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B-amyloid(Ap) is the primary protein component of senile plaques associated
with Alzheimer’s disease (AD) histopathology. Because of AP’s longstanding
implication in the initiating events leading to AD pathology in in vitro and in vivo
experimental preparations, it is commonly considered the causative agent of AD.
Yet, though well studied, there still exists a lack of consensus concerning AB’s
interactions with neurons and resulting alterations in neuronal signaling. We
hypothesize that this lack of consensus is due to an incomplete framework for
interpreting experimental data and discriminating between different hypotheses for
AB-neuron interactions. In our work, we propose two changes to this framework in
order to design better experiments to elucidate APB’s interactions with neurons: 1)
using computational models to discriminate between different hypotheses of Ap-

neuron interactions by making predictions and comparing them to experimental data,



and 2) assume a complex intracellular signaling network model instead of a linear
pathway hypothesis. By developing our models with these two changes in mind, our
results demonstrate the ability of an electrophysiological neuron model to make
discriminating predictions under experimentally testable conditions. Our results also
show that a complex, intracellular signaling model reveals that 20 years of
experimental data collected investigating AB-induced intracellular signaling are not
self-consistent. With data that is more consistent internally and with a complex,
intracellular network, the methodology we developed has the potential to discriminate
between hypotheses of Ap-neuron interactions. Finally, we demonstrate, using
network analysis, the need to move away from a simple, linear pathway hypothesis
toward a more complex system and how the inconsistencies in our dataset collected
from the literature could have arisen. We make recommendations of discriminating
experiments using path length analysis and our Signal Flow Method that we
developed. With further development of these computational tools, we can move
closer to designing experiments to identify Af-neuron interactions with greater
discriminatory power. With this understanding of AB’s deleterious effects on neurons,
better treatments can be designed. Furthermore, these methods could be applied to
other misfolded protein (amyloid) diseases, such as Parkinson’s disease, or other
diseases where a known agent interacts extracellularly via an unknown receptor in

neurons to cause cellular dysfunction.
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Chapter 1: Introduction

1.1 The Role of f-Amyloid in Alzheimer’s Disease Etiology

1.1.1 Overview

Alzheimer’s disease (AD) is a neurodegenerative disease that causes learning
and memory dysfunction. Approximately 5.3 million Americans are living with AD
in 2015[1]. The current healthcare cost associated with AD and other dementias (of
which AD is the most prevalent) is $226 billion dollars and is expected to rise over
the next 35 years to $1.1 trillion dollars[1]. AD is the “sixth leading cause of death in
the U.S.” and out of the top ten causes of death is the only one that “cannot be
prevented, cured or attenuated”[1]. The histopathological features of AD are senile
plaques and neurofibrillary tangles[2]. These senile plaques are found in the
extracellular space; while the neurofibrillary tangles are found in the intracellular
space. Senile plaques are comprised primarily of a 39-43 amino acid peptide widely
known as B-amyloid (AP); neurofibrillary tangles are primarily composed of hyper-
phosphorylated tau. AD was discovered in 1907 by Alois Alzheimer, who studied the
behavior of two patients who were subsequently found, upon autopsy, to have senile
plaques and neurofibrillary tangles in areas of massive neuronal loss[3]. However, it
was not until 1984 when Glenner and Wong[4] isolated and characterized the AP

peptide[4]. It was at this point that AR became associated with AD pathogenesis.



AD is a highly complex disease. There are two types of AD, familial and
sporadic. Only 5% of AD sufferers have the familial variety of the disease, which is
inheritable due to genetic defects in the amyloid precursor protein (APP), presenilin 1
and 2 genes[5]. Familial AD (FAD) gives rise to an early onset of the
neurodegenerative processes of the disease (around age 40). The other 95% of cases
are sporadic AD, which has a similar symptomatology as FAD, for which inheritable
genetic pre-determinants are still under investigation[6]. The etiology of AD remains
unknown, but there are a host of genetic, epigenetic and cellular responses that have

been implicated in the pathogenesis of this disease.
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Figure 1: A diagram of AD’s effect on individuals, caregivers, and the nation.

Information contain in this diagram from[1].



1.1.2 The Amyloid Cascade Hypothesis

After close to a decade of research, Hardy and Higgins first proposed the
Amyloid Cascade Hypothesis (ACH) as an explanation for the pathogenesis of
AD[7]. The ACH posits that an over-accumulation of A occurs due to mutations in
the Amyloid Precursor Protein (APP). In this seminal paper, Hardy and Higgins
describe the proteolytic cleavage of APP that produces AP. Once formed from APP,
AB, in the extracellular space, adversely interacts with neurons, which causes aberrant
intracellular signaling. In 2002, Hardy and Selkoe offered a more refined and detailed
presentation of the ACH[8], which especially included more genetic evidence that
mutations in presenilins 1 and 2 result in the over-accumulation of Af. These
presenilin genes directly affect y-secretase, one of two proteins responsible for
cleaving AP from APP, resulting in altered APP metabolism and overproduction of
AB[8]. Hardy and Selkoe go on to describe the cascade begetting a number of
detrimental processes, including apoptosis. This aberrant signaling also produces
hyper-phosphorylated tau. As cell death takes place, this causes widespread neuronal
dysfunction across the affected brain areas. Though the development of the ACH
stems from discoveries about the etiology of familial AD, researchers have generally
assumed a similar etiology for sporadic case of AD. However, in the cases of sporadic
AD the initiating cause of the disease progression is still under investigation. There
are multiple proposed etiologies, primarily having to do with age-related AP

accumulation and clearance[5]; in some cases, having to do with the possible effect of



head injury[9]. Therefore, the ACH has become the prevailing hypothesis for AB’s

role in AD etiology, though it is not without its opponents[9-14].

A constant challenge to the ACH has been AB’s central causative role. This is
due primarily to a lack of correlation between plaque burden and cognitive
impairments[8-11, 13-16]. It has been observed that changes senile plaque and even
neurofibrillary tangle accumulation occur decades prior to symptoms of cognitive
decline and cellular death[16]. Therefore, researchers have proposed refinements to
the ACH in order to reconcile AB’s seemingly disjointed role in disease progression.
For example, it has been postulated that the presence of highly toxic, oligomeric AP
species may explain the discrepancy between plaque burden and cognitive decline[8,
17]. Difficulties in isolating and identifying these soluble oligomeric toxic structures
of AP has made it difficult to examine this refinement of the ACH[17]. Another
proposed refinement to the hypothesis states that AP “is necessary, but not
sufficient”[16] for AD pathogenesis, and that other processes such as ageing, reactive
oxidation and tauopathies work in concert with AP in AD progression[11, 14-16, 18].
However, AP may act as a trigger for these processes[16], in which case the failure of
many AP drug therapies could be due to not treating the patients early enough to
avoid the trigger initiated by AP. This is a therapeutic challenge since the early stages
of the disease are not readily identifiable and the early mechanisms of AB’s actions on
neurons still remains unknown. Despite the many challenges in proving the Amyloid
Cascade Hypothesis, this hypothesis was the catalyst of continued efforts to identify

AP’s specific role and its mechanism of action on neurons.
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Figure 2: A diagram describing AP as a trigger of cognitive decline characteristic of AD. Karran et
al[16] propose that Ap may not be the primary initiator of AD progression, but rather acts as a trigger for
cognitive decline. When other potential factors, such as aging, environment, presence of reactive oxidation
species, etc, are present, and AP levels reach a certain threshold in the brain, A triggers the pathology of

AD, particularly cognitive decline.



The majority of research efforts since this seminal paper[7] has used the
Amyloid Cascade Hypothesis as a de facto hypothesis for experimental programs. In
particular, in vitro experimentation focuses almost exclusively on identifying Af’s
early action on neurons. In challenging the veracity of the ACH, some researchers put
forth the objection to the clinical relevance of an in vitro system[8, 14, 16]. In
general, the concern is that the concentrations used for AP in in vitro experiments are
not biologically relevant. While concentrations of A in the brain tend to be in the
picomolar range, experimentalists have used concentrations between InM-100uM[ 19,
20]. These higher concentrations may cause the acute effects of neurotoxicity
observed, but because they are not physiologically relevant concentrations, the results
may not translate well to the in vivo system[16, 18]. Another concern with in vitro
experiments is time scale. AD progression takes place over decades, whereas in vitro
experiments demonstrate neurotoxicity and neuronal death in a period of hours to
days. However, the need for understanding the results of in vitro experiments is
becoming more apparent with the newer refinements in the ACH. If A is triggering a
litany of other processes early on in the disease process, then it is likely that
understanding the short-time scale interaction of A} with the neuron might open up
other avenues for drug therapy design early in the disease progression. Though oft
challenged, in vitro experiments do provide evidence of AB’s neurotoxic effects and

continues to provide evidence for the ACH.

1.1.3 In vitro studies of Af-neuron interactions in primary culture neurons



In order to elucidate the underlying mechanisms of AB-induced neurotoxicity
proposed by the ACH, researchers have observed changes in intracellular processes
using in vitro experiments on neurons exposed to AB. More than two decades worth
of in vitro experiments have not produced a consensus on a mechanism of action for
APB[17, 18, 21-23]. A multi-factorial problem, there are multiple potential factors for
this non-consensus: different AP-species and aggregation states used by various
laboratory preparations, a large AP concentration range, and differing timescales of
AP exposure to cells prior to measurement of cellular processes. However, with these
factors potentially confounding the comparison of results from reports in the field,
one could conclude that if it is a mixture of these factors that are providing divergent
data that within any particular factor there might still be some consensus. However,
this is not what is evidenced by the data from the literature. Instead, when the data are
collected and categorized by the aforementioned factors, there still exists a non-
consensus even within the factors. Therefore, there must be another reason for this

non-consensus, which will be raised toward the end of this section.

1.1.3.1 AP species and aggregation state

AP is a 39-43 amino acid peptide and it exists in the brain and cerebral
spinal fluid as a mixture of peptide lengths[21]. It is believed that AB(1-40) is
the most abundant peptide length found in the brain and then AB(1-42). AB(1-
42) is considered the more toxic of the two species (1-40 and 1-42) and that an

increase in the ratio of AP(1-42):Ap(1-40) may trigger neurotoxicity in the



brain associated with AD. Other species are used by experimentalists, on
occasion: AB(25-35), AP(1-38) and AB(1-39). AP(25-35) is used because it is
believed that the active portion of the peptide is found within these 10 amino
acids. With respect to aggregation state, fibrils have been primarily used
because their preparation and characterization are well-defined, and it is
mature fibrils that make up the plaques that are identifiable upon autopsy[3].
However, monomers and various types of oligomers are also used. Monomers
are usually considered not to be neurotoxic, and in some cases may be
neuroprotective[24]. On the other hand, both oligomers and fibrils have shown
neurotoxicity in neuronal cultures with oligomers being more neurotoxic than
fibrils[17]. The solubility and multi-meric state of oligomers, makes stable
oligomers difficult to reproducibly prepare and to characterize in
experimentation. Here, experiments in which each species type was used will

be discussed, with aggregation state being discussed within as a subtopic.



Categories of mechanisms

lon channel-mediated

Receptor-mediated (non-ionic)

Membrane-mediated

L\B ion channel/pore

Other (cholesterol, GSK-3B, PIP2, etc)

AB(1-40)

AB(1-42) AB(1-38) AB(L-39) AB(25-35)

References
[27-32]
[33-36)

[87]

[3§]
4153

Fibrils

ligomers

Both

Table 1.1: Mechanisms of Ap’s action on neurons observed by various investigators using

different AP species and aggregation states. This table shows the different mechanisms that have

been observed in experiments using AB(1-40), AB(1-42), AB(1-38), AB(1-39), and AB(25-35)

species; fibrils (diagonal-lined box), oligomers (checkered box), or both (black box). No category

of mechanisms has a consensus of all of the species types or aggregation states.
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In general, the mechanisms of AB-neuron interactions proposed in the
literature can be placed into five categories: ion channel-mediated, receptor-
mediated (excluding ion channels and ion-conducting receptors such as
NMDA receptors), membrane-mediated, AP ion channel or pore, and other
(Table 1.1). Various laboratories have used AB(1-40), AB(1-42), AB(25-35),
APB(1-38), and AP(1-39) species in their experiments. In the first decade of
research in this area, controlling AP structure and aggregation state was
difficult. With fibrils being the more stable aggregate, these were used most
often in experimental preparations. In the next decade, more sophisticated
techniques for isolating particular structures of AP, as well as isolating soluble
oligomers, were developed[25]. The greater availability of synthetic AP
peptides of various lengths also added in greater control over AP species. The
species used in the first decade of research were primarily AB(1-40), AB(1-42)
and AB(25-35). In the second decade of research, more emphasis was placed
on the greater toxicity of AP(1-42) than AB(1-40)[26], and so AB(1-42) was
used predominantly, followed by AB(1-40). So, for example, in Table 1.1, it
would make sense, given the predominant use of AP(1-40) and AP(1-42),
especially in the second decade of research, the oligomeric states are observed
only for AB(1-40) and AP(1-42). In the second decade of research, other A

species, such as AB(1-39) and AB(1-38), are not used with much frequency.

Of the five categories of mechanisms in Table 1.1, four of them have

been observed by different groups as potential mechanisms by which AB(1-
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40) and APB(1-42) interacts with neurons. Other species, which are used less in
most preparations (AB(1-38), AB(1-39), AP(25-35)) each have been observed
in only one category of mechanisms. Again, this is likely due to the infrequent
use of these species in experimental preparations. lon channel-mediated
mechanisms in experimental preparations using fibrillar AB(1-40)[27-31],
AB(1-39)[27] and AB(25-35)[29, 32], and both fibrillar[30, 32] and oligomeric
APB(1-42), have been observed. The species and aggregation states used in
cases where a receptor-mediated mechanism was postulated were AP(1-
40)[33-35], AB(1-42)[35, 36] fibrils and oligomers. AP(1-42)[37] oligomers
were used in preparations where membrane-mediated mechanisms were
hypothesized. AP(1-40)’s[38] action on neurons has been postulated, also,
through a AP channel or pore. This mechanism has also been observed often
in acellular membranes[39, 40]. Other mechanisms have been reported
involving AP(1-40), AB(1-42), AP(1-39), and AP(25-35). Some of these
mechanisms have involved changes in glucose uptake[41], attenuation of Ap-
related neurodegeneration via a GSK-3B pathway[42, 43], impairment of
long-term potentiation[44], increased transcription factor[45] and gene
expression[46], among others[20, 47-53]. The variety of mechanisms amongst
experimental preparations involving different AP species and aggregation
states indicates that it is unlikely that the lack of consensus on AB-neuron

interactions is due to the use of different species and aggregation states of Ap.

12



Categories of mechanisms nM  LowuM HighuM References
lon channel-mediated [27-32]
Receptor-mediated (non-ionic) [34,35,59;60-62]
Membrane-mediated [37,65, 66]

AP ion channel/pore

Other (cholesterol, GSK-3p, PIP2, etc)

[36,41-44, 46, 47, 50-
53, 63, 64]

Table 1.2: Mechanisms of AB’s action on neurons observed by various investigators using

different AP concentrations. This table shows the different mechanisms that have been observed in

experiments using nanomolar, low and high micromolar concentrations of AB. Each grey box

represents the proposed hypothesis for AB-neuron interactions based on results from experimental

data at each concentration range. In this figure, the specific aggregation states are not identified since

AP concentrations are reported for the monomer, and the active states are not reported. The data here

suggest possible promiscuity of AP, as at least three different mechanisms (ion-channel-mediated,

receptor-mediated, and other) are proposed across the concentration range.
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1.1.3.2 Concentration

The concentration of A monomer used in experiments ranges, in
general, between InM-100uM[19, 20]. Picomolar concentrations of A have
been shown to act positively on synapses[54, 55]. There have been questions
about the physiological relevance of high micromolar concentrations of
AB[16]. Rarely, or if at all, are the concentration of active aggregates reported.
Therefore, though the intended aggregate might be fibrils or oligomers, it is
likely that all three states: monomer, oligomers and fibril, exist in the
preparation in equilibrium[56, 57]. Though there are mechanisms that are
observed across the concentration range (ion channel-, receptor-mediated, and
other) (Table 1.2), this would be more suggestive of the promiscuity of the
AP peptide, rather than a consensus on its mechanism of action. It has been
suggested that AP might act in a more promiscuous manner on neurons,

possibly affecting multiple receptors and/or receptor-types[17, 58].

For preparations in which fibrils were the intended species, across the
concentration range, ion channel-mediated mechanisms are observed[27-32].
However, receptor-mediated mechanisms are also observed for fibrils in the
nanomolar[34, 59] and low micromolar[35, 60-62] range. Other mechanisms
have also been proposed for experiments involving fibrils in the low[36, 41-

43, 46, 47, 52, 63] and high micromolar range[36, 41, 50, 53]. With respect to
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preparations in which oligomers were the intended species, for the nanomolar
range, other mechanisms have been observed. For example, AR oligomers
have been shown to inhibit long-term potentiation[44] and cause PAK
signaling deficits[64]. At low micromolar concentration, A oligomers act via
membrane-mediated mechanisms according to reports by various
investigators[37, 65, 66]. Finally, at high micromolar concentrations,
oligomers have been shown to interact with neurons via receptor-mediated
mechanisms, such as interactions with the cellular prion protein[61]. Again,
noting that these preparations do not necessarily represent a pure
concentration of each aggregate, these data do not suggest a consensus, but

possibly give credence to hypotheses describing the promiscuity of Af.

1.1.3.3 Time scale

The timescales for experiments done with AP vary widely from
milliseconds to days (Table 1.3). This is strongly a function of the type of
experimental tools being used and the outcome the experimentalist desires to
measure. Many investigators are interested in the link between AP and
neurotoxicity, and so cell viability measurements are frequently employed.

The neurotoxic effects of AP take place within hours to days[67, 68] .

The temporal progression for most signaling events starts with the
extracellular cue acting on a receptor or channel. This occurs during the

milliseconds to seconds time frame[69]. In the literature data, AP-induced
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mechanisms, such as ion channel-mediated mechanisms[28-32] and receptor-

mediated mechanisms[62, 70-72] have been observed at this time scale.

Receptor-[33, 62], membrane-mediated[37, 73] and other
mechanisms[43, 44, 46, 53, 71] have been reported in the literature to occur at
the seconds to days timescale; however, at times greater than 60 minutes,
changes in gene expression will occur, resulting in changes in protein
expression[74]. This is significant when analyzing these data from the
literature on AP and attempting to determine the initiating event. At the
shorter time scale (< 60 minutes), it is possible to connect signaling events
with the initial extracellular cue, albeit not a trivial task due to the complexity
of intracellular signaling. However, as the timescale moves into hours or days,
genetic and even epigenetic changes occur that can change the state of the
neuron from the original state[18]. This may be a result of the initiating event,
but not necessarily directly correlated, as a host of other processes may take
place simultaneously. Therefore, the closer in time that a signaling event is
measured to the initiating event, the more likely that the measured event is
attributable to the initiating event[69]. With that being said, the data collected
on the longer timescale ( > 60 minutes) may not correlate directly to the
hypothesized initiating event because what is being measured is the result of
downstream processes (gene and protein expression changes). But even for

shorter timescale (< 60 minutes) data, there is still a lack of consensus on Af
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mechanism of action, although ion channel-mediated mechanisms seem to

predominate.
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Categories of mechanisms

lon channel-mediated

Receptor-mediated (non-ionic)

ms secs mins hrs days

References

\
\

.

