow for a suÿcien t
dynamic range of response. This threshold is indicated by the dashed line on the histogram in center
of Figure 34. Additionally, in an attempt to estimate the magnitude of the change in amplitude on
individual cells, the analysis was limited to those persistent clusters that were active during both
the untreated and treated recordings.
The estimate of the e˙ect of treatment on waveform amplitude has to account for several factors
within the data. First, the estimate of the amplitude of a given neuron during a recording period
is derived from the random sample of firing events detected from that neuron, which will exhibit
a certain degree of variability. Next, the amplitude across spike clusters varies greatly both prior
to the initiation of treatment, and likely in response to treatment. Additionally, multiple spike
clusters can be detected by a single electrode. Each electrode will exhibit a range of sensitivity due
to either the micro-environment within the culture in which they reside, and/or in the physical
circuitry connecting them to the recording device. Finally, these data were collected across several
experiments relying on separate preparations of cultures and reagents, which can contribute to
additional variability. Therefore, in order to obtain an estimate for the e˙ect of each treatment
on waveform amplitude while accounting for these sources of variability, a linear mixed-e˙ect
model (LME) was constructed to predict log10 µV as a function of the fixed e˙ects of treatment
and recording (untreated and treated), while controlling for cluster, electrode, and experiment as
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nested-random e˙ects (Pinheiro and Bates 2000). The construction of the model is demonstrated in
Figure 35 for two treatments, media alone and 4µg/mL αHL. Based on the raw data of individual
waveforms, a series of linear regressions are fit, first based on waveforms within an individual
spike cluster, then for all clusters detected by a common electrode, all electrodes within a single
experiment, and finally for the e˙ect of treatment across all experiments.
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Figure 35: Determining change in waveform amplitude using linear-mixed model. Modeling e˙ect on waveform amplitude in response to

treatment media alone (top row) or 4µg/mL αHL (bottom row) across untreated and treated recordings. Estimates derived from amplitude values of
individual waveforms (closed points, sample of 2000 shown per condition), and refined at level of spike cluster (open circles), electrodes, experiment,
and treatment, indicated above each panel. Estimates at each level shown in red, with estimates of subsidiary level shown in gray.

Effect of pore-forming toxin on voltage amplitudes
This method was applied to the recording data from treatment of cultures with a titration of
TTX and αHL, in order to determine whether an increase in membrane conductance resulting
from exposure to a pore-forming toxin would result in a decrease in the amplitude of the voltage
waveforms detected. The results in Figure 36 show that treatment with either 2µg/mL αHL (-0.068
± 0.034 ∆log10 µV ) or 4µg/mL αHL (-0.074 ± 0.034∆log10 µV ) induced a significant decrease in
waveform amplitude compared to treatment with media alone, p = 0.006 and 0.003 respectively.
While the media alone condition appeared have a slight increase in waveform amplitude (0.046 ±
0.027 ∆log10 µV ), this estimate is not significantly di˙eren t from zero, p = 0.09. While treatment
with 0.1µM TTX (-0.02 ± 0.04 ∆log10 µV ) showed a slight decrease in waveform amplitude as well,
this di˙erence was not significant, p = 0.1. Treatment with 1µM TTX could not be included in this
analysis, since this concentration caused complete inhibition of firing activity (there were no active
spike clusters during the treated recording with which to perform the comparison with waveform
amplitudes prior to treatment).
Table 11: neurotoxin treatment, waveform analysis
treatment

n Clusters

n Spikes

43
17
13
27
16
13

47644
21368
9893
26258
25113
25570

media alone
0.01µM TTX
0.1µM TTX
1µg/mL αHL
2µg/mL αHL
4µg/mL αHL

It is worth noting that the significant e˙ects on waveform amplitude are somewhat modest.
The estimated change of -0.074 ∆logµV within the 4µg/mL αHL treated cultures translates to a
potential di˙erence on average of -5.74µV after accounting for the baseline amplitude amongst the
spike clusters. That said, due to the attenuation of voltage potentials detected by extra-cellular
electrodes as a result of distance from the neuron and resistance of the extra-cellular milieu (discussed
above), the decrease in potential across the cell membrane is probably a 100X greater or more.
Despite this attenuation of signal, the resulting decrease in amplitude is still apparent. Figure 37
shows waveforms from the spike cluster within the 4µg/mL αHL treatment condition exhibiting the
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Figure 36: Change in waveform amplitude following treatment with pore-forming toxin. Esti-

mated of change in spike waveform amplitude (∆log 10 µV) of spike clusters within cortical cultures treated
with titration of TTX (green) or αHL (blue), across untreated (0hr) and treated (24hr) recordings. Treatment
of 22 - 39 replicate wells per condition across four experiments. Data presented as mean ± SE Hz obtained
from linear mixed-e˙ec t model fitting waveform amplitude as function of treatment and recording. Di˙erences
in waveform amplitude assessed by general-linear hypothesis test, significant di˙erenc es indicated by brackets
and associated p-values. Table indicates number of spike clusters, and spike events available for analysis in
each condition.

largest change in amplitude (∆ 14.2µV) during the pre and post treatment recordings.
Lastly, is important to emphasize that despite treatment with 4µg/mL αHL inducing a slight
decrease in cell viability (Figure 30), any such decrease in viability would not be consequential for
the e˙ect on waveform amplitude, since these estimates were derived purely from those clusters
active during both the untreated and treated recordings.
Effect of human brain extract on voltage amplitudes
Finally, the waveforms of spike clusters within cultures treated with human brain extracts
from an LP-NCI and AD individuals were examined to determine whether the presence of Aβ42
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Figure 37: Magnitude of effect on spike amplitude following treatment with αHL. Comparison

of waveforms within spike cluster demonstrating the largest change in amplitude (µV) amongst the 4µg/mL
αHL treatment condition. Sample of 50 waveforms per recording shown, untreated (light blue) and treated
(dark blue).

contributes to a decrease in amplitude of voltage. As shown in Figure 38, while change in waveform
amplitude is significantly decreased in response to treatment with AD individual ALB01 extract
(-0.091 ± 0.022∆log10 µV ) compared to media alone (0.0061 ± 0.014∆log10 µV ), p = 0.00085, there
is no significant di˙erence between the decrease in elicited by the extract of the AD individual
ALB01 and that of the LP-NCI individual MGH1887 (-0.043 ± 0.02∆log10 µV ), p = 0.094. Notably,
the decrease in amplitudes within the brain extract treatments, for ALB01 (-7.49µV) and MGH1887
(-4.14µV), is comparable to the magnitude of e˙ect seen for 4µg/mL αHL (-5.74µV), after accounting
for the amplitudes observed prior to treatment. In contrast, assessment of changes in waveform
amplitudes in cultures treated with 0.125µM - 1µM recombinant Aβ42 showed that there was no
significant decrease relative to treatment with media alone at any concentration (not shown).
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Figure 38: Assessing change in waveform amplitude following treatment with human brain

extract. Estimated change in spike waveform amplitude (∆ log 10 µV) of spike clusters within cortical
cultures treated with human brain extract from AD individual ALB01 (dark green) and LP-NCI individual
MGH1887 (orange), between untreated (day-0) and treated (day-4) recordings. Treatment of ( 104 replicate
wells, within 9 experiments) for media alone, ( 98 , 9 ) for ALB01, and ( 50 , 4 ) MGH1887. Data presented
as mean ± SE Hz obtained from linear mixed-e˙ect model fitting amplitude as function of treatment and
recording. Di˙er ences in amplitude assessed by general-linear hypothesis test, significance indicated by
brackets and associated p-values. Table indicates number of spike clusters, and spike events available for
analysis in each condition.