[28-32]

-

_

.

33,62, 70-73]

-

Membrane-mediated [37, 73]

AP ion channel/pore

Other (cholesterol, GSK-3p, (43,44, 46, 53,
PIP2, etc) 71]

Fibrils

ligomers

.Both

Table 1.3: Mechanisms of AB’s action on neurons observed by various investigators at different

timescales. This table shows the different mechanisms that have been observed in experiments at

different timescales of AP incubation time, again, with fibrils (diagonal-lined box), oligomers

(checkered box), or both (black box). No consensus is observed across the timescales.
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As this discussion shows, there are factors in the experiments that are controllable.
Each laboratory, in preparing their experiments, chooses these factors differently. It is
possible that these non-standardized experimental preparations each contributes to the
lack of consensus, but are not the primary factors. We propose that methods for
discriminating between hypotheses, especially given a complex system, is the missing

factor which could bring consensus to the widely disparate data in the literature.

Because intracellular signaling does not occur as a series of linear pathways,
but rather as a highly connected network of interacting proteins[75], many of the
proteins being measured in the field are interconnected. This interconnectedness
means that a significant number of proteins in a neuronal signaling network can
receive a signaling from multiple pathways. It is important, therefore, to explore areas
of signaling that are discriminatory. By utilizing computational tools, we can explore
these systems, and their associated data, in silico and determine the best experimental
methods that would allow for discrimination between hypotheses, whether a priori or
a posteriori. We will do this, first, a priori by recreating, in silico, experimentally
testable conditions and discriminating between hypotheses by testing the model’s
results against literature-derived data. We call this a priori because the assumption
about AB-neuron interactions in silico are made beforehand (a priori), following the
same methodology as would the experimentalist. Secondly, we will do this a
posteriori by inferring AB-neuron interactions from literature-derived data on a
complex system. This is a posteriori because we are inferring AB-neuron interactions

from the data. Here, we also depart from a simplistic, linear view of intracellular
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signaling in order to embrace the actual complexity of the system. In our final
analysis, we attempt to justify this departure. In the next section, we will describe in
greater depth the computational approaches available and the rationale for our

computational strategy.

1.2 Computational Approaches for Modeling AB’s Early Action on

Neurons

1.2.1 Overview

Computational and mathematical modeling has been introduced to the
biological world, allowing for the exploration of the complex mechanisms underlying
biological processes. This type of modeling allows for what could be deemed in silico
experimentation. The interface between modeling and experiments will always be a
dynamic one within the field of biology, whereby experimental results are needed in
order to build, refine and test the model and its predictions. The mathematical and
computational tools for modeling are almost as varied as the types of systems to be

modeled.

When designing a mathematical model, the complexity of the system, the
spatial and temporal details of the system, the computability and computational
expense of the proposed mathematical framework are typically taken into account.
Beginning with the fullness of spatial and temporal complexity, partial differential

equations can be used in order to simulate both the spatial and temporal changes in

20



metabolite concentration or protein activity, for example[76, 77]. Ordinary
differential equations are oft employed when little to no spatial information is
required or available for use in order to simulate temporal changes[76-78]. These two
methods mentioned so far, depending on the complexity of the system, may require
many parameters that have to be experimentally determined under specific
conditions. This is problematic as the size of the system increases, such as when

modeling complex systems.

There are other modeling paradigms that allow for an increase in model size
without an increase in the number of parameters. These modeling paradigms lose
temporal detail or are without it at all. Boolean modeling assumes that each
component of a system can take on a state value, usually on (=1) or off (=0)[78, 79].
Then, a transfer function is created (a linear combination of the input variables) that
makes a prediction about the current state value of a set of components from the
previous state of the inputs. This methodology has been used for modeling
intracellular signaling because of the lack of need for parameters, and because the
activity of intracellular proteins can be approximated to be on/off (Hill kinetics). Flux
balance analysis makes an assumption about the system being at steady state and
estimates the flux of (or the rates of) reactions via a global, constrained
optimization[77, 80]. Again, because of the steady-state assumption, the number of
parameters are reduced, but not absent as thermodynamic data are widely used as
constraints on reaction fluxes. In addition, flux balance analysis is more compatible

with metabolic modeling than modeling intracellular signaling because flux
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information through pathways in metabolism can be constrained via conservation of
mass[81]. However, intracellular signaling consists of reversible changes in the state
of a protein, which is neither accumulated nor depleted. Thus, it is of greater
importance to predict the state of a signaling protein (whether it is activated or
inhibited) than to predict the flux of a signal through the pathway. Finally, topological
analysis requires only knowledge of the components and their interacting partners in
order to analyze the possible paths that could be traveled through chemical space[75,
82]. Choosing an appropriate modeling schema and its implementation requires a
detailed understanding of the underlying system and experimental data either for
training, testing, and/or verification of the model’s predictions.

The follow sections will describe some of the modeling paradigms used to

model AB-neuron interactions.

1.2.2 Electrophysiology Models

In 1952, A.L. Hodgkin and A.F. Huxley published their seminal paper
describing a mathematical model for the membrane conductance in the giant axon of
a squid[83]. This mathematical formulation, borrowed from the mathematics of
electrical circuit design, has since been used in electrophysiology to model and
predict membrane conductances due to various types of ion channels present in
biological membranes[84]. There having been few computational models that have
examined the mechanisms of AP-neuron interactions, and they have mostly been
electrophysiological models of the Hodgkin and Huxley type[85-87]. These models

primarily focused on the interaction between AP and the fast-inactivating potassium
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channel[85-88] or a AP pore[89]. They also focus on excitability of neurons due to
AP, which means they modeled only one type of electrophysiology experiment —
current clamp. In a current-clamp experiment, the current applied to a neuron is held
constant while the change in voltage across the neuron is measured. Once a threshold
current is applied, an action potential (or several) occurs. The strength of the applied
current needed to evoke an action potential and the frequency of these potentials are

what determine the neuron’s excitability, with and without the presence of Ap.

In Section 1.3.2, we describe how our work with an electrophysiological
neuronal model expands on work done in this area in order to test multiple AB-neuron

interactions under three experimentally testable conditions.

1.2.3 Intracellular Signaling Networks

In 1970, Martin Rodbell won the Nobel Prize in physiology or medicine in
1994 for his discovery of G-proteins[90]. This began the era of research into
intracellular signaling. From his simplistic, three component model of G-protein
signaling, the field advanced to multi-component models with more complex
interactions such as cross-talk and feedback. A well-known example of such a model
is the Kholodenko MAPK pathway[91], a nine-component pathway with 6 feedback
loops. With the advent of the proteomics era and high-throughput experimentation, in
less than a decade the number of components in a model of intracellular signaling had

increase 10-100 fold[75]. Now, there is enough experimental data to construct,
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complex, systems-level models, rather than single pathways, for intracellular

signaling.

Over the past 15 years, investigations into AP’s effect on intracellular
signaling began to predominate the literature. The search had begun for a pathway to
target pharmacologically in order attenuate or treat AD. As this data became more
abundant, the number of hypotheses for AB-neuron interactions also began to
increase. It would appear that AP has effects on multiple pathways, instead of through
a single pathway[17, 58]. In order to better understand the potential pathways that AP

could affect, models of intracellular signaling have been used.

To date, there have been no reports of using intracellular signaling network
models to identify AB-neuron interactions. Of reports on intracellular signaling
networks used in AD research, AlzPathway[92] and AlzPlatform[93] stand out as
highly comprehensive databases of information on AD. However, neither of these
databases is used to bring consensus to nor to identify AB-neuron interactions based

on known intracellular pathways in neurons and literature-derived experimental data.

In Sections 1.3.3, we describe how we used a CA1l hippocampal neuronal
signaling network to attempt to infer AB-neuron interactions that would explain the
data found in the literature. In Section 1.3.4, we describe how we use this network to
identify signaling motifs, their potential impact on experimental design, and

interpretation of available experimental data in the literature.
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1.3 This work

1.3.1 Overview

The work of this dissertation entails the development and evaluation of
computational tools that were designed to identify AP-neuron interactions.
Developing and utilizing such tools allows us to generate and test hypotheses of a
complex system, and to identify potential confounding factors in an experiment so as
to improve experimental design. The goal of this work was to produce experimentally
testable results from various simulations such that, once tested, would provide
experimental data that could discriminate between hypotheses of the AP-neuron
interactions. Discrimination between hypotheses is the key. Currently, experiments
are being designed and tested in a manner in which each investigator might prove his
or her hypothesis (and thereby reject the null hypothesis of his or her experiment) but
does not necessarily confirm or reject the results of another laboratory (see Section
1.1.3). This has left the field full of experimental data from in vitro experiments
without convergence or consensus. Since the first formulation of the Amyloid
Cascade Hypothesis, the results of in vitro experiments have fueled the conviction
that AP is directly toxic to neurons, but those same experiments have failed to neither
lead to a consistent mechanism of action for AP responsible for its toxicity nor yield

actionable targets for therapeutic strategies.
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In order to accomplish the aforementioned goal, it was necessary to bring
together the current literature data appropriate for the type of computational models
available. Then, the approach was taken to develop further and/or utilize already
compiled computational algorithms suitable for the type of modeling required. This
was to avoid re-inventing the wheel and instead either re-purposing the model to give
the experimentally testable outputs required or applying an algorithm developed for
one application to another, more complex problem. Subsequently, relevant
hypotheses were tested to demonstrate the feasibility of utilizing each tool. For each
tool, there were complications and drawbacks to their usefulness toward identifying
ApB-neuron interactions. However, in no case was the computational model proven
insufficient for the applied problem, but rather that the modeling program was

severely data-limited.

1.3.2 Electrophysiological Model of Af’s Action on a Neuron

In this work (found in Chapter 2), an electrophysiological model neuron[86]
was used to test AP-neuron interactions under three experimentally testable
conditions. These experimental conditions are: current-clamp, voltage-clamp and high
potassium membrane depolarization. These are three typical experimental designs for
electrophysiology experiments. As discussed in Section 1.2.2, most electrophysiology
models of neurons used to test AB-neuron interactions focus on modeling current-
clamp experiments because of the action potential. The shape and frequency of action
potentials are extremely important for fast inter-neuronal communication. However,

the other two types of experiments, voltage-clamp and high potassium membrane
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depolarization, are also used in the area of electrophysiology, in general, in order to
identify and study the dynamics of channel opening and closing. This information is
important, especially the dynamic information of channel opening and closing from
voltage-clamp experiments, because changes in those dynamics in the presence of
another compound, such as A, can provide a detailed mechanism for its action on an
ion channel and/or the membrane. Being able to model these three different
experimental designs also provides various means of discriminating between the
potential effects of AP on a neuron (pending that AP interacts either with an ion
channel or the membrane) in well-understood, experimentally testable ways. In this
work, we were able to identify the high potassium membrane depolarization
experiment as being the most discriminatory of the three experimental conditions
simulated for two common hypotheses of AB-neuron interactions. Though there were
some observable differences in the results from simulations of the other experimental
conditions, these differences were not able to distinguish one mechanism from the

other.

1.3.3 Identifying Ap-Neuron Interactions by Inferring Network Topology from

Experimental Data

The aim of this work (found in Chapter 3) was to identify AB-neuron
interactions by inferring network topology from literature-derived in vitro
experimental data with primary culture neurons exposed to AP. This work was
departure from the electrophysiological neuronal model in order to utilize data that

had been collected in the field on the activity of proteins involved in intracellular
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signaling. In order to accomplish this aim, CelINOptR[94] was utilized. CelINOptR is
a reverse engineering algorithm that infers network topology from a prior knowledge
network[94] and experimental data. A prior knowledge network contains all of the
information about interacting pairs of proteins involved in intracellular signaling.
CelINOptR uses experimental data to test different network configurations using
Boolean logic in order to make predictions about the state of proteins in the network.
The state of a protein is determined by a Boolean function, which is a function of the
state of its adjacent inputs that takes on a value of either 0 (off) or 1 (on). These
predicted values of the state are compared to the normalized experimental data to
determine which network configuration best describes the data. The prior knowledge
network for this work was a CAIl hippocampal neuronal network[95]. CAl
hippocampal neurons are the neuronal population most affected in AD. Therefore,

this network was most applicable to the system.

Again, discrimination between hypotheses is necessary here for testing
multiple hypotheses for how AP could potentially interact with a neuron. Different
AB-neuron interactions were included in the prior knowledge network prior to
inputting the network into CelINOptR. In this way, the results from CellNOptR for
each hypothesis could be compared to those of another hypothesis. The hypothesis
with the best fit to the data would be the most likely candidate for further study.
Therefore, consensus could be found by placing the experimental data in the proper
context of its more complex, interacting system. In this work, we collected data from

over the past two decades of in vitro experimentation on AP’s early action on
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neurons. We found in using CelINOptR to discriminate between different hypotheses
of AP-neuron interactions utilizing a CA1 hippocampal neuronal signaling network
that the data are not self-consistent. Many of the data points collected in the literature
thus far have been collected from areas of the network that are not discriminatory due
to their presence in multiple signaling pathways and/or in network motifs, such as

feedback loops. This is discussed in greater detail in the work done in Chapter 4.

1.3.4 Using Network Analysis to Identify Network Motifs for Experimental

Design to Identify Ap-Neuron Interactions

The goal of this work (found in Chapter 4) was to demonstrate that the
complexity of the CA1 hippocampal network precludes the use of a linear pathway
hypothesis for AB’s action on neurons. At the cellular level, the intracellular signaling
landscape is quite complex. Each protein exists within a particular network context;
which determines, along with the kinetics of the system, the activity of that particular
protein. On the one hand, a linear pathway hypothesis would assume that a protein
has a single modulator and in turn modulates the activity of only one other substrate.
On the other hand, a protein within a complex network may be modulated by multiple
proteins, may modulate more than one substrate, and/or be involved in feedback or
feedforward mechanisms[69, 75]. The cellular contexts in both of these cases are
different for each protein. In this work, we utilize network analysis tools, such as path
length analysis, signal flow, and counting feedback loops, to demonstrate that the
linear pathway hypothesis insufficiently describes the cellular context for many

proteins in a CAl hippocampal neuron[95]; in particular, for those proteins
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commonly measured in in vitro experiments aimed at identifying the mechanisms of
AB-neuron interactions. In this work, we assessed general network properties of a
CAL1 hippocampal neuronal network to determine that a linear pathway hypothesis
would be insufficient to describe the cellular context of most proteins in the network.
Then, we developed tools to be used to design discriminatory experiments, providing
the necessary information about the cellular context of a particular protein in the
network. The Signal Flow Method provides an approximate time-course behavior of
individual proteins given a particular set of inputs. Path length analysis allows for
determining the number and type of feedback loops in which a particular protein
participates. Knowing this information prior to designing an experiment can aid in
either choosing the number of time points to collect, as in the case of proteins in
feedback loops, and choosing the right sets of proteins to measure given a particular

set of inputs.

1.3.5 Significance of This Research

Our goal in the work of this dissertation was to provide tools for improving
experimental design toward finding consensus on AB’s early action on neurons. In
this dissertation, we revealed two primary issues leading to this lack of consensus in
the data from in vitro experimentation in this field: the need for methods with
discriminatory power to distinguish between hypotheses from experimental results
and the need to move away from a linear pathway hypothesis toward a complex,
systems-level network to describe the underlying neuronal system. We proposed that

computational modeling be a solution for both of these issues; for the first issue, the
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model’s predictions for each hypothesis can be compared to experimental results in
order to select the hypothesis that best describes the data. The computational model
also allows for further refinements in the understanding of the system to be made,
which can better inform experimental design. Our work in Chapters 2 and 3, were
toward demonstrating the discriminatory power of each computational model on
literature-derived data on AB’s action on neurons. For the second issue, in Chapter 4,
we used a computational model of a CAl hippocampal neuron to demonstrate the
inadequacy of a linear pathway hypothesis to fully describe signaling in neuronal
populations used in in vitro experimentation, and developed tools to design more
discriminatory experiments. Therefore, such a model can be used as an alternative set

of prior knowledge to inform hypothesis generation and experimental design.

In developing these tools, another goal was to make them as generic as
possible such that they might apply to other similar problems and systems. In
Chapter 2, the neuronal model adapted from the Good and Murphy model[86], can
be used to compare any ion channel or receptor-based mechanism present in a
hippocampal neuron under electrophysiology experimental conditions. Even the type
of neuron can be changed by the identification of the types of ion channels and ion-
conducting receptors that exist in its membrane, adjusting the capacitance, and
perhaps also the surface area of the membrane. This modeling methodology may be
applicable to other neurological diseases such as Parkinson’s disease[96], a disease
which may have similar misfolded protein (amyloid)-related etiology as Alzheimer’s

disease[97, 98].
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In Chapter 3, the algorithm that was used, CelINOptR[94], can take as inputs
any signaling network and associated data, and hence why we found it to be
applicable to our system. Given an intracellular signaling network, an associated
dataset, and hypotheses for how a given molecule or protein interacts with that
network, ideally one should be able to discriminate between hypotheses based on
goodness-of-fit to the data (objective function). And this was the subject of our work

in Chapter 3.

In Chapter 4, again, our goal was to create tools that were generic to an
extent. The Signal Flow Method and path length analysis could all be done with any
network in which the adjacency matrix was available. Given a list of interactions, in
the proper format, we created an algorithm that could populate the adjacency matrix
needed for these methods. These methods are especially useful for large networks in
which following the signal propagation through the various proteins in the network
would be difficult to do by human intuition alone. Also, we were able to use path
length analysis to identify all feedback loops that started and ended with the same
protein. This could be useful for many types of networks as feedback is a common
motif in many real networks[75, 82, 99]. The Signal Flow Method, for example,
could be useful for studying the effect of cross-talk on particular proteins in pathways
of interest, such as cross-talk in protein phosphorylation events collected using
phosphoproteomics[100]. For instance, phosphorylation events, such as those
associated with the mitogen-activated protein kinase (MAPK) pathway, have been

shown to arise from multiple pathways via cross-talk, but were previously thought to
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be specific to a particular stimulus[100] (linear pathway hypothesis). The Signal Flow
Method can highlight all of the input pathways that could give rise to phosphorylation

of MAPK.