Table 12: human brain extract treatment, waveform analysis
treatment

n Clusters

n Spikes

192
34
53

223646
50156
78620

media alone
ALB01
MGH1887

Discussion
Through this work, a spike sorting analysis pipeline was developed for the purposes of identifying
the voltage waveforms (spike clusters) of individual neurons from the aggregate data obtained from
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multi-electrode arrays recordings of primary cortical cultures. This pipeline is comprised of open
source software utilizing the R statistical programming language. This analysis o˙ers advantages
over the commercially available software products available for this purpose, specifically in that
it provides flexibility to perform spike sorting across data from multiple recordings, and that it
can be executed within a parallel computing environment, utilizing multiple CPUs within a high
performance computing cluster. The ability to perform spike sorting across multiple recordings is an
important distinction of the pipeline developed here relative to other packages. This is important,
given the longitudinal nature of many MEA experiments, and the problems with sorting separately
for each time point (Figure 27). Further, the ability to leverage parallel computing is advantageous
given the large number of recording channels to be assessed (768 within the instrument used for this
study) and the time and computationally intensive nature of the mean-shift algorithm underlying
the analysis.
Utilizing this analysis pipeline, the dynamics of neuronal firing were examined at a basal level
of activity and in an in vitro model of Alzheimer’s disease. Recordings of untreated cultures over
several days revealed highly stochastic patterns spontaneous firing of individual cells (Figure 28).
This observation provided essential grounding for how to draw inferences about changes in firing
patterns across populations of spike clusters, as demonstrated with the use of Γ-distributed GLMs.
Examining these changes in neuronal firing within the context of an AD model, treatment of
cultures with brain extract from an AD individual as expected caused a decrease in the number
of active clusters and firing frequency across the population. Interestingly, the partial recovery of
spontaneous firing observed in the culture following removal of AD brain extract was attributed to
an increase in the number of active clusters, suggesting that the initial loss in firing observed in the
presence of treatment was not simply due to a loss in viability (Figure 33).
In addition to assessing the firing frequency, changes in the amplitude of waveforms originating
from individual cells were examined as a means of assessing changes in voltage potentials resulting
from perforation of the cellular membrane consistent with the ‘channel hypothesis’ of Aβ42 toxicity.
In order to establish the validity of this approach, changes in waveform amplitude were assessed in
response to treatment with a pore-forming toxin, αHL, and non-pore forming, channel blocking
toxin, TTX. Treatment with low doses of 2µg/mL and 4µg/mL αHL produced significant, albeit
modest decreases in waveform amplitudes on the order of -5.6µV and -5.74µV. Treatment with AD
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brain extract actually induced a decrease in waveform amplitude comparable with that of αHL,
-7.49µV. However, attributing this decrease to an e˙ect of Aβ42 is belied by the finding that this
decrease is not significantly greater than that induced by treated with brain extract from an LP-NCI
individual, -4.14µV, and that treatment with high doses of recombinant Aβ42 had no e˙e ct on
waveform amplitude.
In summary, spike sorting analysis of MEA recordings allows for higher resolution insights into
the dynamics of individual cells within populations of spontaneously firing neurons. This study
describes the development of an analysis pipeline that is capable of scaling to handle the volume
of data generated by multi-well MEA instruments. The application of this analysis has allowed
for further characterization of the response of cultured neurons to exposure of AD human extract,
including decrease and restoration of firing frequencies as well as alterations in the magnitude of
voltage potentials recorded. Expanding upon the high temporal resolution of the data (~100µs)
provided by MEA recordings with the means for resolving the signal down to the cell-level will allow
for investigation other phenotypes not examined here, including identification of bursts of firing and
behavior across networks of neurons.
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Methods
Reagents
Alpha hemolysin (αHL) and tetrodotoxin (TTX) were purchased from Sigma Aldrich (St. Louis,
MO). Both reagents were reconstituted in sterile water, and diluted to the specified concentration
in BrainPhys culture media containing SM-1 neuronal supplement (StemCell Technologies). Human
brain extracts were prepared in BrainPhys culture media as previously described (Chapter 2 Methods).
Tissue Culture and MEA Recordings
Cortical cultures were established on 96-well multi-electrode array plates (Axion Bioscience,
Atlanta GA) from E18 Sprague Dawley rats (Charles River Laboratories, Wilmington MA), and
maintained in BrainPhys culture media; all MEA recordings were performed using a Maestro
multi-well MEA recorder (Axion Bioscience), as previously described (Chapter 2 - Methods).
MEA recordings were performed daily during all experiments. Untreated recordings were taken
prior to addition of treatment on the day treatment was initiated. Treated recordings represent 1-day
post treatment for αHL/TTX experiments, and 4-day post treatment for brain extract experiments.
Washout recordings represent 1-day following removal of treatment for αHL/TTX experiments, and
4-day post treatment for brain extract experiments. All treatments were added as 1X in 200µL
following a complete media change, washout constituted a complete removal of treatment containing
media, 1 time wash with fresh culture media, and replacement with 200µL of fresh culture media
without treatment.
Cell Viability Assay
Cell viability was assessed using the Pierce LDH Cytotoxicity assay kit (ThermoFisher Scientific,
Waltham MA) according to manufacturer’s protocol. Briefly, 50 µL of treated culture media along
with 50 µL of detection reagent were combined in a clear 96-well microtitre plate, and incubated at
room temperature for 30min. Following incubation, the stop reagent was added, and optical density
(OD) was measure at 490nm and 680nm using a Synergy HT plate reader (BioTek, Winooski VT).
Percent viability was calculated by first subtracting the OD680 from the OD490nm , then normalizing
each observation to the median values of the cell lysis positive control (PC) and the untreated
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negative control (NC) using the equation:
N (x) = (1 −

ODx − OD˜N C
) × 100
OD˜P C − OD˜N C

Spike Sorting
Raw voltage, timestamp, and value of crossing threshold for each spike event were extracted
from the .spk files of MEA recordings produced AxIS acquisition software (Axion Bioscience),
using custom MatLab scripts (MathWorks, Natick MA) using extractor functions provided AxIS
version 2.4. Following extraction of the raw recording data, all analyses were performed using
the R statistical programming language (R Core Team 2017). For each spike events the following
metrics were calculated based on the vector of 38 momentary voltage measurements within each
instance: maximum voltage (peak), minimum voltage (valley), waveform amplitude (peak-valley
range), time interval between peak and valley, area under the curve (AUC ), and non-linear energy
(NLE). AUC was calculated using the auc function within the R MESS library (Ekstrøm 2018),
NLE was calculated using the equation provided by Kim and Kim (2000).
Ψ(xn ) = x2n − (xn−1 × xn+1 )
The data were aggregated across all recordings in a given experiment, and segmented based on
individual electrode. Principal components analysis was performed using the prcomp function within
the base R stats library, following log transformation of the metrics as recommended by Venables
and Ripley (2002). Mean-shift clustering of spike events was performed based on the values of the
first two principal components using the msClustering function within the R MeanShift library
(Ciollaro and Wang 2016), using a Gaussian kernel and bandwidth value of h = 1.5. All spike sorting
analysis was performed on the O2 high performance computing cluster (Research Computing Group,
Harvard Medical School, Boston MA).
Statistical Analyses
Gamma distributed generalized linear models for the distribution of spike cluster frequencies
were constructed using the glm function within the base R stats library. Firing frequency, Hz,
was modeled as the dependent variable, while treatment and recording were used as interacting
122

categorical independent variables. The inverse link function was applied for translating the model
coeÿcien ts estimating β, the rate term of the Γ distribution, to the distribution average µ. Linear
mixed effect models for estimating changes in waveform amplitudes were constructed using the lme
function within the R nlme library (Pinheiro et al. 2018). Amplitude, log10 µV was modeled as
the dependent variable; treatment and recording were interacting categorical fix-effect variables;
and spike cluster, electrode, and experiment were nested random-e˙ect variables. General linear
hypothesis tests for comparing the predictions of the GLM and LMEs were performed using the
contrMat, glht summary.glht functions within the R multcomp library (Hothorn, Bretz, and
Westfall 2008). Adjustments to p.values for multiple comparisons was done using the default
“single-step” method within summary.glht. All Figures were generated using the R ggplot2 and
accompanying ggpubr libraries (Wickham 2016; Kassambara 2018).
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Chapter 6: Discussion
The intent of this study was to investigate the e˙ects of Alzheimer’s disease (AD) pathology on
the functional behavior of neurons, with a focus on the e˙ects of soluble amyloid-β (Aβ) species.
To do so, e˙orts were made toward developing an in vitro assays that: i reflects the physiology of
the Alzheimer’s brain, ii could be used to identify species associated with AD pathology influencing
neuronal function, and iii is amenable to testing investigational therapeutic agents. The decision
was made to develop this system utilizing primary cortical cultures and multi-electrode arrays
(MEA), as this would provide a means to monitor the spontaneous firing of neurons in vitro over
extended periods of time.
As outlined in Chapter 2, in order to implement this strategy a review of the literature was
performed to ascertain best practices for MEA methodology. Building upon the information in the
reported protocols, several aspects of experimental design and data analysis were considered and
validated. These included, though were not limited to: surface preparation, growth media, culture
maturity, recording duration, data acquisition parameters, and assay reporting metrics. Included in
this work was an assessment of the variability in spontaneous firing frequencies across MEAs and
the development of software tools for assisting in cohort assignment for MEA experiment design.
In order to assess the e˙ects of Aβ in this system, cultures were treated with aqueous-soluble
brain extract from AD patients or not cognitively impaired individuals who did or did not exhibit
AD pathology (HP-NCI, LP-NCI). Soluble brain extract was chosen as the perturbation for these
experiments as it harbors the most disease relevant species of Aβ and these extracts have been used
in other experimental systems reporting the modulatory e˙ects that Aβ has on neurons (Wang et
al. 2017; Yang et al. 2017; Jin et al. 2018).
As presented in Chapter 3, the e˙ects on firing activity observed in this system could not be
attributed to Aβ, nor did the e˙ect size of the extracts conform to the diagnosis of the individual. In
this sense the MEA system as reported could be considered a poor assay for investigating the actions
of Aβ or simply for detecting di˙erences between the e˙e ct of AD and non-AD brain. However, that
conclusion would be seem premature. These extracts are in reality complex mixtures representing
the protein microenvironment of the human brain. So, while hypothesized that the Aβ species
contained within would be primarily responsible for e˙e cts on neuronal firing, it does not preclude
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the possibility that other factors may be involved.
The results of additional experimentation indicated that the e˙ec ts on spontaneous firing were
due to proteinaceous species within the brain extracts. Thus, it was diÿcult to conclude from the
collective data whether the e˙ects on firing activity detected were simply a poor indicator of AD
pathology, or if the observed e˙ects are an accurate representation of the variability in protein
expression across individuals not reflected in the categorical assignment of diagnosis.
Nevertheless, given the lessons learned from this study, any future e˙orts utilizing MEAs to
assess functional neuronal activity using human brain extract should give consideration to the
refinement of the preparation prior to treatment. Having failed to do so here, compounded with the
inherent variability in primary patient samples ultimately made meaningful interpretation of these
data challenging.
In order to assess di˙erences in the constitutive proteins across the brain extracts for AD,
LP-NCI, and HP-NCI individuals, unbiased proteomic profiling was performed on these samples.
Hierarchical clustering blinded with regard to diagnosis and based solely on the correlated expression
of over 1800 proteins resulted in the identification of two groups of individuals. Gene Ontology
enrichment analysis based on di˙eren tially expressed proteins helped reveal that the two groups were
characterized by disparities in major elements of the ubiquitin-proteasome pathway, and proteins
associated with vesicle processing and apoptosis. Further analysis examined the correlation of
protein expression within the brain extracts with the observed e˙ects in the MEA spontaneous firing
assays and a separate imaging-based neurite integrity assay. This indicated that particular protein
chaperones and modulators of microtubule structure that may be protective of these structural
and functional phenotypes. Conversely, modulators of lipid metabolism emerged that may be
acting to precipitate their decline. Collectively, the unbiased assessment of protein expression in
conjunction with the phenotypic assay results presented a number of protein candidates worthy of
further investigation for their potential role in AD pathogenesis.
In Chapter 4, of the two in vitro assays used to assess brain extracts the diverging e˙ects
observed in the neurite integrity assay better aligned with the segregation of extracts designated by
hierarchical clustering of protein expression profiles. Given the intrinsic relationship between neuron
structure and function one would expect the output of the neurite integrity and MEA-spontaneous
firing assays to be complementary if not equally predictive. Therefore, it worth considering the
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di˙erences between the two assays whether elements of one could be used to refine the other. One
distinction is that the cultures used in the neurite integrity assay were human induced pluripotent
stem cell (iPS) derived neurons. Thus, the neurite integrity experiment consisted of treatment of
human cells with human brain extract. Yet, the iPS-derived neurons in the neurite integrity assay
are cultured under di˙eren t conditions due to the requirements of that particular assay platform. In
order to resolve the neuritic structures using bright-field microscopy the neurons are grown in the
absence of glia and much sparser than the cultures in the MEA assay (1.5 × 104 versus 2.4 × 105
cells/cm2 ). At the outset of this study several years ago, the use of primary rodent cortical cultures
was chosen over human iPS-derived neurons in order to establish this experimental system without
the variability introduced by repeated di˙eren tiations of iPS cells. The use of primary cortical
cultures also served as a ready source for a mixed population of neurons and glia, better representing
the cellular environment of the brain. Since that time e˙orts by colleagues in the Young-Pearse
laboratory implementing the iN di˙eren tiation protocol described by Zhang et al (2013) have been
able to reliably generate human neurons that demonstrate levels of spontaneous firing activity in
MEA recordings comparable to that observed in primary rodent cultures. Additionally, a number
of methods have been reported for generating populations of glial cells, including astrocytes and
microglia, by either transdi˙eren tiation of primary cell or di˙eren tiation of iPS cells (Ryan et al.
2017; Abud et al. 2017). While not fully recapitulating the cellular landscape of the brain, together
these developments now allow for testing the e˙ects of AD brain extracts on dense cultures of human
neurons and glia using MEA recordings.
Future directions for modeling AD with multi-electrode arrays in vitro
Beyond assessing the e˙ec ts of Aβ pathology using species from primary samples, MEAs can be
employed in modeling AD biology through testing the functional e˙ects of mutations or modifications
of disease related genes as has been done for studies of neurological disorders such as epilepsy,
amyloid-lateral sclerosis, neuropathic pain, and others (Wainger, Kiskinis, et al. 2014; Wainger,
Buttermore, et al. 2014; Nageshappa et al. 2016; DeRosa et al. 2018). Applying the methods
discussed in Chapter 2 regarding balancing activity levels of cohorts and statistical power per sample
size, it is possible to design interpretable experiments while accounting for the modest e˙ect sizes
that may be expected from these genetic perturbations. To this end preliminary experiments have
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been performed with my colleague in the Young-Pearse laboratory, Dr. Marty Fernandez, to examine
e˙ects of endogenously generated Aβ on spontaneous firing by introducing APP variants harboring
mutations associated with familial AD into mature cultures via lentiviral vectors. Additional e˙orts
have been made to examine the e˙ect of APP loss through through use of a tamoxifen-inducible Cre
knockout system, expanding on findings from other colleagues in the Young-Pearse laboratory that
deletion of APP leads to abnormalities in the developing cortex (Callahan et al. 2017). Similarly,
initial attempts have been made in collaboration with the laboratory of Prof. Bruce Yankner to assess
the e˙ec t on firing activity following the elimination of neuron-restrictive silencer factor (REST) a
transcriptional repressor shown to be neuroprotective in the aging brain and down-regulated in AD
(Lu et al. 2014).
While many studies using MEAs, including this one, have relied on mean-firing-rate or similar
aggregated spike frequency metrics for reporting activity, these instruments have typically been
used as a tool for studying neuronal networks (Taketani and Baudry 2006). In Chapter 5 a method
for spike-sorting analysis was described that can be implemented in a distributed, unsupervised
fashion. This technique facilitates resolving the timing of firing events from individual neurons
in dense cultures to allow for reconstruction of activity networks down to the single cells level.
While other studies have examined network dynamics within cultures on in vitro MEAs, these have
typically been carried without first identifying individual cells through spike sorting and instead
have examined the temporal correlation of events at the electrode level (Vincent et al. 2013). This
obfuscates elements of the network, since activity of multiple cells is likely being aggregated on a
single electrode. Taking advantage of parallel computing, the approach described can be readily
scaled in order to perform this analysis on data from multiple arrays in a timely fashion. This allows
for experiments assaying for changes in network dynamics rather than simply aggregated spike
frequency. This is relevant for modeling AD biology, as the changes in neuronal activity are likely
to present as aberrant firing patterns rather than simply an increase or decrease in the frequency of
spiking events (Palop and Mucke 2010). Building on this, a collaboration has been started with Prof
Vilas Menon of Columbia University to use the outputs out the spike sorting methods described here
to examine the emergence of network activity within human iPS-derived neuronal cultures overtime.
Additional analyses in Chapter 5 demonstrated the ability to detect changes in the amplitude
of waveforms within a spike cluster following treatment with the pore forming toxin α-hemolysin.
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While outside the scope of modeling AD biology, this type of analysis may have broader application
in the field of toxicology where MEA systems are commonly used. The technique described here for
monitoring changes in action potential amplitude is analogous to the methods used for detecting
changes in QT intervals in cardiomyocytes recorded using MEAs (Tertoolen et al. 2018).
Taking it to the next dimension
In a recent review of the field, De Strooper and Kagan critiqued the in vitro models commonly
used to study AD as being “too acute” for modeling a disease so complex and protracted in its
development (2016). Regardless of the culture type, perturbation, or sophistication of the assay
metric, using cells that are days to weeks old and assaying changes on the scale of hours to days
to understand a disease that takes decades to manifest is counter intuitive. This criticism rightly
extends to the type of models described in this study. However, modeling the disease on its natural
timeline for the purpose of experimentation is also clearly unreasonable. This logically leads to more
sophisticated models such as 3-dimensional in vitro culture techniques or in vivo animal models
where the pathology emerges endogenously. The use of MEAs is advantageous for assessing the
activity of neuronal populations in 3D systems as the signal does not have to be resolved to a
narrow horizontal plane as required of live imaging-based detection methods. As such, elements of
the analyses performed in this study will be transferable to these 3D models.
Numerous animal models of AD have been developed exhibiting elements of AD pathology by
expressing transgenes of human APP or MAPT (Newman et al. 2017). While no AD mouse model
fully mimics all symptoms and pathology of the disease, they are considered to represent early
alterations occurring in the AD brain (Zahs and Ashe 2010; De Strooper and Karran 2016). In vivo
multi-electrode recordings taken in AD mice have shown disrupted firing patterns during sleep states
and spatial memory tests (Cheng and Ji 2013; Menkes-Caspi et al. 2015; Miranda et al. 2018).
While animal models are valuable tools, scaling rodent experiments is diÿcult for practical and
humane reasons. Also, performing recording in live animals also presents the additional challenge
of parsing the changes in firing activity resulting from the e˙ect of the perturbation away from
the complex variations in activity of the brain itself. Moreover, extrapolating findings from rodent
models to humans is inexact, hence the e˙orts toward developing human iPS-derived neuronal
models of AD. In the near term, a more representative in vitro approach for modeling AD in human
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cells may come from a 3D human iPS-derived culture models. A report by Choi et al using a human
neural progenitor cell line over-expressing numerous copies of APP and PSEN1 each harboring
familial AD mutations, demonstrated a 3D in vitro culture model that exhibited both Aβ deposits
and hyper-phosphorylated tau fibrils (2014). This indicated that it is possible to replicate essential
elements of AD pathology in an in vitro systems. Separately, a reported by Lancaster and colleagues
showed an approach for generating complex 3D ‘cerebral organoids’ derived from pluripotent stem
cells (2013). Subsequent studies using cerebral organoids derived from an AD iPS line showed
disease related phenotypes, including: increased Aβ42 expression, tau phosphorylation, and enlarged
Rab-5 positive endosomes, though these reports did not include finding of amyloid deposits for tau
fibrils (Raja et al. 2016; Lin et al. 2018). The method also was employed by Quadrato et al to
generated cerebral organoids expressing retinal-like cells expressing photoreceptors. Performing
recordings using a close-packed silicone micro-electrode arrays, this study was able to remarkably
show that these retinal-like cells within these organoids were able to generate action potentials in
response to light stimulus (Quadrato et al. 2017; Scholvin et al. 2016). Combining the cerebral
organoid and micro-electrode recording methods could provide a human cell model where it is
possible to monitor changes in spontaneous firing of neurons during the emergence of endogenous
AD phenotypes. Further, this experimental paradigm would be conducive for assaying the e˙ects of
genetic modifications and investigational therapeutic agents.
Conclusion
The statistician George Box famously said, “All models are wrong, but some are useful.” The
methods and findings generated in this study are imperfect for modeling and explaining the complex
biological problem that is Alzheimer’s disease. Yet, there is hope that they will inform the design of
more refined experiments and techniques for providing insight into a condition that sadly a˙ects
many of whom we hold dear.
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Appendix
Software for data extraction and analysis from multi-electrode array recordings