1.4 Conclusions

To understand the mechanisms of Ap-neuron interactions has been a major
experimental driving force for more than two decades in the field of AD research.
Though recent failures of drug therapies targeting A has called for a re-evaluation of
the Amyloid Cascade Hypothesis (and some propose to reject it all together), the role
of AP in the disease progression is still considered to be an important role, even if it is
not the sole initiating factor. However, a continual impediment in understanding the
mechanisms of AB’s neurotoxic effects on neurons via in vitro experimentation has
been a lack of experimental consensus on the mechanisms of AB’s early action on
neurons. In our discussion of the experimental data, we argue that the controllable
differences in experimental preparations between laboratories, such as AP species and
aggregation state, AP concentration, and timescale of the experiments, are not the
primary reasons for a lack of consensus (although they probably do contribute to
uncertainty in the field). This is because within each controllable factor of the
laboratory preparations, there is not a consensus with respect to any particular

mechanism of AB-neuron interaction (see Tables 1.1-1.3).
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We proposed that computational approaches could be applied to the system in
order to analyze the current experimental data against a model for the system and then
test different hypotheses for AB-neuron interactions. We introduced our work using a
computational electrophysiological model neuron to test AB’s action on ion channels
in the membrane. We also introduced our work with a CA1 hippocampal neuronal
signaling network, utilizing a reverse-engineering algorithm to identify AB-neuron
interactions from experimental data. Finally, we introduced our work using network
analysis to identify the cellular context of proteins in a CAl hippocampal neuronal
signaling network, and to show that the cellular context of proteins commonly
measured in in vitro experiments with AP are involved in complex interactions, such

a feedback.

Given these approaches, we hope to further guide experiments in this area of
AD research toward the end of finding consensus on Af’s early action on neurons.
Though a standardized methodology for preparing experiments would greatly aid this
endeavor (standardized A species and aggregation state, concentration and timescale
used), we have shown that these are not the only confounding factors. Instead, we
propose that the system is complex and that by assuming a more complex model for
the system, we could identify Ap-neuron interactions that explain the current
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Chapter 2: Modeling the short-time scale dynamics of -
amyloid-neuron interactions.'

2.1 Introduction

“Do not despise these small beginnings...” ~Zechariah 4:10 (The Bible)

Beta-amyloid (AP) is a 39-43 amino acid peptide that accumulates in the
extracellular matrix of hippocampal and cortical regions of Alzheimer diseased
brains[3]. AP is suspected to play a key role in initiating a cascade of intracellular
reactions that lead to neuronal dysfunction and cell death associated with Alzheimer’s
disease (AD)[4], the most common form of dementia[5S]. Exogenous exposure of
neurons to AP, during in vitro experiments, have shown that A elicits a variety of
intracellular responses including increased calcium influx[6, 7], altered kinase and
phosphatase activities[8-10], disrupted regulation of transcriptions factors[11, 12],
and alterations in ion channel and receptor gene expression[13]. Because intracellular
functions are altered in the presence of extracellular AP, it has been hypothesized that
AP interacts with neuronal surfaces. Monomeric A may interact with certain features
of cellular membranes acting as a locus for attachment, oligomerization and eventual

fibril formation. The resulting toxic structures alter membrane morphology[14] via

! Wilson NP, Gates B, Castellanos M. Modeling the short time-scale dynamics of f-amyloid-neuron
interactions. J Theor Biol. 2013. doi: 10.1016/}.jtbi.2013.02.012. PubMed PMID: 23454082.
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protein-protein[15] or protein-lipid interactions[16]. After over twenty-years of

research, there is no consensus on the exact mechanisms of AB-neuron interactions.

A mechanistic description of AB’s interaction with neurons requires reconciling a
wealth empirical data performed under various conditions, making comparison of
relevant mechanisms challenging. Computational modeling offers avenues for
discriminating between mechanisms under experimentally testable conditions.
Although experimentalists have faced challenges with the use of different species and
aggregation states of AB[2, 17-25], thereby causing debate around the exact nature of
the toxic AP species[26], in a computational model, AP can be treated as generalized
toxic aggregate that binds to the neuron with some affinity and elicits a response.
Though a simplified depiction of quite complex phenomena, this allows for
comparison of results from the model to experimental data from various laboratories
in order to identify trends in neuronal response that may be common to all species;
while delineating probable mechanistic explanations for differing responses in the
presence of a particular A species or aggregation state. Computational modeling also
allows for the determination of the type of response and its time-scale a priori, giving
flexibility to examine the short time-scale (ms-sec) response of neurons to AP
exposure, which may proceed the induction of intracellular processes associated with
neurotoxicity[27]. Capturing short time-scale responses can often be tedious or
limited by the experimental design. And so, while experimental literature on AP’s
interaction with neurons in vitro abounds, there is still a need for a tool that allows for

comparison across experiments in order to begin developing a mechanistic model for
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AB-neuron interactions. Computational modeling is a powerful tool for analyzing the

results of multiple hypotheses under controlled conditions.

Herein, we present a computational study where short time-scale interactions of
AP with the neuronal membrane are compared. Utilizing a mathematical model of a
hippocampal neuron[28], we input mathematical expressions for two proposed
mechanisms of AB-neuron interaction: AB’s block of fast-inactivating potassium (I)

channels and the membrane conductance increase by AP.

A fairly well-studied hypothesis, in vitro experiments with both hippocampal and
cortical neurons suggest that AP blocks 14 channels in a [AB]-dependent manner,
increases membrane excitability, and calcium influx[1, 17, 29, 30]. On the other hand,
the membrane conductance increase mechanism posits that through AB’s interaction
with the neuronal membrane, the dielectric constant is increased and the membrane
becomes more permeable to ions and other compounds[24, 25, 31-33]. Though
investigators have observed that AP evokes a current in artificial bilayers consistent
with an increase in general membrane permeability[31, 32] and increases Ca®" entry
into hippocampal neurons[24], other physiological responses important to neuronal
signaling, such as action potential (AP) generation and membrane excitability have

not yet been examined for this mechanism.

For each mechanism presented, we report the effects of A on voltage properties

of the membrane, membrane excitability, action potential generation and the
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dynamics of Ca®" entry; all measurable outputs that can be experimentally tested.
Each mechanism was simulated under voltage-clamp, current-clamp and high [K']
membrane depolarized experimental conditions. In comparing these two AB-neuron
interactions via computational modeling, we demonstrate the model’s potential for
hypothesis generation and comparison, which could be used to guide the rational

design of experiments.

2.2: Methods

2.2.1 Model Overview

A rat hippocampal neuron model was used to demonstrate the effects of the I
channel block by AP on intracellular Ca** levels, under current-clamp conditions[28].
We adapted this model to simulate voltage-clamp and high [K'] membrane
depolarization experiments, and can include multiple possible mechanisms of Af-
neuron interactions. The neuron is modeled as a wrinkled sphere with a radius of

12pm and a surface area of 4 x 107 cm?[28].

2.2.2 Current-clamped Neuron Model

The general form of the current-clamped model[28] describes the voltage-time

trajectory of ionic conductances in the neuronal membrane:
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Cm aa_v = ZIions + IAMPA + Iinject + Ileak (1)
t

The expressions for the currents (/; pA), membrane capacitance (C,; MF) and

the membrane potential (V; mV) are described in detail here[28]. Iampa = 0 for all
simulations as current density for this receptor is low in the soma and requires the
neurotransmitter, glutamate, for activation[34]. Each ion channel takes on a Hodgkin
and Huxley[35] form. The leak current is adjusted such that a quiescent cell is

achieved in the absence of any stimulus.

We replaced the original Ix channel current in the Good and Murphy model
[28] with an I, channel current equation from[36] that better describes the dynamics
of I channel gating observed experimentally since the publication of the Good and

Murphy model. This current is represented by the following equation:

Ii=g,*m" *h*(V-V,) (2)

where N is the order of the activation (N = 3 or f (V); 3 in our model)[36] and Vi is
the Nernst Potential for the K' ion. The parameters m and h are the activation and
deactivation parameters, respectively, which represent probabilities of an open Ia
channel based on the measured kinetics of channel gating[36]. The functions for m

and h are given by m = 1-exp(-t/t;) and h = exp(-t/tq4), respectively. 1, and t4 are the
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time to peak (ms) and the delay constants (ms), respectively, and are functions of the

membrane potential (V)[36].

2.2.3 Voltage-clamped Neuron Model

To create the voltage-clamped model, the following equation is the steady-

state solution to Eq. 1:

Eli"”s + ]AMPA +Ileak + Iinject =0 (3)

Therefore, in Equation 3, the magnitude of Iy, the current required in voltage-
clamp experiment to maintain a constant voltage, is equal to the magnitude of the
total ionic currents. In each simulation, two holding potentials (Vy, before and after
the command potential) and a command potential (V) are invoked. The holding
potential period allows ion channels to come to a closed and inactivated state. The
command potential is a voltage set higher than resting potential of the cell (Vr=- 67.5
mV) thereby opening channels and allowing each current to reach steady state. For
our simulations, Vg is held at -100 mV; V¢ is held at potentials between -60 and 60
mV, which represent the membrane potential range exhibited during an AP in

hippocampal neurons.
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2.2.4 High [K"] Membrane Depolarized Neuron Model

For the high [K'] membrane depolarized neuron model, the current-clamped
model[28] is applied except that Li.: = 0 and a depolarizing concentration of 30 mM
extracellular [K'] was simulated by changing the K™ Nernst potential (Vi) from -89

to -32 mV.

2.2.5 Ca’" Diffusion

The general equation governing intracellular Ca** diffusion and dynamics

is[28]:

[Ca**]
ot

=DV’[Ca™], - €

where terms are [Ca®'];, the Ca®" concentration at a radial distance r (M), D, the
diffusivity(cmz/s) of Ca®" inside the neuron and rguser, the rate at which the buffer
uptakes Ca®" (M/s). Ca®" buffering is modeled as a reversible reaction governed by

mass action kinetics[28].

In order to solve Eq. 4, two boundary conditions are required. The boundary

condition at the neuron center (r = 0) is given by[28]:
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8[Ca2+]0

o 0 0

where [Ca®"], is the concentration of Ca®" at r = 0. This boundary condition accounts
for symmetry. The second boundary condition describing Ca®" flux across the

membrane (r = R) is given by[28]:

2+
oCa™)y Sl

DA 8r 2F pump - r}euk

=0 (6)

where terms are [Ca®g, the Ca®" concentration at the intracellular cell membrane,
Ylc, , the sum of the current through Ca*" channels, Tpump, the rate at which Ca*" is
pumped out of the cell by the Na'-dependent Ca*" pump, and ricq, the rate at which
Ca”" leaks into the cell at the resting membrane potential. I7.eak = Tpump When [Ca’'] is
equal to the initial intracellular [Ca*'] given at t = 0 (not shown here). Governing
equations for the Ca®" pump were taken from[28]. The differential equations were
solved using fourth order Runge-Kutta method with a variable time step, and
programmed in Visual C++. The partial differential equation for [Ca®], was solved

numerically using the method of lines and the resultant [Ca*']; is given as a function
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of radial distance and time. [Ca*']; presented were averaged over the entire volume of

the neuron.

2.2.6 Mechanisms of Ap interactions with neuronal membrane

We are modeling two hypothetical AB-neuron interactions to discriminate

their effects on ion conductances and alterations in Ca®" transients.

2.2.6.1 AB’s block of 14 channels mechanism

The Ap-induced In channel block is represented by a kinetic inhibition

equation[28]:

[45]

=%, g "

where the terms are xap, the fraction of channels blocked by AP, [AP], the
concentration of exogenous AP (uM) (represented as an aggregate), and Kj, the
inhibition constant for AR (uM). The simulated K; values were 0.5 and 1.5uM[1]. The
expression, 1-xap, then describes the number of open In channels. For this

mechanism, the I, channel current expression is[28]:
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Li=g*(=x)*m" *h*(V =V,) (8)

2.2.6.2 Membrane Conductance Increase Mechanism
We have represented the membrane conductance mechanism[31, 32] in the
model as a [AB]-dependent increase in capacitance and membrane conductance. The

capacitance increase[31] is scaled by a difference in capacitance between a biological

membrane[37] and a sparsely-tethered lipid bilayer such that when [AB] =0, Cp, = 1:

C =0.0548]+1 (9)

where Cp, is the membrane capacitance(uF/cm?).

In a similar fashion as Eq. 9, a dimensionless equation for membrane

conductance as a function of [AB][31] is given by:

S _ £ 239165 AP ~11.6285[4B]+1 (10)

8o
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where terms are gap, the membrane conductance as a function of [AB](uM) and, g,
the membrane conductance when no AP is present. The f parameter simulates an
increase in general membrane permeability due to a AB-induced increase in the

membrane dielectric constant.

2.2.7 Choice of experimental data used to analyze predictions from the model

Experimental data was collected from[1, 2, 11, 17, 20, 24, 29, 33, 38, 39]. In
order to analyze the model’s predictions, we chose experimental data where AP
incubation times where relatively short (30s — 1hr) and the responses measured were
similar to simulation conditions (i.e., voltage-clamp, current-clamp and high [K']
membrane depolarization), to ensure the responses were representative of changes at
the membrane surface and not other processes that occur on longer time-scales.
Voltage-clamp responses measured in experimental data were percent original (peak)
Ia current[1, 2, 17, 29, 38] and change in conductance relative to the control at
various [AP][33]. Responses under current-clamp conditions collected were
membrane excitability via basal/spontaneous activity of neurons[l, 2], which is
inversely related to threshold current needed to elicit an AP, and relative levels of
Ca®" influx, usually measured as the change in fluorescence over the baseline
fluorescence (AF/F); though in the case of data from[39], we normalized the
measured calcium concentration relative to the control (no AP present).

Phosphorylated CREB relative levels were compared to the model’s predictions for
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Ca” levels under high [K'] membrane depolarization since intermediate Ca®>" data
was sparse in the literature. When at all possible, we used data from hippocampal or
cortical neurons, which exist in brain areas affected by AD. However, data from Leao
et al[2] and Demuro et al[20] were from medial septal neurons and SYSY cells,
respectively. Though medial septal neurons and SYSY cells differ from hippocampal
neurons, we chose to use experimental data from Demuro et al and Ledo et al because
the mechanisms of APB-neuron interaction being examined were relevant to those we
simulated. AP species and aggregation state varied among all of the experimental data
used for this paper. Nonetheless, in our model we treat AR as a toxic aggregate
independent of its specific structure and therefore species and aggregation state did

not play a role in how we chose data to compare.

2.3: Results and Discussion

2.3.1 Voltage-clamp simulations in the presence of Af

We performed voltage-clamp simulations to ensure that each mathematical
expression for AP’s action on a neuron would have the desired response in the model.
Figure 2.1 shows the results of voltage-clamp simulations of AB’s Ix channel block
and the AB-induced membrane conductance mechanism at various [AB]. [AB] used in
our simulations are within the typical [AP] range used on primary -culture
hippocampal neurons (1nM-50uM)[29, 40]. In Figure 2.1A, the AP I channel block
is shown. Inhibition of K" current through this channel, as observed in experimental

literature[1, 2, 17, 38], results in a decrease in peak amplitude of the current in a
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[AP]-dependent manner, but has no effect on the activation or deactivation kinetics of
the channel. We modeled AB’s block of I channels using saturation kinetics (see
Eqn. 7), where the K; for these simulations was 1.5uM. This K; was chosen as a
reasonable estimate for inhibition of the channel observed in experimental
literature[ 1, 29]. The inset of Figure 2.1A shows how the block of I channels by AP
varies with [AB]. A decreasing trend with increasing [AB] is observed. As can be seen
by comparing the solid line representing the model with the experimental data, the
choice of K; = 1.5uM is a reasonable estimate for the Ix channel block, even though
the simulated inhibition of In channels trends lower than the experimental data.
Experimental data from Ye et al[1] at 1uM represents almost a complete abolition of
the 1o current. Differences in the data amongst the experiments are likely due to
varied AP preparations. The relative potencies and targets of specific AP aggregates is
still an open question in the literature[41]. However, given the experimental data
compared in the inset of Figure 2.1A, our model is able to replicate a general trend

observed for the block of 15 channels by Af.

Voltage-clamp simulations of the membrane conductance increase mechanism
show a [AB]-dependent increase in the leak current (Figure 2.1B). The large increase
in the leak conductance, especially at [AB] > 0.1uM, is represented as an increasing
polynomial function of [AB]. This large [AB]-dependent increase in membrane
conductance has been observed experimentally[25, 31, 32]. As shown in the inset of
Figure 2.1B, this general trend toward increased membrane conductance with

increasing [AP] was demonstrated in rat hippocampal neurons[33], though the
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experimentally measured membrane conductance in hippocampal neurons appears to
increase linearly as a function of [AB]. Equation 10 was adapted from experimental
observations in artificial bilayers[31, 32], which are simplified model systems of
neuronal membranes[14, 21]. From experiments in artificial membranes, the degree
to which A increases membrane conductance varies with phospholipid composition,
with more negatively charged lipids reducing the effect of Ap compared to more
neutral compositions[31, 32]. Therefore, calibration of the effects of AP on a native
neuronal membrane system, which tends to be more of a mixed composition of
phospholipids, is necessary to more accurately depict the effect of this AB-neuron
interaction. An additional consideration is that, as described by Gentet et al[37], the
membrane capacitance has been shown not change due to the addition of membrane
proteins to the neuronal membrane. Therefore, though the membrane conductance
mechanism described herein contains a linear increase in capacitance with respect to
[AB], it is very likely that there is no change in capacitance in an actual neuronal
membrane. Though it is noteworthy that for the [AB] range used in this particular
study, the calculated difference in the membrane capacitance is 1.005-1.15pF (for
[AB]=0.01-3uM), which is within the experimental range demonstrated by Gentet et
al for HeLa cells[37]. Importantly, as seen in Figure 2.1B, our model shows that a
significant [AB]-dependent leak is observed. Such a large AB-induced leak current

could be difficult to discriminate from an effect on a channel current.

65



|- 120%
A N
—0uM ¢ 100%
L 80%
08 1M AN
' = 60% ¢ o
-——- 3“M =
£ 0%
R 0.6 - S 20%
3
< 0% = S ,
£ 0o 12 3 4
E 04 - Ap Concentration (uM)
]
=
=02
@)
0 T Lan T T T T u T 1
10 2 30 40 50 60 70 80 90
02 -
Time (ms)
50 - B 3000%
—0uM 2500%
o
40 YA
...... 1 |reeeeeccscccccccancnaccaany |29 2000%
! | AEE
30 4 —_— 3uM | : gaﬁ; 1500%
| =
: ] E £ 1000%
9 9
2 27 | VS s
| )
S : | 0% -
- 1 : 0pM 0.1pM 1M
5 . fressssnnsss s |
e T Teen T T T T T | 1
i=. 10 20 : 30 40 50 60 70 : 80 90
]
U -10 4 : :
i |
201 caas -
-30
40
Time (ms)

66



Figure 2.1: The effect of AB-ion channel and Ap-membrane interactions on the
Io channel under voltage-clamp conditions. (4) In channel current is shown at
various [AB]. Current inhibition was simulated using saturation kinetics to describe a
block of the I, channel pore (see Eq. 7) with an inhibition constant, Kj, of 1.5 pM.
Inset, percent peak current relative to the control (JAB] = 0) at various [AP].
Experimental data from Good et al[17] (open squares), Chen[29] (closed triangle),
Ledo et al[2] (closed circle), Jhamandas et al[38] (dash) and Ye et al[l1] (cross)
plotted for comparison. (B) The AB-induced increase in membrane conductance is
represented by increases in both capacitance and membrane leak conductance (Egs. 9
& 10). Plotted here is the leak current at various [AB]. Imset, percent change in
conductance relative to the control, as measured by the slope of the I-V curve vs.
[AB]. The black bars represent the simulated control; grey bar is the model results for
the membrane conductance increase mechanism. Experimental data from[33] is
represented by the white bars. For these voltage-clamp simulations, Vg = -100 mV
for 26 ms before evoking V¢, and for 10 ms after the V¢; Ve = 60mV for 50 ms. All
Ca’" and sodium channels, the delayed-rectifying, Ca*"dependent, and the long after
hyperpolarization K channels were blocked during these simulations. [ApP] = 0

(control), 1, and 3 pM.
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2.3.2 Current-clamp simulations of a single AP, membrane excitability and

[Ca’'];

We used current-clamp simulations to evaluate the effect of each mechanism
on AP generation and membrane excitability. An inject current of 0.5nA is applied to
simulate the effect of neurotransmitter release from the pre-synaptic cell to the model
neuron sufficient enough to elicit an AP. Again, we simulated each mechanism’s Af-
induced effect for [AB] ranging between 0 and 3uM. The Ap-induced I, channel
block decreases AP latency and increases AP height with a slight [AB]-dependence
(Figure 2.2A), indicative of increased membrane excitability. These A-induced
alterations in firing properties of neurons have been examined both computationally
and experimentally for the I, channel block[29, 42]. Though alterations in APs that
our model predicts are slight, these can lead to more dramatic increases in AP height
in the dendrites due to back-propagation[29, 42]. Disturbances in dendritic signal
propagation can result in loss of input-output control, which is essential for effective
inter-neuronal signaling[43]. In contrast to the I, channel block by AP, the AP-
induced membrane conductance increase mechanism (Figure 2.2B) shows a strong
non-linear [AP]-dependence on AP latency, height and shape as well as the
hyperpolarization period following the AP. For [AB] < 0.1uM, AP latency is
increased. Conversely, at [AB] > 0.1uM, AP latency is decreased, indicating greater
membrane excitability. Furthermore, the AP peak is lower and broader for increased
[AB] > 0.1uM. The depth of the hyperpolarization period also shows a non-linear

correlation at [AB] < 0.1uM, but an inverse correlation at [AB] > 0.1uM.
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This dichotomy in neuronal response to AP is due to the inverse relationship
between capacitance and conductance, as both are increased by AP (Egs. 9 & 10).
Qualitatively, the implications of these opposite effects of the membrane conductance
increase mechanism is that at lower concentrations (i.e., at [AB] < 0.1uM in our
simulations), the neuron may be less responsive to external stimulus but at higher
concentrations (i.e., [AB] > 0.1uM in our simulations) the neuron will become more
responsive to external stimulus, and therefore more excitable, as compared to the case
when no A is present. Because information encoded in neurons is dependent on the
height, shape and frequency of APs[44], then such changes in intrinsic membrane
properties of neurons could be deleterious. To further examine the effects of AP on
membrane excitability, the model neuron was given a subthreshold current (Lipject <
0.5nA), which would be insufficient to elicit an AP when no AP is present. A
decrease in the threshold current required to evoke an AP would result in a neuron
that is more excitable, or more responsive to a subthreshold external stimulus. When
AP blocks Is channels (Figure 2.2C), threshold current is decreased in a [A]-

dependent manner until the simulated concentration reaches around 2.5uM.
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Figure 2.2: Comparison Ap-induced
I, channel block and membrane
conductance increase under current-
clamp conditions. Top panel: Current
was injected into the model neuron was
sufficient to elicit an AP (0.5nA) when
[AB] = 0. Shown are the I, channel
block by AB and (4) Ap-induced
membrane conductance increase (B).
Bottom panel: Threshold current as a
function of [AP] is plotted here for the
I channel block (C) and the membrane
conductance increase (D). K; = 0.5uM
(dotted line/solid squares) and 1.5 (4
and C, solid line/solid diamonds). [AB]
= 0 (control), 0.01, 0.05, 0.1, 0.25, 0.5,
I, 1.5, 2.5 and 3uM. Current-clamp
electrophysiology data from[l, 2] (C
and D, square, circle) are plotted as the
percent basal activity or the ratio of the
Ap-stimulated activity of the control
activity in [AP]-dependent manner.

Basal activity and threshold current are

inversely related.



Experimental data for basal activity of neurons as a function of [AB][1, 2], as
shown in Figures 2.2C and D, is a measure of membrane excitability that is inversely
related to the threshold current required to elicit an AP. Basal activity of neurons vs.
[AP] observed experimentally begins to plateau at [AB] = 1uM, and has saturated by
time the [AB] = 2.5uM. Ye et al [1] attributed this AB-induced increase in basal
activity of neurons to reductions in the K* currents of the fast-inactivating type (A-
and D-type), while Ledo et al[2] reported increases in spontaneous (basal) activity
due to the inhibition of Iy and Iy currents. The difference in the specific currents
affected by AP that Ye et al and Ledo et al observed were most likely tissue specific.
In Figure 2.2D, the threshold current for the membrane conductance increase
mechanism decreases to zero as [AP] increases, resulting in a spontaneously excitable
neuron. Though our model shows that this spontaneously excitable neuron occurs at
[APB] = 3uM, this result is a function of the parameters chosen to model the membrane
conductance increase as discussed previously (see Section 3.1). Threshold current vs.
[AB] for the membrane conductance increase mechanism in Figure 2.2D was
compared to the same experimental data as in Figure 2.2C. Again, the behavior of
the trends in Figures 2.2C and D are distinct. For the block of I channels by AP, the
[AP]-dependent effect on threshold current saturates at a non-zero value; whereas, the
trends for membrane conductance mechanism demonstrate a neuron that is
spontaneously excitable at high AP concentrations. The results from the threshold
current vs. [AB] simulations are important for two reasons: (1) it reveals a difference
between the two mechanisms, under physiologically relevant conditions, that lends

further credence to experimental observations and (2) a spontaneously excitable
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neuron observed for the membrane conductance increase mechanism at high AP
concentrations is an experimentally testable result that differentiates these two

mechanisms at a single [AB] concentration.
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Figure 2.3: Effect of Ap I, channel block and the membrane conductance
increase on basal intracellular [Ca®"]. The model neuron was subjected to a
subthreshold current of 0.3nA ([AB] = 0). Intracellular Ca*" levels were averaged over
the entire model neuron volume and the log of the peak [Ca®] as a function of [AB] is
plotted for the Ix channel block (4) and membrane conductance increase (B). [AB] =
0 (control), 0.01, 0.05, 0.1, 0.25, 0.5, 1, 1.5, 2.5 and 3uM. In (4), K; = 0.5uM and
1.5uM, represented by the dotted line and solid line, respectively. Experimental data
of the relative (to baseline) peak increase in [Ca*"] from[39] (open diamonds), [29]

(X), [20](open circles) and [24] (open triangles) are included here for comparison.

Intracellular Ca*" levels (Figure 2.3) are increased in the presence of AP (in
general, at [AB] > 0.1uM) due to an increase in the neuron’s response to an external
stimulus for both mechanisms under current-clamp conditions. The increase in [Ca*'];
levels is due to the induction of an AP at a subthreshold current of 0.3nA. As a result,
for both mechanisms, a neuron exposed to a subthreshold stimulus, in the presence of
AB, could experience an increase in basal [Ca’]; through membrane
depolarization[45]. Interestingly for the block of 15 channels by AP, there is a notable
difference between the [AB] at which a significant increase in Ca®" influx takes place.
For K; = 0.5uM, the results show a sharp increase in Ca>" at a [AB] that is 10 fold less
than at Ky = 1.5uM. This makes sense because this effect is simulated by saturation

kinetics and because K; represents the concentration at which the half-maximal rate of

74



inhibition occurs. Therefore, a significant change in Ca®" influx should occur at this
value, due to an increase in membrane excitability (Figure 2.2). Also, there appears
to be no qualitative difference between the dynamics of calcium entry for K;= 0.5uM
for the I channel block and the membrane conductance increase by A} mechanisms.
Though these two hypothesized mechanisms have differing mathematical
representations, under this specific experimental condition, depending on the actual
value of K; and the parameters for the membrane conductance, these two mechanisms
could be indistinguishable. A general increasing trend in [Ca*']; with increasing [Af]
is also observed in the experimental data in Figure 3. However, between different
experiments, the rate of increase in [Ca®']; as a function of [AP] is very different.
Another explanation for the lack of overlap between experimental and model results,
is that calcium influx is a localized diffusional process; distribution of ion channels as
well as calcium flux into and out of intracellular stores play a role in the precise
response of a neuron to AP. Though our model does not take these two phenomena
into account, our model is flexible enough for tuning as parameters for these two
mechanisms are better evaluated experimentally or other potential mechanisms are

proposed and tested.

2.3.3 Simulations of high [K'] membrane depolarization and intracellular

[Ca’']
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Figure 2.4: The effect of Ap under membrane depolarized conditions for the Ap
block of the I, channel and the AB-induced membrane conductance increase.
Membrane depolarization with 30mM [K'] was simulated by changing the Nernst
potential of the K" channels to -32 mV. [AB] = 0 (control), 0.01, 0.05, 0.1, 0.25, 0.5,
1, 1.5, 2.5 and 3uM. Plotted here: the AP I channel block and (4) AB-induced

membrane conductance increase (B).

We simulate co-current application of 30mM [K'] and AP, at various
concentrations, to the extracellular solution. In Figure 2.4A, when the membrane is
depolarized with high [K'], the I, channel block by AP increases AP latency in a
[AP]-dependent manner. In Figure 2.4B, the AB-induced membrane conductance
increase mechanism shows a non-linear correlation with [AB] of AP shape, height and
latency, similar to the current-clamp results. At [AB] < 1uM, both mechanisms are
predicted to increase AP latency. But, for the membrane conductance increase, at [Af
]> 1uM, both AP latency and height are decreased. Unlike peak [Ca*'] under current-
clamp conditions, high [K"] membrane depolarization simulations also reveal that the
two mechanisms show very different correlations with respect to peak [Ca®';
(Figures 2.5A and B). AB’s block of I, channels results in decreasing [Ca*"]; with
increasing [AB]. But, [Ca*']; for the membrane conductance increase mechanism a
strong, non-linear response is observed. Because under high [K'] conditions, the
neuron does not reset to its normal resting potential, as seen in Figures 2.4A and B,

Ca”" channels are still open. Therefore, there is a direct correlation between AP
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latency and Ca®" influx in our simulations; as AP latency increases, Ca®" influx
decreases. This is evident in the differences in the responses in Figures 2.4 and 2.5
between the two mechanisms. Though the implication of such a result would be of
interest experimentally, there have been few experiments designed to elucidate the
[AP]-dependent effect on [Ca®"]; under high extracellular [K'] conditions at the short
time-scale. Because intermediate Ca®" data is sparse in the literature under these
conditions, we wanted to demonstrate how simulating [Ca*']; under high [K']
conditions can provide potentially physiologically relevant information. Therefore,
we compared our [Ca®]; results to experimental data on phosphorylated CREB (p-
CREB) levels in the presence of AP. High [K'] membrane depolarization is
commonly used to elicit and observe synaptic activity-dependent CREB
phosphorylation[46, 47] and AP has been shown to reduce phosphorylation of CREB
in a [AB]-dependent manner under high [K'] conditions[11, 48]. Investigators have
described this reduction in p-CREB by AP to be Ca’'-dependent (primarily through
L-type channels)[48, 49]. Therefore we compared both mechanisms to experimental
data (Figure 2.5A and B) describing reduced p-CREB levels observed in neurons
exposed to AP under high extracellular [K'][11]; since trends in p-CREB levels may
be suggestive of trends in intracellular Ca®" levels, though we acknowledge that other

intracellular mechanisms may affect p-CREB levels[50].
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Figure 2.5: Intracellular Ca’" levels under high [K'] membrane depolarized
conditions. Changing the Nernst potential of the K™ channels to -32 mV, we
simulated high [K'] membrane depolarization with 30mM [K']. [AB] = 0 (control),
0.01, 0.05, 0.1, 0.25, 0.5, 1, 1.5, 2.5 and 3uM. Intracellular Ca’' levels were averaged
over the model neuron volume and the peak Ca®" level as a function of [Ap] is plotted
for the Ix channel block (4) and membrane conductance increase (solid line/solid
diamonds) (B). In (A), K; = 0.5 and 1.5uM are represented by the dotted line/solid
squares and solid line/solid diamonds, respectively. Phosphorylated CREB (p-CREB)
relative levels at elevated extracellular [K'] are plotted as a function of [AP][11]

(asterisks).

In the presence of AP and high [K'], p-CREB levels decrease in a [AB]-
dependent manner as experimental data shows in Figures 2.5A and B. Even though
p-CREB levels were measured 1 hr after AB addition, Bito et al[47] showed that
changes in the phosphorylation state of p-CREB can occur in less than 30 sec after
applied stimulus. Since increased Ca®’ influx is related to increased p-CREB levels
under high [K'] conditions, then, hypothetically, reduced [Ca*"] would correlate to
reduced p-CREB levels. In Figures 2.5A and B, the I, channel block follows this
decreasing trend, whereas the membrane conductance increase mechanism does not.
If AP increased membrane conductance, then p-CREB relative levels should show a

strong, non-linear trend as well. Yet, not only does this not occur in the experimental
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data shown in Figure 2.5B, but the decreasing trend in the experimental data for p-
CREB levels of AP exposed neurons continues to decrease, linearly, at [AB] > S5uM

(data not shown)[11, 48].

2.3.4 Implications of this computational study

Herein we tested the hypothesis that a computational neuron model can
resolve the nature of short time-scale modifications of neuronal electrophysiology due
to AP. Our neuron model was originally developed to examine the effects of the I
channel block by AP under current-clamp conditions[28]. Including voltage-clamp
and high [K'] membrane depolarization experimental conditions into the model
makes it more broadly useful because its predictions about the differences between
each proposed mechanism of AB-neuron interaction gives results that are comparable
to and expound upon data from experimental literature. Though we included just two
hypothetical AB-neuron interactions, our model can yield predictions for any AP-
induced action on a neuron that is initiated by a A-protein or -lipid interaction.
Therefore, the model acts as a tool for both hypothesis generation and comparison.
Importantly, the predictions from our model can be used to guide experimentation for
discriminating between mechanisms of AB-neuron interaction, which to date has

proven experimentally difficult[51].

From the comparison of AB’s block of 15 channels and AB-induced increase in

membrane conductance mechanisms, we observed differences in [AB]-dependence of
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AP generation and membrane excitability in current-clamp (Figure 2.2) and
membrane depolarization experimental conditions (Figure 2.4), and determined that
threshold current experiments could differentiate the two mechanisms at a single [Af]
(Figure 2.2C and D). Since many in vitro experiments with AP are typically
performed at one [AP], this result is significant in that only a single point of data
would be needed to distinguish these mechanistic effects. Though high [K']
membrane depolarization experiments do not represent a physiologically relevant
condition, it is commonly used to study certain intracellular pathways[52], such as
CREB phosphorylation[50, 53], that are synaptic activity-dependent. Through these
high [K'] simulations, our model predicts trends in intermediate Ca”" influx that
could be integral in not only identifying a possible mechanism for AB-neuron
interaction, but provides a link to its effects on downstream intracellular processes.
Because of the distinct effects observed from our computational study under this
infrequently used experimental condition, we recommend this as a hypothesis to be

tested experimentally.

There are many computational models of hippocampal neurons[54], which
have been developed in-house[55, 56] or utilizing simulation programs such as
NEURONJ42, 57] and GENESIS[55, 58]. These models range from single
compartment models[28, 56] to models with hundreds of compartments[42, 58].
Fewer models have been developed to simulate AB’s action on single neurons[42, 59-
61]. Moreover, no existing modeling paradigms examine more than one mechanism

of AB-neuron interaction at a time. We report similar ion conductances as models
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developed using NEURON[42, 62] or GENESIS[58, 63]. In addition, Ca*" influx into
our model neuron is described by Fickian diffusion providing spatio-temporal
predictions of Ca®" dynamics in the cell based on a theoretical framework. Neuron
simulators, such as GENESIS[64] and NEURON[65], build-in a structure for creating
morphologically detailed neurons. The addition of detailed morphology to the
methodology presented in this paper would help us assess how different Ap-neuron
interactions could augment neuronal functions that are highly controlled spatially,

such as input-output control[57, 66] and synaptic activity[29, 42].

A concern for all modeled systems is parameter choice. Parameters in our
model for ion channel conductances, gating kinetics, initial conditions, and calcium
dynamics have been taken from the Good and Murphy model[28]. Because it is
known that I, channels are not homogenously distributed across the neuron[66], some
sensitivity analysis was done around the ratio of the delayed-rectifying to the I
channel maximum conductance. The model is sensitive to this ratio, but the
perturbation due to the block of the Ix channel is not (data not shown). A sensitivity
analysis was also performed around Kj, the inhibition constant for the I, channel
block. Previously, it was described by Good et al[17] that 10uM is an upper limit on
the true value of the inhibition constant. In this sensitivity analysis, we used K; = 0.5,
1.5 and 10 uM[1]. The sensitivity analysis showed that the model is sensitive to this
parameter (data not shown), and therefore determining the value of this parameter
experimentally would be useful for providing greater accuracy to our predictions. The

parameters in the expressions used to describe the increase in capacitance and
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conductance associated with AP from the membrane conductance mechanism were
not tested for sensitivity of the model. Although, it is known that these parameters
were derived, originally, from sparsely-tethered membranes[31], it likely that there
would be significant error associated with these parameters when comparing our
results to empirical data performed on native membranes. Therefore, future work
could incorporate a more detailed description of the parameter space involved with
the membrane conductance increase mechanism through parameter sampling and

experimental validation.