Introduction
The following sections contain the source code developed to facilitate data extraction and analysis
of multi-electrode array (MEA) recordings. These software tools were written to support the analysis
methods described previously in this thesis. The output of these tools represent descriptors and
parameters of multi-electrode array recordings that were used as part of the hypothesis testing and
inferential statistics performed throughout this work and described within the respective Methods
sections of each chapter. This material is included here for the purposes of documentation and
distribution to others who wish to implement the methods presented in this thesis.
A note to those wishing to utilize this software, the source code below in part utilizes functions and
libraries developed by third parties that extend beyond the built-in utilities of the base programming
language in which the particular scripts are written. The use and authors of these code are cited
throughout this document and the use of third party software within this work was performed under
licensing granted by the authors. The authors of these functions and libraries retain the copyright of
their work, and as such the source code for these routines is not provided as part of this document.
The software included here is not fully executable without access to these functions and libraries.
Those seeking to use this source code for their own purposes will need obtain access to these third
party extensions through appropriate means.
A workflow for the utilization of this software is presented in Figure 39. This workflow reflects the
utilization of these tools for the analysis reported here, however, this code may require reconfiguration
and or extension to fulfill other analysis applications. The input for all analyses were .spk files of
MEA recordings generated by the AxIS acquisition software (Axion Biosystems).
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.spk file naming convention

<YYYY-MM-DD>_<wellNum>well_<plateSerial>_<culture>_DIV<DIV>_<recDur>min_<experiment>_Rec-<recNum>_.spk

example: 2018-06-18_96well_2053-34_iN125_DIV24_30min_huBrainExtractTreatment_Rec-01_.spk
voltage waveform extraction
(Appendix A)

.spk

MEA recording file
spkParse96well.m
recording and electrode
centric spike event data:
volt.csv, time.csv & SD.csv

wfMetrics.R
recording and electrode
centric waveform metric data:
wfMetrics.csv
spike cluster
analysis?

wfMetricsAgg.sh

yes

aggregate experiment
waveform metric data:
wf.metrics.csv

well level
frequency analysis?
array firing frequency
(Appendix B)

yes
wfToWellLogHz.R

experimental cohort assignment
(Appendix C)
list of replicate no. per cond.
treatment-samples.csv

well level spike frequency:
well_logHz_long.csv

yes
bootstrapCohortAssign.R

treatment cohort
assignment?

clustering of voltage waveforms
(Appendix D)

nodeSubset.R

no

electrode centric
waveform metric data:
<electrode>.csv

msCluster.R

cluster (single-cell) wf metric
data, subset of timestamps:
MSclstr.csv

did all data cluster
successfully?

no

waveform metric data
failed/expired cluster jobs

nodesToRedux.sh

yes

no
spkClstrdAgg.sh
generated treatment map
treatment-map.csv

post hoc exper.
analysis?

yes

aggregate experiment
clustered wf metric data:
wf.metrics.clustered.csv

spkClusterMetrics.R

customized analysis
and visualization scripts

file

script

spike cluster frequency and
waveform metrics

decision

Figure 39: Example workflow for application of MEA data extraction and analysis software.
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Appendix A: Voltage waveform data extraction
spkParse96well.m
The following is a MatLab (MathWorks) script used to obtain the voltage recordings and
associated meta-data: timestamp, crossing threshold value (SD), and electrode position; for each
firing event. This script utilizes the MatLab AxisFile and dependent functions provided with AxIS
acquisition software. This script is designed to parse this data from 96-well format multi-well MEAs.
This script should be executed within a directory containing one or more .spk files.
% spkParse96well.m
path('~/matlab/axion/',path);
spk_files = dir('*.spk' );
for f = 1:length(spk_files)
SpkRec = spk_files(f).name;
SpkRecString = split(spk_files(f).name,[string('_'),string('Rec-')]);
SpkRecData = AxisFile(SpkRec).DataSets.LoadData;
for r = 1:8
for c = 1:12
for x = 1:3
for y = 1:3
try
arrayVolt = []; %clear arrayVolt to free mem in suscessive loops
arrayTime = []; %clear arrayTime
cellSD = []; %clear cellSD
vectorSD = [];%clear vectorSD
arrayVolt = SpkRecData{r,c,x,y}.GetVoltageVector;
arrayTime = SpkRecData{r,c,x,y}.GetTimeVector;
cellSD = {SpkRecData{r,c,x,y}.StandardDeviation};
vectorSD = cell2mat(cellSD);
catch ME
if (strcmp(ME.identifier,'MATLAB:structRefFromNonStruct'))
continue
end
end
plate = SpkRecString(3);
rec = SpkRecString(9);
row = num2str(r);
column = num2str(c);
array_x = num2str(x);
array_y = num2str(y);
filenameVolt = strcat(plate,'_',rec,'_',row,'_',column,...
'_',array_x,'_',array_y,'_','volt','.csv');
csvwrite(char(filenameVolt),arrayVolt);
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end
exit

end

filenameTime = strcat(plate,'_',rec,'_',row,'_',column,...
'_',array_x,'_',array_y,'_','time','.csv');
csvwrite(char(filenameTime),arrayTime(1,:));
filenameSD = strcat(plate,'_',rec,'_',row,'_',column,...
'_',array_x,'_',array_y','_','SD','.csv');
csvwrite(char(filenameSD),vectorSD);
end
end
end

wfMetics.R
The following is a R script used to calculate the waveform parameters: peak, valley, amplitude,
area-under-the-curve, peak-valley-amplitude, and nonlinear energy for each firing event as well as
append timestamp, crossing threshold, and electrode positional information. The following script
requires three arguments:
1. volt.csv a file of spike event voltage data.
2. time.csv a file of spike event timestamp data.
3. SD.csv a file of spike event cross threshold data.
Each of these files representing the recording data per a given electrode within a given recording.
This script requires the data.table, MESS, geepack, geeM libraries available on the Comprehensive R
Archive Network (CRAN) https://CRAN.r-project.org.
#!/usr/local/bin/Rscript
#
#
#

****************************************************************************
wfMetrics.R
****************************************************************************

# load libraries
library(data.table)
library(MESS)
library(geepack)
library(geeM)
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# define variables
args <- commandArgs(trailingOnly = TRUE)
# set seed
set.seed(1)
# generate dt of voltage array files, and parse filenames for
# recording, plate, well, and node identifiers
files <- data.table(
volt.file=args[1], # volt.csv file
SD.file=args[2],# SD.csv file
time.file=args[3]# time.csv file
)
files[,
`:=`(
plate.num=strsplit(volt.file,"_")[[1]][1],
rec=strsplit(volt.file,"_")[[1]][2],
well_row=LETTERS[as.numeric(strsplit(volt.file[1],"_")[[1]][3])],
well_column=as.numeric(strsplit(volt.file,"_")[[1]][4],
array_x=as.numeric(strsplit(volt.file,"_")[[1]][5]),
array_y=as.numeric(strsplit(volt.file,"_")[[1]][6]),
rec.node=paste0(
rec,"_",plate.num,"_",well_row,
well_column,"_",array_x,array_y)
),
by=volt.file
]
# name output file
outputFile <- paste(
files$plate.num,
files$rec,
files$well_row,
files$well_column,
files$array_x,
files$array_y,
"wfMetrics.csv",
sep = "_"
)
# capture plate and rec meta-data
plate.num <- files$plate.num
rec <- files$rec
well_row <- files$well_row
well_column <- files$well_column
array_x <- files$array_x
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array_y <- files$array_y
# import volt data
volt.array <- as.matrix(read.csv(files$volt.file, header = FALSE))
# multiply this matrix by 10^6 to convert values from V to uV
volt.array.uV <- volt.array*1000000
# save the number of rows in this large matrix as a variable
# this should be equal to 38 for default Axis recording settings
nrow.volt <- nrow(volt.array.uV)
# remove the original voltage matrix to conserve memory
rm(volt.array)
# calculate waveform parameters for each spike
peak <- apply(volt.array.uV,2,max)
valley <- abs(apply(volt.array.uV,2,min))
peak.valley <- peak+valley
auc <apply(
volt.array.uV,
2, #apply function across columns
function(x){
auc(1:38,x, type = 'linear', absolutearea = TRUE)
}
)
pvi <apply(
volt.array.uV,
2, #apply function across columns
function(x){
abs(which.max(x)-which.min(x))
}
)
NLE.max <apply(
volt.array.uV,
2, #apply function across columns
function(x){
max(x[2:(nrow.volt-1)]^2-(x[1:(nrow.volt-2)]*x[3:nrow.volt]))
}
)
SD.array <- as.matrix(read.csv(files$SD.file, header = FALSE))
time.array <- as.matrix(read.csv(files$time.file, header = FALSE))
# Transpose the volt.array.uV matrix, so that voltage recordings from
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# each spike event are placed in adjacent columns
volt.array.uV <- t(volt.array.uV)
# Transpose SD.array and time.array so that each spike is represented
# as a row rather than column
SD.array <- t(SD.array)
time.array <- t(time.array)
# combine calculated metrics, SD, and time into data.table
array.metrics.dt <data.table(
cbind(peak,valley,peak.valley,pvi,auc,NLE.max,SD.array,time.array)
)
colnames(array.metrics.dt) <c("peak","valley","peak.valley","pvi","auc","NLE.max","SD","time")
array.metrics.dt[,spike:=1:nrow(array.metrics.dt)]
setkey(array.metrics.dt,spike)
# convert volt.array.uV into data.table
volt.array.uV <- data.table(volt.array.uV)
volt.array.uV[,spike:=1:nrow(volt.array.uV)]
setkey(volt.array.uV,spike)
# combine waveform metrics and voltage data into single dt
array.metrics.volt.dt <- array.metrics.dt[volt.array.uV]
# add plate, rec meta-data
array.metrics.volt.dt[,
`:=`(
plate.num=plate.num,
well_row=well_row,
well_column=well_column,
array_x=array_x,
array_y=array_y,
rec=rec
)]
# write data to out to csv
fwrite(
array.metrics.volt.dt,
file = outputFile,
sep = ",",
row.names = FALSE,
col.names = TRUE
)
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wfMeticsAgg.sh
The following is a bash script used to aggregate the wfMetrics.csv files output from wfMetics.R
into single file. This script is handy since the prior script (wfMetics.R) is typically executed in
parallel fashion for multiple electrodes monitored across multiple recordings.
#!/bin/bash
#
#
#

****************************************************************************
wfMetricsAgg.sh
****************************************************************************

Date=$(date '+%Y-%m-%d')
currentPath=$(pwd)
currentDir=$(basename $currentPath)
Experiment=$(echo ${currentDir#*_})
wfMetricsFiles=($(find ./ -type f -name '*wfMetrics.csv'))
srun sed 1q ${wfMetricsFiles[0]} >> ${Date}_${Experiment}_wf.metrics.csv
for f in ${wfMetricsFiles[@]};
do srun sed 1d $f >> ${Date}_${Experiment}_wf.metrics.csv;
done;
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Appendix B: Calculation of array-level firing frequency
wfToWellLogHz.R
The following is a R script used to calculate the log transformed frequency (log10 Hz) of spontaneous neuronal firing events across all electrodes of a single array (or well) of a multi-well MEA per
recording. The following script requires two arguments:
1. A .csv of annotated waveform data, such as that output by the wfMetricsAgg.sh script described
above.
2. Recording duration in seconds provided as an integer value (e.g. 1800 for a 30 minute
recording).
#!/usr/local/bin/Rscript
#
#
#

****************************************************************************
wfToWellLogHz.R
****************************************************************************