2.4 Conclusions

The ultimate goal of AD research is for a cure or adequate treatment for the
disease. Most treatments have not been successful in ameliorating AD in patients[4].
Developing a wide variety of tools towards developing a mechanistic description of
how AP interacts with the neuronal surface could be an avenue for drug design. One
of the issues in this understanding is the lack of consensus around how A interacts
with the neuronal surface. We have developed a computational tool that allows us to
discriminate between proposed AB-neuron interactions at the short time-scale, across
three electrophysiology experimental systems. From examining the 15 channel block
and the membrane conductance increase by AP, we have compared the distinct
behavior of these two mechanisms under various experimentally testable conditions.
Importantly, our model provides information about the types of experiments which

might distinguish these two mechanisms further; information that is not currently
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available in the literature. This methodology can be used to make predictions about
multiple hypotheses of AB’s early action on neurons that would be experimentally
testable. Implementing this comparative modeling for other mechanisms that have
been implicated in the literature for AP’s action on a neuron and testing those
predictions experimentally could be an important step toward defining Af’s early role

in AD progression.

2.5 Appendix: Initial Conditions

The initial conditions are as follows[28]:

Initial Conditions

Vo (mV) -67.5
[Ca2+], (nM) 50
[B]: (mM) 0.225
[Ca2+B]; (uM) 1.87
m; 0
h; 1

Table 1: Initial Conditions
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Chapter 3: Toward inferring AB-neuron interactions using
CelINOptR: a case study’

3.1 Introduction

“The great tragedy of science — the slaying of a beautiful hypothesis by an

ugly fact.” ~ Thomas Huxley, English Biologist (1825-1895)

B-amyloid (AP) is the primary protein component of senile plaques associated
with Alzheimer’s disease (AD)[3]. Although highly studied, the details of the
molecular mechanisms underlying AB’s role in AD remains undetermined. It is
widely accepted that AP plays a primary, albeit complex, role in AD pathology. AB,
in the form of mature fibrils, is found in the extracellular matrix of AD post-mortem
brains, surrounding areas of massive neuronal loss[67]. This finding led, in turn, to in
vitro studies involving the addition of A to cells exogenously in order to observe
AP’s direct effects on cell populations[4]. From initial studies, it was apparent that
exogenously applied AP causes intracellular changes to cells that result in eventual
cellular dysfunction and death. This suggests, then, a mechanism by which Af acts on
the extracellular surface of neurons, thereby relaying aberrant intracellular signals to

the cell causing dysfunction leading to cellular death [4, 68].

? Co-authors: Angela Norton, Patrick O’Neil, Ivan Erill, Mariajosé Castellanos, and Theresa A. Good
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For over more than two decades, many hypotheses for AB’s interactions with
neurons have been proposed. In general, they fall into three categories: ApB-receptor,
AB-lipid or some combination of the two, interactions. Earlier researchers proposed
that AP’s interaction with the neuronal surface was fairly specific to a receptor or an
ion channel[39, 69], or with the lipid membrane itself[20, 32]. However, as more
signaling data became available, it was evident that the complex signaling phenomena
observed could not be reconciled into just a specific interaction with a receptor or the
lipid membrane[23, 70]. There may be multiple factors contributing to divergent
responses of neurons to AP: AP aggregation state-dependent effects, AP species-
dependent effects, tissue-specific effects, measured response time-scale and
promiscuity of AP interactions[23, 71, 72]. Though there may be a multiplicity of
independent factors leading to observed AP effects on neurons, we hypothesize that
the combined effect of these factors would give rise to an identifiable signaling

landscape, characterized by the results of various experimental preparations.

Extracellular signals are transduced via membrane receptors, ion channels and
even the membrane itself to intracellular signals whose purpose is to alter cellular
function in response to its environment. Physiologically favorable environments will
favor a healthy cellular response while pathological environments may favor
detrimental cellular responses, such as in some diseases[46, 73-76]. This makes
understanding changes in cell signaling in the presence of a particular pathological
state, such as exposure to AP, important to uncovering disease mechanisms. Because

signaling networks must respond to a litany of extracellular cues in a noisy
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environment, signaling networks are necessarily complex and integrative[77]. We,
therefore, chose to examine computationally the effects of multiple proposed Af-
neuron interactions with a CA1 hippocampal signaling network[78]. This network,
expertly curated from 1200 literature sources, consists of over 500 nodes and 1200
interactions, with nodes being related to signaling molecules (kinases, phosphatases,
receptors, G-coupled proteins, etc) and edges (interactions) related to the relationship
between a pair of nodes (activation, inhibition, and binding)[78]. This network,
hereby to be referred to as a prior knowledge network or PKN[79], was utilized in
this study to attempt to deduce specific AB-induced network topologies based on

hypothesized AB-neuron interactions.

Deriving network topologies for complex, systems-level signaling networks is
challenging. There are top-down[80-83] and bottom-up[79, 84-86] techniques that
can be utilized for building network topologies. Top-down techniques require
knowledge of all signaling molecules and their states in the presence of a particular
set of extracellular cues of interest. This problem becomes intractable quickly, both
computationally and experimentally, for only moderately sized networks (i.e., number
of nodes < 100). For instance, utilizing a fairly simplistic, albeit informative[87],
Boolean approach with two states, a network with 100 nodes would have to be
observed on 2' states, which is an unrealistic number of experiments or
computations of random networks to perform. In cases where enough is known about
the particular molecular species and their interactions, classical kinetic modeling

could be employed; however, the parameter space is typically not well-defined for
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even small networks (n < 50)[88]. Thus, bottom-up techniques are preferable for
larger networks (n > 50). In this case, network topologies are found by data-driven
means utilizing statistical search algorithms such as Bayesian networks[87] or
information-theoretic simulations[84, 89]. These methods, though proven to be useful
for developing specific network topologies given a set of experimental data, are not
able to incorporate “prior knowledge” of particular pathways in the system beyond

those inferred directly from the experimental data.

In this work, we have chosen to utilize a bottom-up technique that is both
data-driven and accounts for “prior knowledge” of signaling in the system of interest.
This technique, implemented in the computational software CellNOptR, was
developed by Saez-Rodriguez and coworkers[79]. Making use of a prior knowledge
network, defined as a protein interaction map of signaling for a particular system,
CelINOptR takes in experimental data as an input to infer network topologies specific
to the inputted experimental data, or the training set. In this study, we utilized
CelINOptR to attempt to infer network topologies that were consistent with literature-
derived experimental data for neurons exposed to AP, where the network included
different specific hypotheses concerning the first steps in AP’s interaction with
neurons. Although CelINOptR has been utilized to infer cell-type specific network
topologies under experimental conditions[79, 90], the prior knowledge networks used
were relatively small in comparison to the one used in our study (<100 nodes) and the
dataset was very large (> 1000 data points in[79]). In this study, we tested various

AB-neuron interactions as part of the PKN against literature-derived datasets. We
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found that with a relatively small dataset that increasing dataset size does not
necessarily improve the fit of network topologies found by CelINOptR. We also
found that CelINOptR was able to find network topologies that fit scrambled datasets
better than the real data set, which was an unexpected result. Lastly, regardless of
which set of AB-neuron interactions selected, the fit to the data varied little between
them. We suggest that part of the challenge of inferring interactions using a somewhat
sparse literature-derived dataset lies in the availability of data at informative nodes in
the network versus data at integrating, non-discriminative nodes. These results may
help define better methodologies both for experimental data collection and network
topology inference for complex signaling networks involving A, or any other ligand

or cell activator of interest.

3.2 Methods

3.2.1 Model description

CelINOptR[79] is genetic algorithm-based software used to identify signaling
network topology from experimental data by making use of a prior knowledge
network (PKN). A PKN is a signaling network graph composed of all known
signaling species and their interactions. For our purposes, a protein interaction map of
a CA1l hippocampal neuronal signaling network with 545 species and 1235
interactions was used[78]. The network (Figure 3.1) consists of nodes that represent
receptors, ion channels, kinases, phosphatases, adapter, scaffolding proteins, and

transcription factors; and edges that represent specific interactions between two
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species, such as activation, inhibition or binding. To visualize the network, the nodes

and their interactions were uploaded into Cytoscape[91].
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hippocampal network has 545 nodes (circles) and 1235 edges or interactions (lines). The AP node was

added and its interactions were chosen per Section 3.2.3. The nodes represent protein species in the

intracellular network (receptors, ion channels, kinases, phosphatases, adaptors, scaffolds, transcription

factors, etc) and the interactions represent the biological reactions between each node, which result in

activation, inhibition or binding.
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Original Dataset Larger Dataset
AP incubation time </=60 mins </=60 mins
Measured species 10 24

Stimulated/inhibited 13 27
species

Number of literature 13 22
sources (out of 868)

Number of nodes 23 (4.2%) 91 (9.4%)
total (percent of
nodes in network)

Table 3.1: Description of datasets used for CelINOptR optimization. Two datasets are used in this
study. Both datasets were curated based on the following criteria: to minimize variations in data that
may arise from differences in cell phenotype we only included data from in vitro studies performed on
primary culture hippocampal or cortical neurons. To minimize inclusion of effects associated with
gene expression as opposed to signaling effects, we restricted data inclusion to that from experiments
where the A incubation time (the time after the application of A to the neurons before measurement
is taken) of 60 minutes or less. No attempt was made to control for AP aggregation state or
morphology. Results from two datasets were compared, original and larger. In this table, the number
of measured species (or proteins), the number of stimulated/inhibited species, the number of literature
sources used to curate data and the number of nodes (and percent of total) that were present in the data

are presented here for both datasets.
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Experimental data were collected from literature-based sources listed in Table
3.1. Data were chosen based on the following criteria: in vitro studies performed in
primary cultures of hippocampal or cortical neurons, and A incubation times of less
than 60 minutes. Primary culture hippocampal or cortical neuronal preparations were
chosen for this study because they are the primary neuronal population in the brain
affected by AP. AP incubation time of less than 60 minutes was chosen in order to
identify AP’s early action on neurons at the cell surface prior to any changes in gene
expression, which tends to happen over longer periods of time[92]. AP species and
aggregation state as well as concentration were not used as criteria for data selection.
The following databases were searched: MEDLINE and Web of Science. Keywords
utilized in the search are given in Appendix 3A. Numerical data were used wherever
applicable; however, most data were curated directly from figures. Data were cross-
checked by two independent observers to ensure that inclusion criteria were correctly
applied. Experimental data were inputted into a MIDAS format[79] and loaded into
the CelINOptR software (Figure 3.2). Because CelINOptR is based on Boolean logic,
experimental data were normalized from 0 (off/not active) to 1 (on/active). In order to
test the effects of dataset size, we used the original dataset from our first literature
curation and then added in additional data that was found from a second curation step
to create what we referred to as the larger dataset. CelINOptR performs a genetic
algorithm-based optimization in order to identify a set of network topologies that
most closely explains the inputted experimental data. The objective function (Eq.
3.2.1) compares the mean squared difference between the experimental data and the

model predictions (Eq. 3.2.2).
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The model’s predictions are determined from the Boolean steady state
response of each node. The objective function (Eq. 3.2.1) was minimized during the

course of the optimization in order to find the best solution.

O(P)=0,(P)+a*0,(P)(3.2.1)

n

=i2 S S, (Pr- 8L, 322)

-1 -l

l r
1%

0. (P)= v,P, (3.2.3)

e e-1

O(P) is the objective function, which is in terms of the vector of edges, P, and is
bipartite. The first part of the objective function is @y, the mean square error between
the experimental data (B ;) and the model (B ;). The second part is @, a penalty
for model size such that, as Eq. 3.2.3 shows, models with a large number of edges (v.)
are penalized more heavily than those with a smaller number of edges. O is scaled by
a, an adjustable parameter set to its default value of 0.001 for the entirety of this
study. Changing the size of o would change the relative magnitude of the
contributions of the two parts of the objective function. The indices, k, 1, and t, and
the variables, s, m, and n represent the experimental condition, readout (measured
node) and the time point (only initial and final in this study), respectively. The output
from CelINOptR is a family of network solutions within a tolerance of the best

solution (tolerance: 10%). The best solution is the solution with the overall minimum
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objective function. Each interaction (or edge) is given a weight, which is the number
of network topologies containing this interaction over the total solution set size.
Therefore, a weight of 0 means that an interaction never occurs in the solution set and

a weight of 1 means that the interaction always exists in the solution set.
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How CelINOptR works

Inputs Output

PKN with AB
interactions

CellNOptR »| AB-induced
signaling network
Literature- Objective Function o
derived O(P)=0,(P)+a-0 (P) B;:st (Llowesg Obj::a.ctlve
experimental - _ ) unction = Best Fit to
ata 0, E(model exp.) Data

©, ~ penalty for model size

CelINOptR developed by: Saez-Rodriguez et al, Mol. Sys. Biol.,
2009

Figure 3.2: Flow chart for CelINOptR. This flowchart shows the two inputs into
CelINOptR, a prior knowledge network (PKN) with assumed AB-neuron interactions
and literature-derived experimental data. The output is a family of networks, which in
this study, would represent AB-induced signaling network topologies based on a
particular set of AB-neuron interactions. The objective function is used to determine

how well the best network topology matches the experimental data.
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3.2.2 Statistical analysis

In order to make comparisons between the results from CellNOptR between
different AB-neuron interactions, we ran CelINOptR multiple times on the same PKN
and experimental data set. This allowed us to create a distribution of best objective
functions that could be used for comparison. Because there is some stochasticity in
the solution from the genetic algorithm (primarily due to the mutation rate), the same
solution was not necessarily found at each instance of the algorithm, even if the same
two inputs were given it. Therefore, it was necessary to run the algorithm multiple
times to account for the variation in the solutions. We expected that better solutions
should have a distribution with a lower median best objective function, a small
percentage of overlap, and shifted toward the left on the abscissa. Comparisons of the
solutions for each AB-neuron interaction tested were made by comparing the median
and distributions of the best objective function. In order to determine statistical
significance of the comparisons of multiple mechanisms, the Kruskal-Wallis test was
used[93]. This is a statistical test similar to an ANOVA, except that it is non-
parametric and does not require that the underlying distributions of the data be
normally distributed. In order to perform pairwise comparisons, a Mann-Whitney U
test was used with an a priori Bonferroni adjustment (see Appendix 3C)[93]. All
statistical analysis, calculations of medians, associated plots were performed in the

statistical program, Minitab[94].
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3.2.3 Choice of Ap-neuron interactions

In this study, we chose Af-neuron interactions to test using CellNOptR.
Though hypothetically we could have selected any of the nodes for an AP — cell
interaction, we chose only cell surface receptors as hypothesized loci of AB-cell
interaction. This is because we made the assumption, based on in vitro
observations[70, 72] that A initiates its action at the cell surface, and then relays
aberrant signals through a pathway or sets of pathways affected by said receptors
and/or ion channels. We tested two cases in which we selected the entire potential cell
surface receptors/ion channels with which AP could possibly interact; we either
activated or inhibited them. This case allowed CelINOptR to sample all possible Af-
neuron interactions that might explain the data. AB’s induction of ion channels (Af-
Ionotropic) mechanism is based on the long standing calcium hypothesis of
Alzheimer’s disease[6, 7, 75], namely that AP causes a disruption in calcium
homeostasis in the cell by adverse interactions with calcium conducting ion channels
or by forming an ion conducting pore (of which calcium has the largest concentration
gradient). We also chose to add AB’s interaction with G-coupled protein receptors, a
mechanism hypothesized by[95, 96]. Another set of mechanisms tested was AP’s
interaction with G-protein coupled receptors and Integrin receptors, based on results
out of our laboratory[97] with a different cell type than that included in our curated

data.
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Mechanism Code

Description

References

Iono_orig

AP s connected to ionotropic
(conduct ions) receptors and
channels (see Appendix 3B). This
network was optimized on the
original data set in CelINOptR.

[36,37]

rPKN_orig

The PKN with the A node
connected to it is randomized, while

maintaining a scale-free topology.
This network was optimized on the
original data set in CelINOptR

Iono_larg

Iono_larg scram

AP is connected to ionotropic
(conduct ions) receptors and
chanrels (see Appendix 3B). This
network was optimized on the larger
data set in CelINOptR.

AP is connected to ionotropic
(conduct ions) receptors and
chanrels (see Appendix 3B). This
network was optimized on a set of
scrambled datasets in CelINOptR.

(36, 37]

ABfullact larg

ABfull act_scram

ARBis connected to all cell surface
receptors and channels by activating
edges. This network was optimized
on the larger dataset in CelINOptR.
AP is connected to all cell surface
receptors and channels by activating
edges. This network was optimized
ona set of scrambled datasets in
CelINOptR.

[41]

ABfull inhib_larg

AP is connected to all cell surface
receptors and channels by inhibiting
edges. This network was optimized
on the larger dataset in CelINOptR.

ABfull_inhib_scram

AP is connected to all cell surface
receptors and channels by inhibiting
edges. This network was optimized
ona set of scrambled datasets in
CelINOptR.

ABGPCRs_larg

AP is connected to G-protein
coupled receptors (GPCRs) by
activation (see Appendix 3B). This
network was optimized on the larger
dataset in CelINOptR.

[40, 42]

ABGPCRInt larg

AR is connected to G-protein
coupled receptors (GPCRs) and the
Integrin receptor by activation (see
Appendix 3B). This network was
optimized on the larger dataset in
CelINOptR.

[40]

ABGPCRs_scram

AP is connected to G-protein
coupled receptors (GPCRs) by
activation (see Appendix 3B). This
network was optimized on a set of
scrambled datasets in CelIN OptR.
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As demonstrated experimentally in our lab with SH-SYSY cells[97], it is
hypothesized that AP might interact with both G-protein coupled receptors (GPCRs)
and Integrin receptors, whereby aberrant signals from AP integrate at hub proteins,
such as SRC or FYN. It is believed that AB-induced signaling through integrins, and
GPCRs, followed by SRC and FYN may be the cause of neurotoxicity demonstrated

in in vitro systems[97].

There are other hypotheses that could have been tested such as AP’s
interaction with receptor tyrosine kinases[98], however, we chose a subset of these
more specific interactions to test, while utilizing the cases in which all of the cell
surface proteins were included so as to potentially capture any mechanisms we might

have missed.

Table 3.2: Table of AB-neuron interactions and “pseudo-controls” tested in this study. In this table, the
first column contains the code names given to each interaction or pseudo-control as an identifier throughout
the rest of this chapter. In the middle column is a description of the AB-neuron interactions and pseudo-
controls tested in the study. Included in the third column are the references for each interaction as they have

been hypothesized in the literature.
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Two ‘pseudo-controls’ were used, a randomized PKN and scrambled datasets.
These are called ‘pseudo-controls’ because they do not function, in the strictest sense,
like a positive or negative control, but act as worse case scenarios for the algorithm.
In the case of the randomized PKN, this tests for biological significance of the
network topologies found by the algorithm. If the network topologies are biologically
significant, then they will perform better (have a lower best objective function) than
those found by optimizing on the experimental data using the randomized PKN. The
scrambled datasets test for the self-consistency of the experimental data itself. If the
experimental data is self-consistent, then the expected result would be that network
topologies found by CelINOptR should perform better than those found by optimizing

on the scrambled datasets.

3.3 Results and Discussion

The goal of this work was to use a genetic algorithm-based method to test the
likelihood that hypothesized AB-neuron interactions could give rise to experimental
data from a fairly well characterized signaling network. To accomplish this goal, we
performed simulations using CelNOptR on Ap-ionotropic mechanisms against
“pseudo-controls”. We chose ionotropic mechanisms, or channels/receptors that
conduct ions such as calcium, potassium and sodium in and out of the cell, because of
various experimental results in which AP was hypothesized to disrupt ion
homeostasis through one or more of these channels or receptors[1, 13, 17, 29]. In
Figure 3.3, the objective functions for the fit of experimental data to a signaling

network including Ap-ionotropic mechanisms were compared to randomized
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PKNs(rPKN_orig); both were optimized on the same experimental dataset (original
dataset). The rPKNs are sets of the original PKN along with AP, where the edges (or
interactions) between nodes are randomized, while maintaining a power law
distribution of the edges (scale-free). Here we observed that the median best objective
function for the Ap-ionotropic mechanisms was 0.24 and the median for the
randomized PKN was 0.35. As the box plot (Figure 3.3B) shows, in addition to the
median best objective function for the AB-ionotropic mechanisms being lower than
that for the rPKN, it also has a smaller variation about the median. It was expected
that the biological network should perform better on biological data than the rPKN in
which biological significance is lost due to the interchange of protein-protein
interactions. These first results indicated that a signaling model that included an A
interaction with a neuron that stimulated some ionotropic mechanism was more
consistent with combined literature data than a random signaling network model that

included no prior knowledge of signaling.
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Figure 3.3: Histogram and box plots of the best objective function for ionotropic mechanisms
versus the randomized prior knowledge network (rPKN) from CelINOptR. A) Histogram of the
best objective function found from CelINOptR for the AB-lonotropic mechanisms and the rPKN.
Median for the AB-lonotropic mechanisms was 0.24. Median for the rPKN was 0.35. B) Box plots of
best objective function found from CelINOptR for the ionotropic mechanisms (left box plot) and the
rPKN (right box plot). The median value is represented by the line in the middle of the box with the
boundaries of the box representing the lower and upper 25% quartile. The lines above and below

represent the minimum and maximum value of the best objective function and the stars are outliers.
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Next, we examined if dataset size would have an influence on the ability of
the CelINOptR algorithm to fit experimental data pulled from the literature to a
signaling model that included AP activation of signaling through an ionotropic
mechanism. We compared the fit of the network with the AB-ionotropic mechanisms
to the original dataset, a larger dataset (about twice the size of the original) and
scrambled datasets (“pseudo-control”). The objective function, a measure of the
goodness-of-fit of the model to the data, is shown for each network/dataset
comparison in Figure 3.4. With an increase in the size of the dataset, the expectation
was that the algorithm would have more information about the state of the nodes in
the network, thereby adding more constraints on the solutions found by CelINOptR. It
was also expected that scrambled datasets would perform worse than both cases
because of the disruption of the input/output relationships of the experimental dataset.
Contrary to our expectations, what we observed (Figure 3.4) was that AB-ionotropic
mechanism optimized on the original dataset had a lower median (0.24) than the
larger dataset (0.33), and that the scrambled dataset (0.25) had a lower median value
than the larger dataset. In addition, there was a significant overlap between their
distributions. This suggests two things. First the increase in the dataset size may lead
to less model reduction in the pre-processing step, particularly when more highly
connected nodes are added to the dataset. CelINOptR performs a pre-processing step
of network reduction by removing non-observable nodes, which is intended to reduce
the search space in accord with the amount of data inputted into the algorithm. This

reduction in search space might work with relatively small networks (<100 nodes)
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with a low number of incoming interactions (less than 3), but with this much larger
network and nodes that have high connectivity, the combinations of logic gates that
must be tested increases dramatically with the addition of data or observations at new
nodes in the network. With a larger search space, there may be more network
configurations that only partially explain the data, but the majority of the search space
is unlikely to be sampled. Second, the scrambled dataset performing better than the
AB-ionotropic on the larger dataset can possibly be explained by certain
configurations of the scrambled datasets may have been easier for the algorithm to
optimize than others. This might suggest that when data from the literature on AB’s
action on neurons are taken together as a set that the set may not be self-consistent,
though this is not conclusive from our analysis. Self-consistency of a dataset could be
described as each experimental data point being consistent with the whole when taken
as part of a set. A third possible explanation would be that the experimental data
taken from the literature do not support the hypothesis that AP interacts with a neuron
and induces signaling via an ionotropic mechanism as a first step. There are many
hypothesized mechanisms of Af-neuron interactions other than ionotropic
mechanisms, therefore in further simulations, we explored some of these other

mechanisms.
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lonotropic mechanisms tested on original dataset vs. larger dataset
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Figure 3.4: AB-ionotropic mechanisms optimized on different dataset sizes and types using

CelINOptR. A) The AB-Ionotropic mechanisms were optimized on the original (solid gray bars)

and larger dataset (horizontal lined bars). B) The larger dataset optimization (horizontal lined bars)

was compared to the AB-lIonotropic mechanisms optimized on the scrambled dataset (diagonal

lined gray bars). Box plots of C) AB-Ionotropic mechanisms on original (solid gray) versus larger

dataset (horizontal lined bars) and D) larger dataset (horizontal lined bars) versus scrambled dataset

(diagonal lined gray bars). The median value is represented by the line in the middle of the box

with the boundaries of the box representing the lower and upper 25% quartile. The lines above and

below represent the minimum and maximum value of the best objective function and the stars are

outliers.
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Multiple mechanisms tested on larger dataset vs. scrambled dataset
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Figure 3.5: Box plots of various AB-neuron interactions tested against the larger and scrambled
datasets. The AB-neuron interactions tested using CelINOptR on the larger and scrambled datasets are:
Iono larg, Iono larg scram, ABfullact larg, ABfull act scram, ABfull inhib larg, ABGPCRs larg,
ABGPCRInt larg and ABGPCRs scram (see Table 3.2). Represented in these box plots are the
median value is represented by the line in the middle of the box with the boundaries of the box
representing the lower and upper 25% quartile. The lines above and below represent the minimum and
maximum value of the best objective function and the stars are outliers. Statistical significance of the
set was determined by Kruskal-Wallis test, since not all of the distributions met the normality test.
Once it was found that there were statistically significant differences among the set, statistical
hypothesis testing was done on pairwise comparisons. The brackets show those pairs that are not

statistically significantly different (n.s.) based on a Mann-Whitney U test in Minitab.
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We next constructed hypotheses of other AP signaling mechanisms to explore
if hypotheses of those mechanisms (see Table 3.2 for description of mechanisms)
would prove to be more consistent with experimental data curated from the literature.
In Figure 3.5 we show the objective function for fits of the different hypotheses to
the experimental data. We include models that described hypotheses of Af-induced
neuron signaling via activation of all possible cell surface receptors/ion channels
(ABfullact larg, ABfull act scram), inhibition of all cell surface receptors/ion
channels (ABfull inhib larg, ABfull inhib scram), activation of an ionotropic
mechanism  only (Iono orig, Iono larg scram), GPCRs and Integrin
(ABGPCRInt_larg), and GPCR mechanisms (ABGPCRs _larg,
ABGPCRs larg scram) against the larger and scrambled datasets. To address
sampling the entire space of possible AB-neuron interactions at the cell surface, we
utilized the two hypotheses where AP activates/inhibits all cell surface
receptors/channels in order to sample all of the potential AP-neuron interactions
possible. Since CelINOptR samples the interaction space, then these two mechanisms,
ideally, should be sufficient to sample the potential space of AB-neuron interactions
using CelINOptR. We also chose particular sets of AB-neuron interactions based on
certain hypotheses from the literature on AP (see Table 3.2). We did not test
receptors with which AP hypothetically interacts that do not exist in this particular
network structure. Perhaps in future work, we could add new receptors into the
network, especially given some evidence of AP interacting with the PrP¢

receptor[99], however, at this time, a well curated prior knowledge signaling network
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including receptors such as PrP® does not exist, which precluded our inclusion of

extra receptors into our study.

In Figure 3.5, we observed that all of the distributions of the objective
functions for the specific hypotheses (ionotropic, GPCR-Integrin and GPCRs) are not
statistically significant from each other. We tested the statistical significance of the
set using a Kruskal-Wallis test instead of an ANOVA because some of the
distributions of objective functions were not normally distributed. A post-hoc test
using the Mann-Whitney U test with a Bonferroni adjustment was performed to test
pairwise comparisons (see Appendix 3C). Also, all of the hypotheses optimized on
scrambled datasets, except for when AP is connected to all cell surface
receptors/channels (ABfull inhib scram), had a lower objective function than their
counterpart optimized on the real dataset, and this difference was statistically
significantly. Again, this is suggestive of a lack of self-consistency in the dataset.
Researchers typically collect experimental data based upon a particular belief about
the underlying behavior of the system. In effect, even if it is conceptual, an
experimentalist would begin with a model of the system, and then run experiments in
order to ascertain whether their (conceptual) model matches the empirical results
from the system (see Figure 3.6). For example, if an experimentalist hypothesizes
that a system has three components, where the output of two of the three components
are coupled together, then the experimentalist might design an experiment to
stimulate two components of the system and measure the output. If, in fact, the

system is a three-component system with two coupled components, then the
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hypothesis has been proven correct by the empirical data. If not, then the data will
need to be reinterpreted into a new (conceptual) model and then retested. There are
few examples[100, 101] where the hypothesis of AB-induced signaling in neurons has
been assumed to be part of a highly interconnected intracellular network such as the
one used in this study. Instead, most experimental hypotheses have assumed a linear
pathway between AP and intracellular protein(s) of interest in the study. This suggests
that there is a widening gap between our knowledge at the systems level (the
interactions of various signaling pathways within a signaling network) and our

experimental design.
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Figure 3.6: Single pathway hypothesis versus network as experimental prior knowledge. The single
pathway or linear pathway hypothesis assumes that AB acts on a cell surface receptor and/or channel in
such a way that a linear pathway is adversely affected by its signal. On the other hand, the network
hypothesis or systems-level approach assumes that AP interacts with cell surface receptors and/or channels
in such a way that it has a network-wide effect due to the strongly interconnected signaling network in

neurons.
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This lack of a standard experimental prior knowledge of the system could be
an alternative explanation of the lack of consistency across data collected by various
laboratories used in this study. Having a standard of experimental prior knowledge of
the system would allow experimentalists to design their experiments in a context-
dependent manner; that is, the experimentalist, with adequate knowledge of role that
each protein plays in a number of pathways, could potentially design their experiment
to minimize the effects of confounding factors such as cross-talk and feedback

mechanisms (to be discussed in greater detail in Chapter 4).

Notwithstanding, CellNOptR makes a simplifying assumption about the
system, namely by modeling the change in state of each node using a Boolean
function. Boolean networks have been shown to produce biologically relevant
predictions[87]. However, our ultimate goal would be to model the spatio-temporal
dynamics of these complex systems. This requires the interplay between achieving a
systems-level network topology via computational modeling and good experimental
design. Given that data that is currently collected on AB’s action on neurons is usually
at a single-time point, it suffices that a Boolean network assumption should be able to
identify network configurations that explain the data (pending the data is self-
consistent), and that this would help define the network topology that could be built
upon with further kinetic and spatial information. Designing optimal experiments in
which the data are self-consistent, but are also at a minimum presents a challenge,

especially for large networks as that used in this case study. As mentioned previously,
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there are few ways of estimating what might be the minimum dataset size for this
type of optimization and what kind of experimental data would need to be collected
for a system such as this[88]. This might be an area for future work (see Section 3.5
Future Work). In addition, upon examination of the experimental datasets, both
original and large, greater than 80% of the nodes measured have four or more
connections to other nodes with the highest number of total connections being 42.
Nodes with higher number of connections would be less discriminating in the
network than those that have fewer connections because highly connected nodes tend
to be where extracellular signals integrate before continuing to downstream pathways.
In this network, we also see that these highly connected nodes play a significant role
in crosstalk between receptor-mediated pathways and also in feedback mechanisms.
This indicates that the data requirements for such nodes will be greater than at sparser
sections of the network and that current single-time point experimental design based
on a linear pathway assumption may be insufficient for network inference using an

algorithm such as CellINOptR.

In addition, these results suggest that there may be more to experimental
design, in order to infer network topology from experimental data using a reverse
engineering algorithm such as CellNOptR, than sheer size of the data. In the Saez-
Rodriguez paper[79], from whence the algorithm came, their dataset consisted of
many treatment combinations of receptor stimuli as well as inhibitors of various

proteins in the network. The combinatorial nature of the experimental design tests a
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greater combination of input-output relationships in the network than the data from

our random literature search.

There exists very little literature that discusses the design of an optimal
experimental dataset with a minimal number of treatment variables and/or
measurements. Krupa[88] postulates an optimal experimental dataset design to
identify a causal network. In his work, he derives an upper and lower bound on
experimental dataset size, with the asymptotic lower bound being associated with a
(N, K, 2)-universal matrix, in the case of a two state system, where N is the number
of nodes in the network and K is the number of in-degree edges. From his proof of
this bound, he also establishes a corollary whereby he determines that the minimum
number of experiments necessary to identify a causal network increases
logarithmically with the numbers of nodes in the network (N) and exponentially with
the number of in-degree edges (K) to each node. Evidence has shown that in many
biological networks, K is no greater than 3 on average[102], and this is true for the
network in this study. Though the minimum number of experiments could be
estimated from the lower bound proposed by Krupa, the construction of a (N, K, 2)-
universal matrix was not included in Krupa’s work. Therefore, the actual number of
nodes that should be measured per experiment is not readily available from

calculations of the minimum number of experiments.
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3.4 Conclusions

In conclusion, the mechanisms underlying AB’s action on neurons remain
unknown. We postulated that using a reverse engineering algorithm, CelINOptR,
which would allow us to input a prior knowledge network relevant to the
experimental system and experimental data collected from the literature, that we
could identify a set of AB-neuron interactions that give rise to a network structure that
explains the data. However, we observed that data collected from the literature as
individual data points as a set may not be self-consistent. This lack of self-consistency
in the data could be part of what is leading to a lack of consensus amongst researchers
who are trying to make sense of all the data primarily by intuition alone. Utilizing
‘experimental prior knowledge’ such as the information contained in the network in
this study might help with standardization of data collection in this field. Also, a
greater understanding of the minimum dataset size needed for such network inference

would aid in further advancement.

3.5 Future Work

Unfortunately, this case study was confounded not only by the complexity of
the system, but also the difficulty of combining literature-derived data into a single

dataset. Though this may have seemed naive, at first, of an endeavor, this was not a

128



wasted effort because this procedure of surveying the currently literature,
synthesizing data from various sources and drawing some conclusions about one’s
results from these data is quite common as it is usually the focus of most
experimental discussion sections in journal articles. However, rarely is there a
mechanism used to systematically determine how consistent these data are when
taken as a whole. There are other methods, such as a meta-analysis, which could be
utilized in order to determine self-consistency of the data (among other metrics)
however, this type of analysis typically assumes that the same variable[103] is being
studied across studies, which is rarely the case with data from biological experiments

in vitro.

With this said, with respect to future work, there might be two potential areas:
design of optimal experiments and determining the minimum dataset necessary to
find a network topology using an algorithm such as CelNOptR. With regards to the
latter, we have made some attempt (in collaboration with Patrick O’Neill in the
laboratory of Dr. Ivan Erill in the Biological Sciences Department at UMBC) to
develop an algorithm to map the hypothesis space given a partial data set. In order to
illustrate, let’s consider the question at hand. We have a PKN for which we want to
determine the Boolean truth table at each node (this is effectively what CelINOptR is
doing). Each instance of the network for which there is a set of truth tables for each
node is considered a hypothesis, H. A dataset, D, is defined as a complete observation

of the state of all nodes in the PKN under a set of conditions. We want to know what
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the probability is of finding a particular set of truth tables (the hypothesis) given a

dataset. For this we make use of Bayes’ theorem (Eq. 3.6.1):

P(H)

ID)=P(DIH)——
P(H|D)=P( )P(D)

(3.6.1),

where, P(H|D) is the probability of the hypothesis, H, given the data, D, otherwise
known as a conditional probability. P(D/H) is the posterior distribution or the
likelihood function of the data given the hypothesis. P(H) and P(D) are the probability
of the hypothesis and the dataset, respectively, and correspond to 1/size of the
hypothesis space or dataset. A pictorial view of the question is given in Figure 3.7. In
order to make use of this theorem, it is necessary to find the posterior distribution
(P(DIH)). In the case of observation of the full dataset, D, the posterior distribution

can be found as follows:

1, H is consistent with the data
0, otherwise

P(D|H) = { }(3.6.2)

However, in the case of this study, we have an incomplete dataset, where
many of the nodes are unobserved (D,) versus those that are observed (D,).
Therefore, for an incomplete dataset, we postulate that the posterior distribution be

described as such:
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P(D, |H)="Y P((D,,D,)| H)P(D,) (3.6.3)
Du

where, P(D,)) = 1
D

u |

where, P(Do/H) is the posterior distribution for the observed data give the hypothesis,
P((D,,Dy)[H) is the probability of the dataset (consistent of observed and unobserved
node states) given a hypothesis. P(D,) is the probability of the unobserved data,

which is 1/size of the unobserved data.

Another part of the problem that is again featured in Figure 3.7 is that during
an experiment when the cell is stimulated or inhibited, typically these perturbations
last throughout the entirety of the experimental observation time. Therefore, when
this is the case, it can be assumed that the network dynamics will settle into an
attractor state. An attractor state is the state toward which a particular system tends to
evolve over time. As seen in Figure 3.7, there can be several network states that tend
to evolve into a single attractor state, shown by the partition of the hypothesis state
space. If we assume that in each experiment in which we collect a particular set of
data that an attractor state is reached, then it is only necessary to find the hypotheses
corresponding to a particular attractor state (or multiple) to which the system evolves
that overlap with the experimental dataset space (as seen by the dotted rectangle in

Figure 3.7).
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Given our current dataset, from this statistical algorithm, we could get an idea
of the probability of finding a hypothesis that is consistent with the experimental data
with only a partial observation of the entire network for any given experiment. This
information could then be used to infer the size of the dataset required to maximize

this probability.