# load libraries
library(data.table)
# define variables
args <- commandArgs(trailingOnly = TRUE)
durationSec <- as.numeric(args[2])
#

define functions

# fuction to convert NA values to min MFR
dt.na.to.min <- function(DT){
#by name :
for (j in names(DT))
set(DT,which(is.na(DT[[j]])),j,log10(1/durationSec))
}
# import waveform data
wfMetrics <- fread(
args[1],
stringsAsFactors = FALSE
)
#

remove original spike column (inaccurate)
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wfMetrics[,spike:=NULL]
# filter for spikes recorded by low-background electrodes---upperLimit <- wfMetrics[rec=="00"][,mean(SD)]+(3*wfMetrics[,sd(SD)])
# if statement catch for if rec 00 is encoded as character or numeric
if(is.na(upperLimit)){
(upperLimit <- wfMetrics[rec==0][,mean(SD)]+(3*wfMetrics[,sd(SD)]))
}
# if dataset does not include rec 00, calculate upperLimit
# from entire recording set
if(is.na(upperLimit)){
(upperLimit <- wfMetrics[,mean(SD)]+(3*wfMetrics[,sd(SD)]))
}
# calculate logHz for each well and recording
wellLevelData <wfMetrics[
SD<=upperLimit,
.(totalSpikes=length(V1)),
by=.(plate.num,well_row,well_column,rec)
]
wellLevelData[,`:=`(logHz=log10((totalSpikes+1)/durationSec))]
wellLevelData[,wellID:=paste0(plate.num,"_",well_row,well_column)]
# generate wide-form of logHz data
# exposes 'gaps' in well-level data, for wells included in treatment
# but for whom there is no activity (no spikes) in a subsequent recording
wellLogHzWide <- dcast.data.table(
wellLevelData,
plate.num + well_row + well_column + wellID ~ rec,
value.var = "logHz")
# apply dt.na.to.min to apply nominal activity (equivalent of 1 spike)
# to those wells
dt.na.to.min(wellLogHzWide)
# write wellLevelData.logHz.wide to csv
fwrite(
wellLogHzWide,
paste(Sys.Date(),"well_logHz_wide.csv", sep = "_")
)
#

covert wide-form back to long-form
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# now with any 'gaps' filled
wellLogHzLong <- melt.data.table(
wellLogHzWide,
id.vars = c("plate.num", "well_row", "well_column", "wellID"),
variable.name = "rec",
variable.factor = FALSE,
value.name = "logHz"
)
# write wellLogHzLong to csv
fwrite(
wellLogHzLong,
file = paste(Sys.Date(),"well_logHz_long.csv",sep = "_"),
row.names = FALSE
)
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Appendix C: Bootstrapping simulation for cohort assignment of arrays
bootstrapCohortAssing.R
The following is a R script used to generate experiment treatment groups or cohorts for multiwell MEA based experiments based on baseline firing activity. The script performs bootstrapping
simulation of thousands of possible assignments to identify the configuration the minimizes the
di˙erence in mean firing frequency between groups. This script requires a two arguments:
1. A treatment-samples.csv file containing containing two columns: treatment and textitreplicates
detailing the treatment conditions and desired number of replicates per condition.
2. The second argument is a well_logHz_long.csv file, containing the baseline activity. This file is
produced by the wfToWellLogHz.R script.
This script will return two outputs:
1. A file treatment-map.csv containing the resulting treatment assignments.
2. A .pdf file depicting the spatial layout of the treatment groups across the MEA plate(s).
This script requires the data.table, ggplot2, and broom libraries available on CRAN
(https://CRAN.r-project.org).

#!/usr/local/bin/Rscript
#
#
#

****************************************************************************
bootstrapCohortAssign.R
****************************************************************************

# load libraries
library(data.table)
library(ggplot2)
library(broom)
# set seed, this sets the origin of the random number generator, so that random
# samples are reproducible over successive executions of the script
set.seed(1)
# define variables
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# write arguments to args vector
args <- commandArgs(trailingOnly = TRUE)
# number of iterations
bootstrapIterations <- 10000
# exclusion threshold (SD)
exclusionThres <- 2
# define functions
# population mode
pop.mode <- function(x) {
ux <- unique(x)
ux[which.max(tabulate(match(x, ux)))]
}
# per plate treatment map
per.plate.treat.map <- function(p){
#Generate figure of treatment_map, called treatment_map_layout, using ggplot
treatment_map_layout <- ggplot(data=treatment_map[plate.num==p],
aes(x=well_column,y=well_row,
fill=treatment_group)) +
geom_tile()+
ggtitle(p)+
#Define colours to be used in heatmap, ranging from low to high
scale_fill_grey()+
#Reverse the order of the y axis, so that A1 appears top-left
scale_y_discrete(limits=c("H","G","F","E",
"D","C","B","A"))+
scale_x_discrete(limits=c(1:12))+
theme_bw()
#Call the value 'treatment_map_layout' so that the figure is rendered
treatment_map_layout
#Save a copy of 'treatment_map_layout' as a pdf in the source directory
ggsave(
filename=paste0(Sys.Date(),"_",p,"_treatment-map.pdf"),
width = 8,
height = 5,
units = "in"
)
return(NULL)
}
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# load well level data
well.level.all <- (
fread(
args[2],
stringsAsFactors = FALSE)
)
treatment.samples <fread(
args[1],
stringsAsFactors = FALSE
)
# determine mode of well logHz distribution
mode.logHz <- pop.mode(round(well.level.all$logHz,1)) # calc mode
sd.logHz <- sd(well.level.all$logHz) # calc SD
# subset active well by SD threshold
well.level.active.all <well.level.all[logHz>=(mode.logHz-(exclusionThres*sd.logHz))]
# determine treatment groups
treatments <- treatment.samples$treatment
# define treament groups
num.groups <- uniqueN(treatments)
treatment_group <- 1:num.groups
# append treatment groups to samples
treatment.samples <- cbind(treatment_group,treatment.samples)
# define number of replicates per treatment group
num.reps <- treatment.samples$replicates
# determine number of wells
num.wells <- sum(num.reps)
# Sort well.level dt by descending MFR.well.log.trans
setorder(well.level.active.all,-logHz)
# Select most active num.wells based on MFR.well.log.trans
exp.wells <- well.level.active.all[,head(.SD,num.wells)]
# generate a vector containing the number of treatment groups and number of
# replicates for each treatment group
groups <- Reduce(
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)

c,lapply(1:length(treatment_group),
function(x){rep(treatment_group[x],num.reps[x])})

# generate an empty martrix, exp_assignments, to be populated with random
# assortments of the treatment groups and replicates
# excute a for loop to generate 10,000 random assignments of the treatment
# groups, and use these samples to populate the exp_assignments matrix
exp_assignments <replicate(bootstrapIterations,sample(groups),simplify = "array")
# generate an empty vector, assignment_names, to be populated with assignment
# column names
# execute a for loop to generate assignment names for each of the
# random assortments of the treatment groups
# assign these assignment names with the formate assignment_XX, as the column
# names of the matrix exp_assignments
assignment_names <- NULL
for(i in 1:ncol(exp_assignments)) assignment_names[i] <paste("assignment", i, sep='_')
colnames(exp_assignments) <- assignment_names
#Convert the matrix exp_assignments to a data.table
exp_assignments <- as.data.table(exp_assignments)
exp_assignments <- cbind(exp.wells,exp_assignments)
#
#
#
#
#

generate an empty matrix, assignment_Fvalue, to be populated with
F-values generated from one-way ANOVA assessing logHz as a function of
treatment group
Execute a for loop to perform one-way ANOVA for each of the random
assignments.

assignment_Fvalue <- c()
for (i in 1:length(assignment_names)){
assignment_Fvalue[i] <tidy(
aov(
logHz ~ factor(exp_assignments[[assignment_names[i]]]),
exp_assignments
)
)$statistic[1]
}
# determine the index of the minimum F-value,
# this number will correspond to the
# the number of the random assignment
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min_variance <- which.min(assignment_Fvalue)
# generation of treatment map
# compile well data along with assignment (treatment groups)
# determined to have minimal variance
treatment_map <- exp_assignments[
,.(
well_row,
well_column,
plate.num,
logHz,
treatment_group=exp_assignments[[assignment_names[min_variance]]]
)
]
# reclassify treatment_group as factor
treatment_map[,treatment_group:=as.factor(treatment_group)]
treatment_map <- merge(treatment_map,
treatment.samples[,.(treatment,treatment_group)],
by="treatment_group")
# treatment map plots
# generate plate map for each plate
lapply(treatment_map[,unique(plate.num)], per.plate.treat.map)
# generate scatter plot of treatment groups
treatmentMapScatterPlot <ggplot(
treatment_map,
aes(
x=treatment_group,
y=logHz
)
)+
geom_point(
shape=1
)+
stat_summary(
fun.data = mean_se,
shape=""
)+
stat_summary(
geom="point",
fun.y = mean,
shape = "-",
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)+
theme_bw()

size = 11

ggsave(
filename=paste0(Sys.Date(),"_",p,"_treatment-map-scatter.pdf"),
plot = treatmentMapScatterPlot,
width = 8,
height = 5,
units = "in"
)
# Export treatment_map as .csv file
fwrite(
treatment_map,
file=paste0(Sys.Date(),"_treatment-map.csv"),
row.names = FALSE
)
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Appendix D: PCA and mean-shift clustering of voltage waveforms
wfNodeSubset.R
The following is a R script used to subsetting waveform data from MEA recording by individual
electrode (node) across recordings from a single experiment. This script requires a two arguments:
1. A .csv file containing all of the waveform data from a given experiment with each line
representing a single spike event, such as that returned by the wfMetricsAgg.sh script.
2. The number of logic cores available for parallel processing provided as an integer value.
This script will return n .csv files into a /node subdirectory with each file containing waveform
data from a unique node (by plate and well). This script requires the data.table and parallel libraries
available on CRAN (https://CRAN.r-project.org).
#!/usr/local/bin/Rscript
#
#
#