132



@ Boolean state of uae , Experimental

network 00— | T  temmm=-- data space

™ Transition Hypothesis
from one space
Boolean

network
state to
another

Attractor State 1 Attractor State 2

DHAVZRY

Attractor
State 4

Figure 3.7: Hypothesis space containing partitions indicating the space in which Boolean
network states tend to fall into a particular attractor ad infinitum. The larger circle represents a
hypothetically hypothesis space where each dot represents a Boolean state of the network (hypothesis).
The arrows represent a transition from one Boolean network state (usually the initial state) to another
(usually the final state). The hypothesis space is partitioned by each attractor state which occupies that
area, whereby multiple network states might evolve with time to an attractor state. The dotted rectangle
represents the experimental data space wherein a subspace of the hypothesis space overlaps with this

experimental data space and where the likelihood of the data given the hypothesis (P(D[H)) is high.
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Appendix 3A: Keyword search

MEDLINE

beta amyloid AND neurons

beta amyloid AND neurons NOT amyloid precursor protein
beta-amyloid AND neurons

beta-amyloid AND neurons NOT amyloid precursor protein
amyloid-beta AND neurons

amyloid-beta AND neurons NOT amyloid precursor protein

Web of Science

beta amyloid AND neurons
beta-amyloid AND neurons

amyloid-beta AND neurons
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Appendix 3B: AB-neuron interaction lists

Ionotropic mechanisms (Iono orig, Iono larg, Iono larg scram)

AB -1{NMR

AB 1|LTYPECA
AB 1]ABC

AB -1{Kv42

AB 1JALPHA7NACHR
AB -1{GIRK

AB -1{KV12

AB -1{KV11

AB -1{Kv41l

AB -1{KIR21
AB -1{KIR23
AB 1|GABAAR
AB 1|RTYPECA
AB 1|PQCaCh
AB 1INTYPECA
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G-coupled protein receptors mechanism (ABGPCRs larg,

ABGPCRs larg scram)

AB 1]PAR2

AB 1]BR1R

AB 1]CB1R

AB 1JALPHA2AR
AB 1|D3R

AB 1JFIVEHTAR
AB 1]MGLUR1
AB 1]D2R

AB 1JMOPR

AB 1|BETA2AR
AB 1JA1R

AB 1]PAFR

AB 1]JGABABR
AB 1|D1R

AB 1JSSTR1

AB 1]DOPR

AB 1JFIVEHT2AR
AB 1]M2R

AB 1JSSTR2

AB 1JNOPR

AB 1JMGLURS
AB 1JMGLUR7
AB 1]M4R

AB 1JFIVEHT1AR
AB 1]CB2R

AB 1IM1R

AB 1JALPHA1AR
AB 1]A2AR
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G-protein coupled receptors and Integrin mechanisms (ABGPCRInt larg)

AB 1/INTEGRIN
AB 1]A2AR

AB 1JALPHA1AR
AB 1|M1R

AB 1|CB2R

AB 1|FIVEHT1AR
AB 1]M4R

AB 1|MGLUR7
AB 1]MGLURS
AB 1/NOPR

AB 1|SSTR2

AB 1|M2R

AB 1|FIVEHT2AR
AB 1)DOPR

AB 1|SSTR1

AB 1|PAR2

AB 1|D1R

AB 1]A1R

AB 1|BETA2AR
AB 1]MOPR

AB 1|D2R

AB 1|GABABR
AB 1|PAFR

AB 1]MGLUR1
AB 1|FIVEHT4AR
AB 1|D3R

AB 1JALPHA2AR
AB 1|CB1R

AB 1|BR1R
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Activation of all cell surface receptors/channels mechanism (ABfullact larg,
ABfull act scram)

AB 1|EPHB2 AB 1JALPHA2AR
AB 1]Kv43 AB 1|DISHEVELED
AB 11Kv42 AB 1]AC5

AB 1|TNFR1 AB 1|BETA2AR
AB 1|NCADHERIN AB 1]EGFR

AB 1|GIRK AB 1]KV12

AB 1|AMPAR AB 1]KV11

AB 1|GABAAR AB 1]RTYPECA
AB 1|KAL AB 1]PDGFR

AB 1|MGLUR1 AB 1]A2AR

AB 1]MGLUR5S AB 1]M1R

AB 1|INTEGRIN AB 1|BRIR

AB 1|PIP3 AB 1JALPHA7NACHR
AB 1|PIP2 AB 1]PAR2

AB 1|PMCA AB 1]Kkv4l

AB 1|FIVEHT1AR AB 1]kV14

AB 1INMR AB 1JM4R

AB 1|M2R AB 1]KAR

AB 1}IR AB 1]GAT1

AB 1|SSTR1 AB 1]FASCIN
AB 1|SSTR2 AB 1]GABABR
AB 1|FIVEHT2AR AB 1)CHOLESTEROL
AB 1|PAFR AB 1|LRP

AB 1|FIVEHT4R AB 1JMGLUR7
AB 1|D2R AB 1|LTYPECA
AB 1|D1R AB 1]KIR41

AB 1|RET AB 1{PQCaCh
AB 1|FAS AB 1INTYPECA
AB 1|TRKB AB 1)D3R

AB 1|SYNDECAN AB 1]KIR23

AB 1|11 AB 1]ERBB

AB 1|CB1R AB 1]DOPR

AB 1]AIR AB 1]KOPR

AB 1|ALPHA1AR AB 1JMOPR
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Inhibition of all cell surface receptors/channels mechanism (ABfull inhib larg,
ABfull inhib scram)

AB -1|EPHB2 AB -1JALPHA2AR
AB -1{Kv43 AB -1|DISHEVELED
AB -1{KV42 AB -1JAC5

AB -1JTNFR1 AB -1|BETA2AR
AB -1{NCADHERIN J|AB -1|EGFR

AB -1{GIRK AB -1|KV12

AB -1JAMPAR AB -1j]KV11

AB -1{GABAAR AB -1|RTYPECA
AB -1JKAL AB -1{PDGFR

AB -1]JMGLUR1 AB -1JA2AR

AB -1{MGLUR5 AB -1]M1R

AB -1JINTEGRIN AB -1|BR1R

AB -1{PIP3 AB -1JALPHA7NACHR
AB -1|PIP2 AB -1|PAR2

AB -1|PMCA AB -1jKv4l

AB -1JFIVEHT1AR AB -1{kKv14

AB -1{NMR AB -1{M4R

AB -1]M2R AB -1|KAR

AB -1}IR AB -1|GAT1

AB -1{SSTR1 AB -1{FASCIN
AB -1{SSTR2 AB -1]{GABABR
AB -1{FIVEHT2AR AB -1{CHOLESTEROL
AB -1|PAFR AB -1{LRP

AB -1JFIVEHT4R AB -1{MGLUR7
AB -1{D2R AB -1{LTYPECA
AB -1{D1R AB -1{KIR41

AB -1|RET AB -1|PQCaCh
AB -1|FAS AB -1|NTYPECA
AB -1|]TRKB AB -1{D3R

AB -1{SYNDECAN AB -1{KIR23

AB -1{L1 AB -1|{ERBB

AB -1|CB1R AB -1{DOPR

AB -1JA1R AB -1{KOPR

AB -1]ALPHA1AR AB -1JMOPR
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Appendix 3C: Results from Kruskal-Wallis & Mann-Whitney U tests

Identifier?2 N Median Ave Rank Z
ABfull act_ scram 48 0.2680 196.2 -4.91
ABfull inhib larg 48 0.3765 526.2 7.82
ABfull inhib scram 48 0.2960 305.6 -0.69
ABfullact larg 60 0.3667 478.9 6.77
ABfullact rPKN 48 0.3511 426.0 3.96
ABGPCRInt larg 72 0.3367 358.3 1.68
ABGPCRs_larg 84 0.3214 345.6 1.16
ABGPCRs_scram 47 0.2261 113.8 -=8.00
Iono larg 107 0.3292 349.3 1.56
Iono larg scram 84 0.2477 153.7 -8.94
Overall 646 323.5

H = 270.06 DF =9 P = 0.000

H=270.06 DF =9 P = 0.000 (adjusted for ties)

Pairwise comparisons (Mann-Whitney U test)
Number of pairwise comparisons: 36
Significance level (a) adjusted for Bonferroni adjustment: 0.00139

N Median
Iono larg 107 0.32920
Iono larg_scram 84 0.24773

Point estimate for nl - n2 is 0.07690

99.9 Percent CI for nl - n2 is (0.05217,0.10012)

W = 13437.0

Test of nl = n2 vs nl # n2 1is significant at 0.0000
The test is significant at 0.0000 (adjusted for ties)

N Median
Iono larg 107 0.32920
ABfullact larg 60 0.36675

Point estimate for nl - n2 is -0.04235

99.9 Percent CI for nl - n2 is (-0.06325,-0.02036)

W = 7294.0

Test of nl = n2 vs nl # n2 1is significant at 0.0000
The test is significant at 0.0000 (adjusted for ties)

N Median
Iono larg 107 0.32920
ABfull act_ scram 48 0.26800

Point estimate for nl - n2 is 0.05191

99.9 Percent CI for nl - n2 is (0.02743,0.07897)

W = 9928.0

Test of nl = n2 vs nl # n2 1is significant at 0.0000
The test is significant at 0.0000 (adjusted for ties)
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N Median
Iono larg 107 0.32920
ABfull inhib larg 48 0.37650

Point estimate for nl - n2 is -0.06144

99.9 Percent CI for nl - n2 is (-0.08450,-0.03368)

W = 6568.0

Test of nl = n2 vs nl # n2 is significant at 0.0000
The test is significant at 0.0000 (adjusted for ties)

N Median
Iono larg 107 0.32920
ABfull inhib scram 48 0.29601

Point estimate for nl - n2 is 0.01806

99.9 Percent CI for nl - n2 is (-0.01836,0.05683)

W = 8793.0

Test of nl = n2 vs nl # n2 is significant at 0.0840

The test is significant at 0.0840 (adjusted for ties) [n.s]

N Median
Iono larg 107 0.32920
ABGPCRs larg 84 0.32141

Point estimate for nl - n2 is 0.00070

99.9 Percent CI for nl - n2 is (-0.01821,0.02090)

W = 10337.0

Test of nl = n2 vs nl # n2 is significant at 0.8649

The test is significant at 0.8649 (adjusted for ties) [n.s]

N Median
Iono larg 107 0.32920
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is -0.00623

99.9 Percent CI for nl - n2 is (-0.02467,0.01530)

W = 9275.0

Test of nl = n2 vs nl # n2 is significant at 0.2970

The test is significant at 0.2970 (adjusted for ties) [n.s.]

N Median
Iono larg 107 0.32920
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.09383

99.9 Percent CI for nl - n2 is (0.06409,0.12068)

W = 10381.0

Test of nl = n2 vs nl # n2 is significant at 0.0000
The test is significant at 0.0000 (adjusted for ties)

N Median
Iono_ larg_scram 84 0.24773
ABfullact larg 60 0.36675

Point estimate for nl - n2 is -0.11748
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99.9 Percent CI for nl - n2 is (-0.14574,-0.08701)
W = 3866.0
Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
Iono larg_scram 84 0.24773
ABfull act_ scram 48 0.26800

Point estimate for nl - n2 is -0.02356

99.9 Percent CI for nl - n2 is (-0.05512,0.00901)

W = 5087.0

Test of nl = n2 vs nl # n2 is significant at 0.0184 [n.s.]

N Median
Iono larg_scram 84 0.24773
ABfull inhib larg 48 0.37650

Point estimate for nl - n2 is -0.13617

99.9 Percent CI for nl - n2 is (-0.16772,-0.10312)
W = 3691.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
Iono larg_scram 84 0.24773
ABfull inhib scram 48 0.29601

Point estimate for nl - n2 is -0.05758

99.9 Percent CI for nl - n2 is (-0.09733,-0.01652)
W = 4621.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
Iono_ larg_scram 84 0.24773
ABGPCRs larg 84 0.32141

Point estimate for nl - n2 is -0.07523

99.9 Percent CI for nl - n2 is (-0.10184,-0.04781)
W = 4701.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
Iono_ larg_scram 84 0.24773
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is -0.08044
99.9 Percent CI for nl - n2 is (-0.10758,-0.04774)
W = 4619.0
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Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
Iono larg_scram 84 0.24773
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.01671

99.9 Percent CI for nl - n2 is (-0.01783,0.05038)

W = 5880.5

Test of nl = n2 vs nl # n2 is significant at 0.1069

The test is significant at 0.1069 (adjusted for ties) [n.s.]

N Median
ABfullact larg 60 0.36675
ABfull act_ scram 48 0.26800

Point estimate for nl - n2 is 0.09375

99.9 Percent CI for nl - n2 is (0.06371,0.12369)

W = 4491.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfullact larg 60 0.36675
ABfull inhib larg 48 0.37650

Point estimate for nl - n2 is -0.01890

99.9 Percent CI for nl - n2 is (-0.04765,0.01083)

W = 2915.0

Test of nl = n2 vs nl # n2 is significant at 0.0284 [n.s.]

N Median
ABfullact larg 60 0.36675
ABfull inhib scram 48 0.29601

Point estimate for nl - n2 is 0.05933

99.9 Percent CI for nl - n2 is (0.01837,0.10083)

W = 3987.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfullact larg 60 0.36675
ABGPCRs larg 84 0.32141

Point estimate for nl - n2 is 0.04271

99.9 Percent CI for nl - n2 is (0.01864,0.06708)

W = 5665.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfullact larg 60 0.36675
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is 0.03824
99.9 Percent CI for nl - n2 is (0.01322,0.06246)
W = 5048.0
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Test of nl = n2 vs nl # n2 is significant at 0.000

N Median
ABfullact larg 60 0.36675
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.13441

99.9 Percent CI for nl - n2 is (0.10003,0.16637)

W = 4572.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull act_ scram 48 0.26800
ABfull inhib larg 48 0.37650

Point estimate for nl - n2 is -0.11273

99.9 Percent CI for nl - n2 is (-0.14487,-0.08013)
W = 1243.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull act_ scram 48 0.26800
ABfull inhib scram 48 0.29601

Point estimate for nl - n2 is -0.03194

99.9 Percent CI for nl - n2 is (-0.07755,0.00985)

W = 1978.0

Test of nl = n2 vs nl # n2 is significant at 0.0104 [n.s.]

N Median
ABfull act_ scram 48 0.26800
ABGPCRs larg 84 0.32141

Point estimate for nl - n2 is -0.05113

99.9 Percent CI for nl - n2 is (-0.07914,-0.02289)
W = 2045.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull act_ scram 48 0.26800
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is -0.05554

99.9 Percent CI for nl - n2 is (-0.08621,-0.02456)
W = 1937.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull act_ scram 48 0.26800
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.03972
99.9 Percent CI for nl - n2 is (0.00468,0.07518)
W = 2794.5
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Test of nl = n2 vs nl # n2 is significant at 0.0003
The test is significant at 0.0003 (adjusted for ties)

N Median
ABfull inhib larg 48 0.37650
ABfull inhib scram 48 0.29601

Point estimate for nl - n2 is 0.08038

99.9 Percent CI for nl - n2 is (0.03550,0.12081)

W = 3046.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull inhib larg 48 0.37650
ABGPCRs larg 84 0.32141

Point estimate for nl - n2 is 0.06155

99.9 Percent CI for nl - n2 is (0.03382,0.08928)

W = 4565.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull inhib larg 48 0.37650
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is 0.05808

99.9 Percent CI for nl - n2 is (0.02569,0.08569)

W = 3988.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull inhib larg 48 0.37650
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.15214

99.9 Percent CI for nl - n2 is (0.11765,0.18760)

W = 3413.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABfull inhib scram 48 0.29601
ABGPCRs larg 84 0.32141

Point estimate for nl - n2 is -0.01688

99.9 Percent CI for nl - n2 is (-0.05643,0.02292)

W = 2875.0

Test of nl = n2 vs nl # n2 is significant at 0.1343 [n.s]

N Median
ABfull inhib scram 48 0.29601
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is -0.01844
99.9 Percent CI for nl - n2 is (-0.06266,0.02464)
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W = 2635.0
Test of nl = n2 vs nl # n2 is significant at 0.1503 [n.s.]

N Median
ABfull inhib scram 48 0.29601
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.07212

99.9 Percent CI for nl - n2 is (0.02849,0.11844)

W = 3007.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABGPCRs larg 84 0.32141
ABGPCRInt larg 72 0.33669

Point estimate for nl - n2 is -0.00597

99.9 Percent CI for nl - n2 is (-0.02855,0.01831)

W = 6368.0

Test of nl = n2 vs nl # n2 is significant at 0.4228 [n.s.]

N Median
ABGPCRs larg 84 0.32141
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.09192

99.9 Percent CI for nl - n2 is (0.06040,0.12171)

W = 7121.0

Test of nl = n2 vs nl # n2 is significant at 0.0000

N Median
ABGPCRInt larg 72 0.33669
ABGPCRs_scram 47 0.22613

Point estimate for nl - n2 is 0.09586

99.9 Percent CI for nl - n2 is (0.06046,0.12868)

W = 5618.0

Test of nl = n2 vs nl # n2 is significant at 0.0000
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Chapter 4: Identifying network motifs from network
structure: impact on experimental design for inference of
Ap-neuron interactions’

4.1 Introduction

“He that breaks a thing to find out what it is has left the path of wisdom.” — J.R.R.
Tolkien

For many years, the community of researchers studying the effects of beta-
amyloid (AP) on in vitro preparations of neurons has attempted to identify AB-neuron
interactions. The primary assumption, given knowledge of intracellular signaling, was
that AP interacts with some cell surface mechanism such that a linear pathway from a
particular receptor was adversely affected. In some cases, it was assumed that Af
caused some disruption in the cellular membrane itself, which would cause complete
dysregulation of intracellular signaling (particularly, calcium signaling), resulting in
the onset of apoptosis[1-3]. Given this linear pathway hypothesis, standard practice in
the field was that hypotheses were tested experimentally by adding AP exogenously
to neurons and then measuring the activity of a known protein in a pathway of
interest, and not measuring the activity any other protein in potentially intersecting
pathways. Many different hypotheses have been formulated based on what could be
defined as a Linear Pathway Hypothesis (LPH)[6], but to date, no converging

evidence of a particular set of AB-neuron interactions responsible for the signaling

? Co-authors: Stephen Vicchio, Angela Norton, Theresa A. Good, and Mariajosé Castellanos
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events observed has emerged. This has left the community, after over 20 years of

research, without a strong consensus on AB’s early action on neurons.

With the advent of the proteomics era, there has been a great increase in the
understanding of intracellular signaling. Particularly, intracellular signaling can no
longer be viewed as a set of linear, non-intersecting pathways of just a few 10s of
molecules, but has to be viewed as a highly interconnected network of hundreds and
even thousands of signaling molecules[7, 8]. Intracellular networks are made up of
many signaling motifs that give rise to the signaling landscape of the cell and its
emergent behavior[9]. Each cell can have nearly 100 (or more) receptors or channels
at the surface to transduce a signal from a complex milieu of extracellular cues
through the network in order to produce any number of physiological responses. This
landscape is becoming more highly complex as more and more interactions are being

discovered.