****************************************************************************
wfNodeSubset.R
****************************************************************************

# load libraries
library(data.table)
library(parallel)
# define variables
args <- commandArgs(trailingOnly = TRUE)
# number of logic cores available
n.cores <- args[2]
# create subdirectory
mainDir <- getwd()
subDir <- "node"
dir.create(file.path(mainDir, subDir))
# import waveform data
wf.metrics <- fread(args[1])
# Remove original spike column (inaccurate),
# name redundant "V1" column to spike
wf.metrics[,spike:=NULL]
# setnames(wf.metrics,1,"spike")
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upper.lim <- wf.metrics[,mean(SD)]+(3*wf.metrics[,sd(SD)])
wf.metrics <- wf.metrics[SD<=upper.lim]
# add node id
wf.metrics[
,node_ID:=paste0(plate.num,"_",well_row,well_column,"_",array_x,array_y)
]
unique.nodes <- unique(wf.metrics$node_ID)
# subset wf.metrics based on unique node
mclapply(unique.nodes,
function(x){
subset.wf <- wf.metrics[node_ID==x]
fwrite(subset.wf,file = paste0("node/",x,".csv"),row.names = FALSE)
return(NULL)
},
mc.cores = n.cores)

msCluster.R
The following is a R script used to perform principal components analysis followed by mean-shift
clustering on all spike events detected by an by individual electrode (node) from across all MEA
recordings of a single experiment. This script requires two arguments:
1. A .csv file containing all of the waveform data from a given node, such as that produced by
wfNodeSubset.R
2. The number of logic cores available for parallel processing provided as an integer value.
This script will return a single MSclstr.csv file with the original data plus the calculated principle
component values and the corresponding cluster value for each spike event. In order to process all
electrodes from a given experiment, this script should be incorporated as a sub-routine within a
script capable of initiating multiple parallel analyses, such as on a high performance computing
cluster. This script requires the data.table, MeanShift, wavethresh, and parallel libraries available on
CRAN (https://CRAN.r-project.org).
#!/usr/local/bin/Rscript
#

****************************************************************************
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#
#

msCluster.R
****************************************************************************

# load libraries
library(data.table)
library(parallel)
library(wavethresh)
library(MeanShift)
set.seed(1)
# define variables
# write arguments to args vector
args <- commandArgs(trailingOnly = TRUE)
# save name of node being analyzed
node <- strsplit(args[1],".csv")[[1]][1]
# number of cores to use for processing
n.cores <- args[2]
# waveform metrics
wfMetricNames <- c("peak","valley","peak.valley","pvi","auc","NLE.max")
# read in wf data from individual node
node.wf.metrics <- read.csv(args[1])
# identify position of wfMetric columns
wfMetricCols <- match(wfMetricNames, colnames(node.wf.metrics))
# isolate wf metrics from voltage and node meta-data
array.metrics <- as.matrix(node.wf.metrics[,wfMetricCols])
# perform log transformtion on wf metrics
log.array.metrics <- log10(array.metrics)
# calculate principle components across wf metrics
array.pc <- prcomp(log.array.metrics,
center = TRUE,
scale. = TRUE)
# transform PCs from columns to rows
spike.pc.data <- t(array.pc$x[,1:3])
# Perform Mean-Shift Clustering on PC1 & PC2
options(mc.cores=n.cores) # pass n.cores to mc.cores
spk.clustering <- msClustering(spike.pc.data[1:2,],
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h=1.5,
kernel = "gaussianKernel",
multi.core = TRUE)
# Combine wf metric, PC, cluster, voltage, and metadata
node.wf.metrics.pca.clstr <- cbind(
node.wf.metrics,
cluster=spk.clustering$labels,
array.pc$x[,1:3]
)
# write data to csv
fwrite(
node.wf.metrics.pca.clstr,
paste0(node,"_","MSclstr.csv"),
row.names = FALSE
)

nodesToRedux.sh
The following is a convenient bash script to identify which .csv files of electrode (node) level
waveform data have not been successfully processed by the msCluster.R script. Running the meanshift clustering algorithm can be time intensive and if the msCluster.R script is being executed on a
computing cluster utilizing a job scheduler software, it is not uncommon for individual executions of
the algorithm to exceed allotted time limits. This script should be executed from a parent directory
containing a subdirectory /node housing the files to be reviewed. The script will generate copies of
the unprocessed files in a second subdirectory /nodeRedux to facilitate further processing.
#!/bin/bash
#
#
#

****************************************************************************
nodesToRedux.sh
****************************************************************************

# define line count thresholds
# files containing this number lines or fewer will be ignored
minimum=10
# generate array containing all nodes
# excluding those successfully processed by msCluster.R ('MS')
# or subset and denoted with the modified file name 'sample
allNodes=($(ls node | grep -v 'MS' | grep -v 'sample' | grep 'csv'))
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# modify array to eliminate extraneous text from each entry
allNodes=($(echo ${allNodes[@]%.csv}))
# create array with nodes successfully clustered
clusteredNodes=($(for i in node/*MS*; do echo ${i}; done))
# strip extraneous text from clustered nodes
clusteredNodes=($(echo ${clusteredNodes[@]} \
| sed 's/node\///g;s/sampled_//g;s/_MSclstr.csv//g'))
# identify lines (i.e. nodes) present within allNodes but not within
# clusteredNodes save to an array missedNodes # comm requires sorted lists as
# input, hence printing arrays as lists and sorting output option -1 suppresses
#unique members of first list option -3 suppresses members common to both lists
missedNodes=($(comm -13 <(printf '%s\n' "${clusteredNodes[@]}" | sort) \
<(printf '%s\n' "${allNodes[@]}" | sort)))
# make directory nodesRedux
mkdir nodeRedux
# copy data from each missing node to nodesRedux directory
for i in ${missedNodes[@]}
do
line_count=$(wc -l node/$i.csv | cut -f1 -d' ')
if [ "$line_count" -gt "$minimum" ]
then
cp node/$i.csv nodeRedux
fi
done;

spkClstrdAgg.sh
The following is a bash script is analogous to the wfMetricsAgg.sh script described above. This
script will aggregate the MSclstr.csv files output from multiple invocations of msCluster.R into single
file.
#!/bin/bash
#
#
#

****************************************************************************
spkClstrdAgg.sh
****************************************************************************

Date=$(date '+%Y-%m-%d')
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currentPath=$(pwd)
currentDir=$(basename $currentPath)
Experiment=$(echo ${currentDir#*_})
clusteredNodeFiles=($(find ./node/ -type f -name '*MS*'))
sed 1q ${clusteredNodeFiles[0]} > ${Date}_${Experiment}_wf.metrics.clustered.csv
for f in ${clusteredNodeFiles[@]};
do sed 1d $f >> ${Date}_${Experiment}_wf.metrics.clustered.csv;
done;

spkClusterMetrics.R
The following is a R script used to for compiling cluster level metrics of voltage waveforms from
MEA recording data following cluster analysis of waveforms by mean-shift, k-means, or similar
method.
This script requires five arguments, including:
1. wf.metrics.clustered.csv a file contains waveform level data consisting of meta-data (plate serial
number, well, node, recording); waveform metrics; cluster annotation; and voltage data. This
file is the type generated by the spkClstrdAgg.sh described above.
2. superactive_nodes.txt a delimited file with two columns node and line_count. This file contains
a list of nodes (electrodes) which which had record a large number of spike events (e.g. >10000)
and thus a random sample was used during the clustering analysis. Inclusion of this file is
important for back calculating the spike frequency of the clusters (i.e. individual neurons)
detected by this node.
3. Recording duration in seconds provided as an integer value (e.g. 1800 for a 30 minute
recording).
4. The line count threshold used for denoting superactive electrodes provided as an integer value
(e.g. 10000).
5. the line count threshold used for denoting the minimum number of events considered to
constitute a valid cluster provided as an integer value (e.g. 10).
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This script will return four outputs, including:
1. clusterWfData.csv a file of waveform-level data for only those spike events within assigned
clusters, containing associated meta-data, including assigned cluster, and calculated waveform
metrics and principle components, but not momentary voltage recordings.
2. clusterCentroids.csv a file containing the coordinates of the calculated center of each identified
cluster as principal components (PC1, PC2).
3. clusterData.csv a file of waveform-level data for the spike determined to be closest to the center
of each cluster by euclidean distance containing associated meta-data, including assigned
cluster, and calculated waveform metrics and principle components, but not momentary
voltage recordings.
4. clusterVoltageLong.csv a file of waveform-level data for the spike determined to be closest to
the center of each cluster by euclidean distance containing voltage recordings in long form,
meaning a single voltage recording per line. This output is useful for generating graphic
depictions of a representative waveform for the cluster.
This script requires the data.table and parallel libraries available on CRAN.
#!/usr/local/bin/Rscript
#
#
#

****************************************************************************
spkClusterMetrics.R
****************************************************************************

# load libraries
library(data.table)
library(parallel)
# define variables
# capture command line arguments
args <- commandArgs(trailingOnly = TRUE)
# cluster waveforms file
clusterWaveFile <- args[1]
# superactive node file
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superactiveNodeFile <- args[2]
# recording duration in sec
durationSec <- as.integer(args[3])
# set threshold for num of spikes determining a superactive node
superactiveThres <- as.integer(args[4])
# set threshold for num of spikes determining a small cluster
smallClusterThres <- as.integer(args[5])
# load waveform data with clustering annotation
wfClusterDataDT <fread(
clusterWaveFile,
stringsAsFactors = FALSE
)
#ensure row 'F' is not encoded as 'FALSE'
wfClusterDataDT[well_row=="FALSE",well_row:="F"]
#rename node_ID for brevity
setnames(wfClusterDataDT,"node_ID","node")
wfClusterDataDT[,`:=`(
#single identifier for well
well=paste(well_row,well_column,sep = ""),
#identifier for cluster within node
nodeCluster = paste(node,cluster,sep = "_"),
#identifier for cluster within node within recording
nodeClusterRec = paste(node,cluster,rec,sep = "_")
)]
# load superactive node data---superactiveNodes <- data.table(
read.delim(
superactiveNodeFile,
header = TRUE,
sep = " ",
stringsAsFactors = FALSE
)
)
# identify cluster centers and determine spike frequency per cluster
# calculate coefficient for each node
superactiveNodes[,spk_coeffiecient:=(line_count/superactiveThres),by="node"]
# determine to coordinates in PC space for the centroid of each cluster
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clusterCentroidsQ <wfClusterDataDT[,
.(PC1=quantile(PC1,c(.5), na.rm = TRUE, TRUE, 3),
PC2=quantile(PC2,c(.5), na.rm = TRUE, TRUE, 3)),
by=.(nodeCluster)
]
# calculate the number of spikes in each cluster
spikesPerClusterPerRecDT <wfClusterDataDT[
,.(spikesPerClusterRec=length(PC1)),by=.(nodeCluster,nodeClusterRec)
]
spikesPerClusterDT <wfClusterDataDT[,.(spikesPerCluster=length(PC1)),by=.(nodeCluster)]
# determine which clusters are 'small clusters'
smallClusters <spikesPerClusterDT[spikesPerCluster<smallClusterThres,nodeCluster]
eachCluster <unique(wfClusterDataDT[!nodeCluster %in% smallClusters,nodeCluster])
# exclude waveforms from small clusters
wfClusterDataDT <- wfClusterDataDT[!nodeCluster %in% smallClusters]
# add unique identifier for each spike
spkNum <- nrow(wfClusterDataDT)
wfClusterDataDT[,spikeID:=seq(1:spkNum)]
# exclude centroids of small clusters
clusterCentroidsQ <- clusterCentroidsQ[!nodeCluster %in% smallClusters]
# identify waveform within each cluster that is the closest euclidean distance
# to calculated center
clusterDataDT <- rbindlist(
lapply(
eachCluster,
function(x){
clusterCenter <-as.matrix(clusterCentroidsQ[nodeCluster==x][1,c(2,3)])
clusterWfs <- as.matrix(wfClusterDataDT[nodeCluster==x,.(PC1,PC2)])
clusterMatrix <- rbind(
clusterCenter,
clusterWfs
)
clusterEucDisMtrx <as.matrix(stats::dist(clusterMatrix,method = "euclidean"))
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minEucDisIndex <- which.min(clusterEucDisMtrx[-1,1])[[1]]
centerWF <- wfClusterDataDT[nodeCluster==x][minEucDisIndex]
return(centerWF)

)

)

}

# remove columns which pertain to the 'center' waveform occurred but does not
# reflect the cluster as a whole
clusterDataDT[,c("SD","time","rec","nodeClusterRec","spikeID"):=NULL]
clusterDataDT <- merge(clusterDataDT,spikesPerClusterPerRecDT,by="nodeCluster")
# determine spike frequency of each cluster per recording
# for 'superactive' nodes, multiply the number of spikes by the corressponding
# coefficient for that node
sapply(clusterDataDT$node,
function(x){
if (x %in% superactiveNodes$node) {
spk_coefficient = superactiveNodes[node==x,spk_coeffiecient]
clusterDataDT[
node==x,
spikesAdjusted := as.integer(
floor(spikesPerClusterRec*spk_coefficient)
)
]
} else {
clusterDataDT[
node==x,
spikesAdjusted := spikesPerClusterRec
]
}
return(NULL)
}
)
clusterDataDT[,logHz:=log10(spikesAdjusted/durationSec)]
# reassign 'rec' to allow subsetting cluster metrics by recording
clusterDataDT[
,rec:=strsplit(nodeClusterRec, split = "_")[[1]][5],
by=.(nodeClusterRec)
]
# remove spikesPerClusterRec, redundant after calculating spikesAdjusted
clusterDataDT[,spikesPerClusterRec:=NULL]
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# reorder columns
metadataCols <- c(
"nodeCluster",
"nodeClusterRec",
"cluster",
"plate.num",
"well",
"well_row",
"well_column",
"node",
"array_x",
"array_y",
"rec"
)
dataCols <- c(
"peak",
"valley",
"peak.valley",
"pvi",
"auc",
"NLE.max",
"PC1",
"PC2",
"PC3",
"spikesAdjusted",
"logHz"
)
voltCols <- paste0("V",c(1:38))
setcolorder(clusterDataDT,c(metadataCols,dataCols,voltCols))
# reformat tables: separate cluster voltages from cluster metrics
wfDataCols <- dataCols[1:9]
wfMetadataCols <- c("spikeID",metadataCols)
wfData <- cbind(
wfClusterDataDT[,..wfMetadataCols], #dt of metadata columns
wfClusterDataDT[,..wfDataCols] #dt of wavform data columns
)
clusterVoltageWide <- unique(clusterDataDT,by="nodeCluster")
clusterVoltageWide[,(dataCols):=NULL]
clusterVoltageWide[,c("nodeClusterRec","rec"):=NULL]
clusterVoltageLong <- melt.data.table(
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clusterVoltageWide,
measure.vars = voltCols,
variable.name = "Interval",
variable.factor = FALSE,
value.name = "uV")
# add time in milliseconds
clusterVoltageLong[,
timeInterval:=as.integer(
strsplit(Interval,split = "V")[[1]][2]
),
by=.(Interval)]
clusterVoltageLong[,milliSec:=3*(timeInterval/max(timeInterval))]
# remove voltages from cluster
clusterDataDT[,(voltCols):=NULL]
# write outputs
experiment <- strsplit(basename(getwd()),split = "_")[[1]][-1]
experiment <- paste(experiment, collapse = "_")
# clustered waveforms metrics
fwrite(
wfData,
file = paste(
Sys.Date(),
experiment,
"clusterWfData.csv",
sep="_"
),
row.names = FALSE
)
# cluster centroids
fwrite(
clusterCentroidsQ,
file = paste(
Sys.Date(),
experiment,
"clusterCentroids.csv",
sep="_"
),
row.names = FALSE
)
# cluster voltages
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fwrite(
clusterVoltageLong,
file = paste(
Sys.Date(),
experiment,
"clusterVoltageLong.csv",
sep="_"
),
row.names = FALSE
)
# cluster data
fwrite(
clusterDataDT,
file = paste(
Sys.Date(),
experiment,
"clusterData.csv",
sep="_"
),
row.names = FALSE
)
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