Several researchers have studied the structure of networks in order to gain
some fundamental knowledge of how networks develop and to infer network
function[10-14]. Utilizing a branch of mathematics called graph theory, a network
can be interpreted as a graph, where each protein is described as a node and the
interaction between a pair of nodes is called an edge. A graph of a network is then
just a set of nodes, 1 €1,2,...N and edges, ¢ €1,2,...E, such that it forms an ordered
pair. The topology, or the structure, of the graph can be analyzed in various ways in

order to understand how individual nodes interact in order to pass information from
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one node to another. A node can represent anything that interacts with something
else. Therefore, network analysis is a broad field including social media networks,
author-collaborator networks, ecological networks, metabolic networks and
intracellular networks, to name a few[10]. There are some general topological
features that have been found to be common among all real networks (in comparison
to random networks). One main feature is called “small-world” or “scale-free”[15],
which is described by a power law distribution of the number of edges per node.
These features have been used to classify networks and to examine whether certain
network topologies, arising from experimental data, represent real networks (i.e.,
small-world vs. random). In this chapter, we used ideas from network analysis to help
demonstrate that by virtue of the topology of the network, the majority of the

signaling pathways cannot be linear.

What has also been of increasing interest in the area of Systems Biology with
respect to networks has been the identification of network motifs. It has been
postulated that biological networks are comprised of interacting smaller network
motifs, which can give rise to different signaling landscapes given certain
extracellular signals over time[7, 16]. Thus, understanding the structure and functions
of these network motifs can provide a way to condense the complexity of the
network, especially when studying the function of these networks in experiments.
According to Barabasi and Oltvai[7], network motifs consist of particular subgraphs
of a network graph that occur with greater frequency in comparison to other

subgraphs. In general, for biological networks, motifs such as feed-forward and
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feedback loops are prevalent. There are also cross-talk[17] and receptor trans-
activation (or inhibition)[5], amongst others. The interaction of many different
network motifs gives rise to complex (non-linear) network behavior. For example,
cross-talk between calcium and cyclic adenosine monophosphate (cAMP) pathway
gives rise to oscillations[18, 19]; while different types of feedback mechanisms can
give rise to various types of attractor states[20]. Identification of these types of
network motifs can provide information about functional behavior of a node within its
context in the network. Knowledge of the complexity of real biological networks calls
into question the validity of the Linear Pathway Hypothesis that has been the basis for

experimental design in cell biology over many decades.

Using a signal flow algorithm and linear algebra techniques, we have been
able to identify signaling network motifs that may give rise to complex behavior in a
large CA1 hippocampal neuronal network. This complex behavior may be an
explanation for the lack of consensus about AB-neuron interactions observed in in
vitro experiments because experiments designed via LPH produce data too sparse to
be discriminatory. In this chapter, we will identify network properties and motifs in a
hippocampal neuronal network[21]. We will also demonstrate, on a significantly
smaller network, the impact of these motifs on network dynamics and input inference
based on LPH. Finally, we will make some associations between the behavior
observed in the smaller network due to receptor trans-activation and feedback and the
large network and how this information could guide experimental design toward

discovering AB-neuron interactions.
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4.2 Methods

4.2.1 Signal Flow Method

The Signal Flow Method is an algorithm that simulates the propagation of a
signal through the network by the following mathematical equation (Eq. 4.2.1)[22,

23]:

x(t+1) = AG, ) * x,(t) (Eq.4.2.1)

where, xi(t+1) is the signal of node i at the current step (t+1), x;(t) is the signal of
node i at the previous step (t). 4(i,j) is the Adjacency matrix, which is an n x n matrix,

where each entry in the matrix is specified as such (Eq. 4.2.2):

1,if 1is adjacent to j(activation)
A(i, j) =10, 1f 1is not adjacent to j (Eq.4.2.2)
-1,if iis adjacent to j(inhibition)

The signal for each simulation is initiated at the AP node. AP is connected to the
specified receptor/channel or set of receptors/channels. As the signal propagates
through the network, the signal at each node is calculated at each discrete step via Eq.
4.2.1. A discrete step is the next sequential movement in the network based on
adjacency (A(i,j) matrix). It is not directly related to time since there is no associated

kinetics or selectivity of interactions; however, an indirect relationship to time can be

170



inferred because of the hierarchical and directional nature of the network[24].
Because of the lack of selectivity for the interactions, there are additive effects, such
that, for example, if the signals through three nodes into the current node are all 1,
then the current node will take on the signal value of 3. There are no units for the
signal as it is a mathematical construct used solely for simulating the signal
propagation through the network from a set of inputs to its associated set of outputs.
The method makes no allowances for different dynamics of signals traveling through
a network. Using the example from above, if the signals through three nodes
represent signaling reactions that occur with different time constants (say on the order
of milliseconds, seconds, and tens of seconds), then in the actual network inside the
cell, those signals would not arrive at the intersecting node at the same time; however,
in the signal flow model, so long as the number of steps to a node is the same, the
signals arrive at the same time. This algorithm was coded and run in Matlab R2010b.
The adjacency matrix was built in Visual Basic Application through Excel and
imported into Matlab as a text file read into a matrix function. The interaction list

used to build the adjacency matrix was from[21].

4.2.1.1 Characterizing receptor trans-activation

Receptor trans-activation (or inhibition) is characterized by the propagation of

the signal through a receptor (or channel) that is not directly connected to the AP

node during the simulation.
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4.2.2 Identification of Feedback Motifs Via Path Length Analysis

Path length analysis[25] was used to identify and calculate the number of
feedback loops (cycles) of length k originating and ending with node i. The

calculation of paths of length £ is defined as (Eq. 4.2.3):

N, = AG, )" (Eq.4.2.3)

where, Npp is the number of path lengths per node, A(i,j) is the adjacency matrix (see
Eq. 4.2.2) and £ is the length of the path (1, 2,...k). In order to calculate the number of
feedback loops per node, the diagonal of the path length matrix is given by (Eq.

4.2.4):

Nyog = diag(Np,) = diag(A(i, j)*) (Bq.4.2.4)
where, Ngp is the number of feedback loops per node, from node i to node i. Path

length analysis was performed in Matlab R2010b.

4.2.3 Kinetic Model

A kinetic model of a small intracellular hippocampal signaling network[5]

was developed utilizing reversible mass action kinetics given by Equation 4.2.5:

d[K
% =Tk r ~Txp (Eq.4.2.5)
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where, d[K%t is the rate of generation of protein K in nM™'s™. r¢r and ry, are the

forward and back reaction rates, respectively. The reaction list, compound list,
equations, kinetic parameters and initial conditions are given in Appendices 4A — 4E.
The time range for the simulations was 0-100s. To identify those proteins in this

small kinetic model that exhibited non-monotonic behavior, the sign of the slope of
the concentration versus time curve (d[K%t) was recorded. Then, those proteins that

exhibited a change of sign (change in the slope of the derivative) were those that

exhibited non-linear dynamic behavior under specified initial conditions.

4.3 Results and Discussion

4.3.1 Intrinsic Topological Properties of CAI Hippocampal Neuronal

Signaling Network Challenge the Linear Pathway Hypothesis (LPH)

In this section, the general properties of the CAl hippocampal neuronal
signaling network were used to demonstrate why a Linear Pathway Hypothesis does
not encompass the complexity of the system. Without encompassing this complexity,
the LPH will likely give results that are confounded with other uncontrolled factors in

an experiment.

The Linear Pathway Hypothesis (LPH) is insufficient for hypothesis

generation because:
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1. Power law or near power law distribution of degrees in the network
exists (Figure 4.1). This is a property of real networks known as “scale-free”
or “small-world”’[10]. If a network consisted of primarily linear, non-
intersecting pathways, then this “small-world” or “scale-free” property would
not exist in such a network. The number of interactions would, instead, scale
with the number of nodes (see Eq. 4.1). This is not true of a CA1 hippocampal
neuronal signaling network, as demonstrated in Figure 4.1. In this figure, the
top graph represents the number of in-coming interactions, or edges, also
known as in-degree. In this graph, a power law distribution of the interactions
is reported, where a large number of nodes have a small in-degree and a
smaller amount of nodes have a large number of in-coming edges. The bottom
graph shows the number of out-going interactions or edges, known as the out-
degree. Again, a power law distribution is reported, similar to the top graph.
Taken together, these graphs demonstrate that this CA1 hippocampal neuronal
signaling network is scale-free, and therefore not amenable to the Linear

Pathway Hypothesis.

N(N-1) _545(544)

; =148,240 maximum interactions vs. 1235 actual interactions (Eq. 4.3.1)

Ultimately, this means that the nodes in the network are highly

interconnected. This makes pathways less distinguishable since many of them
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intersect at proteins called “hub” molecules, which will be described in the

next point.

2. The presence of hub proteins. This is a corollary of the small-world or
scale-free property in that there are a few proteins in this network that act as
hubs (nodes with very large number of interactions). The presence of these
hubs readily suggests that there is cross-talk or some other type of
interconnectivity across pathways of different receptor types. Ma’ayan et
al[21] identifies the hub proteins in this network as being: PKA, PKC, Gg,,
Calmodulin, NMDAR, SRC, Calcium, CAMKII, PSD95, GRB2, G,;, MAPK,
Calcineurin, Actin, Tubulin, and CREB. The presence of hub molecules in
this neuronal network suggests, once again, a network that is not a set of linear
pathways. The problem therein is that these hub proteins are highly studied in
in vitro experiments studying the mechanisms of AB-neuron interaction[26-
39] (see Section 4.3.5) and are likely associated with multiple different
receptor-mediated pathways, thus making it nearly impossible to infer the

pathway from which the signal originated.

3. As will be discussed further in the next section, there are network
motifs that are naturally not congruent with LPH: such as receptor trans-
activation, cross-talk and feedback/feedfoward loops. The presence and high

preponderance of (especially feedback/feedforward loops[21]) these network
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motifs suggest a more interconnected network rather than a series of linear

pathways.

4. The P index is a measure of the level of connectivity in a graph (Figure
4.2). The B index, given in Eq. 4.3.2, is calculated as the average number of

links per node.

e 1235
=—=——=226(43.2
P v 545 ( )

The B index for trees and simple networks is less than one. On the other hand,
a connected network with one cycle has a f index value of 1 and more
complex networks have a value greater than 1[40, 41]. Examples of simple
and complex networks are shown in Figure 4.2. Again, this network with a f3
index of 2.26 is a highly complex and interconnected graph, and therefore the
LPH would not be a good assumption for hypothesis generation in such a
system. This § index also gives us some indication that there are likely cycle
(or loop) structures present in this network and we will discuss the

implications of this in further detail in Sections 4.3.2 and 4.3.3.
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Figure 4.1: Histograms of the in- and out-degrees of nodes in the CAl
hippocampal neuronal network. Top, In-degree histogram where the abscissa is
the number of incoming edges to each node (in-degree) and on the y-axis is the
number of nodes. Bottom, similar to the top graph except that the abscissa is the
number of outgoing edges (out-degree). In both graphs, the red curve represents a
power law fit to the data. Graphical output generated from Network Analysis plug-

in in Cytoscape[4].
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What consequence does knowing the topological properties of this CA1 hippocampal
neuronal signaling network have on experimental design for inferring Ap-neuron
interactions? Firstly, a simplistic, reductionist hypothesis of a linear pathway between
AP and a downstream measured protein is insufficient to characterize what is known
about the system. Many factors are left uncontrolled and unmonitored in the
experiment, thereby confounding the interpretation of the results. Without sufficient a
priori knowledge in the design of the experiment, though one might ‘prove his or her
hypothesis’, the rationale as to the processes that preceded the observed event may
not be correct. And this could have an effect on reproducibility of the experimental
results as well. Secondly, complex systems are known to produce complex, non-
intuitive and sometimes unpredictable results[9]. This is typically referred to as
emergent properties of the system[42]. These emergent properties are important
because they usually give rise to the complex response of the system from an array of
inputs and to the phenotypic response of the system to its environment[9]. These
properties also become important as systems begin to interact and connect with other
systems, such as neurons in a neural network in the brain. This is without taking into
account the interplay between metabolic, signaling and regulatory networks.
Therefore, it is necessary to begin to understand and to test the system as a system of
interactions in order to identify this emergent behavior and to distinguish it from
pathological behavior in the presence of a molecule such as AB. The first step in such
an endeavor is to understand the intrinsic topological properties of the system and
how that characterizes its complexity and interconnectedness. Given this information,

the question the experimentalist should ask is: if protein x is measured in order to
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infer AP’s interaction with protein s, in how many other pathways is protein x
potentially involved (in-degree, for example)? Is protein x involved in other types of
network motifs (receptor trans-activation or feedback)? If the answers to these
questions are yes, then the experimentalist must decide how to design the experiment
to control and/or monitor the behavior of protein x within its context in the system.
An example of how an experimentalist might design an experiment with some of

these questions in mind will be given in Section 4.3.4.
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Figure 4.2: Example networks - trees,
connected network with one cycle and a
complex network. 7op, a simple tree toy
network with two trees consisting of 12 nodes
and 10 edges. It B index is 0.833. Middle, a toy
connected network with one cycle (shown in
red) with 8 nodes and 8 edges. Its B index is 1.
Bottom, CA1l hippocampal neuronal signaling
network with 545 nodes and 1235 edges
(complex network). Its B index is 2.26. B index
values were calculated according to equation
4.3.1. Network building and visualization done

in Cytoscape[4].
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4.3.2 Signal Flow Method is Used to Identify Signaling Motifs Based on

Network Topology

The goal of this work is to identify signaling network motifs based on network
topology analysis. In order to accomplish this goal, we used the Signal Flow Method
to propagate a signal from the AP node through the network. At each discrete step,
the signal has passed from one set of nodes to the next set in the pathway(s). Because
networks are hierarchical, each discrete step is analogous to some sequential time
point in chemical space[24]. However, a direct correlation with time would require
the knowledge of the kinetics of the system. Also, without kinetic information, all
paths can equally be followed by the signal and so there is no selectivity for each
path. This is a disadvantage of this method. However, this method is advantageous
because it allows for the determination of the flow of a signal as it starts from
different interactions of AP with receptors or channels on the neuronal surface with
just topographical information as its input. For example, nodes that are utilized in
particular pathways can be observed and at what depth (or discrete step) the signal
passes through. Our results in Figures 4.3-4.7 demonstrate, using the Signal Flow
Method, given a specific interaction of AP with a receptor or channel, the receptors
that are trans-activated (or trans-inhibited). Receptor trans-activation (or inhibition)
refers to the case in intracellular signaling when one receptor-mediated pathway
activates (or inhibits) another receptor, and thereby modulates the function of that

receptor-mediated pathway. In Figure 4.3, A interacts with the integrin receptor.
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Integrin was chosen because of recent work in our lab[43] and others[44, 45] that
postulate interactions with integrins as being a target for AP induced neurotoxicity.
The signal through three other receptors is shown here: the L-type calcium channel
(LTYPECA), the N-methyl-D-aspartate receptor (NMDAR), and the metabotropic
glutamate receptor 7 (MGLUR?7). These receptors/channels have also been implicated
in AP induced signaling[27, 46-48]. In this figure, starting with the top left graph, a
signal of 1 is passed through the integrin receptor by way of AB. At the next discrete
step and all subsequent steps thereof, the signal is 0. This is indicative of integrin not
being directly involved in other network motifs that might regulate its function such
as feedback/feedforward loops or receptor trans-activation. The possible involvement
of any extracellular feedback mechanisms between its ligands and the receptor are not
covered in this study nor are they present in the network. Moving to the top right
graph, we see the signal passes through the LTYPECA at discrete step 3 and then at
the next step the signal disappears. Two steps later, there is a sharp decrease in the
signal. This is likely due to feedback mechanisms regulating the LTYPECA since it is
between discrete steps 4 and 5 where feedback mechanisms, according to Ma’ayan et

al[21], begin to appear.

For NMR (bottom left graph), again the signal of 1 goes through the receptor
at discrete step 3 and at discrete step 4 returns to 0. Then at discrete step 5, we see a
decrease in signal until discrete step 7 when there is an increase in the signal. Again,
this is likely due to feedback mechanisms that are modulating NMR’s function. Then

in the bottom right graph, the MGLUR?7 receives the signal at discrete step 6, but the
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signal is 2 instead of 1. Since MGLUR?7 receives this signal after the network has
been fully traversed, this is indicative of it receiving the signal from two separate
inputs that have received the signal of 1 in previous steps. Again, feedback

mechanisms explain the increase in signal at the end of the simulation.
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Figure 4.3: Signal through selected receptors for an interaction of Ap with the integrin receptor.
Using the Signal Flow Method, a signal of 1 was initiated at the AP node and allowed to propagate
through the network via Equation 4.2.1. The four selected receptors shown here are integrin, L-type
calcium channel (LTYPECA), the N-methyl-D-aspartate receptor (NMR) and the metabotropic
glutamate receptor 7 (MGLUR?Y). AP was the initial node and interacts only with the integrin receptor
here. The curve in each graph represents the signal at each discrete step taken through the network.

Ten discrete steps were simulated. Simulations were run and graphs were produced in Matlab.
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In Figure 4.4, a signal is propagated from the AP node through the epidermal
growth factor receptor (EGFR), which is a well-studied receptor tyrosine kinase.
Receptor tyrosine kinases have also been implicated in AB-induced signaling and
neurotoxicity[49]. Again, in the top left graph, we see the signal of 1 pass through
EGFR, however, in this case, unlikely with integrin, at discrete step 4 there is a -1
signal that returns to EGFR. This would indicate some direct feedback from the
EGFR pathway. From there, at discrete step 6, feedback mechanisms begin to
regulate EGFR. Here, the integrin receptor receives no signal at any discrete step,
which corroborates the behavior of integrin in Figure 4.3; that it is not regulated by
any feedback mechanisms nor modulated by receptor trans-activation (or inhibition).
LTYPECA in the left bottom graph receives a signal of -3 at discrete step 4. This
likely means that there are three paths from the EGFR receptor that inhibit
LTYPECA. From discrete step 4 on, feedback mechanisms are in play. MGLUR?7
receives the signal at discrete step 4 and then at discrete step 6 feedback mechanisms
come on. What this Signal Flow Method also elucidates for us is the ability of a
signal from a receptor-mediated pathway, such as the one from EGFR, might

potential self-regulate its receptor via feedback.

185



AB -EGFR

o 1 2 3

Ston]
B
ot \‘9———6——0\
\‘s-——e
N\ VAR
: N4 i
o
b §
8" \
\
s \ g
|
|
s V]
\
|
% 1 2 3 4 5 6 7 8
Discrete Step
)
10 / -
/
¢
/
/
E /
- s)——-e———e——o\\ f
S~ {
N\ /
N\ /
] f
10 AN |
N
1 \‘1

4 5
Discrete Step

E=rn)
08
06
04
02
% o — - — & — —H— — G — & — 5 — —O— — & — 4
w
02
04
06
08
0 1 2 3 4 5 6 7 8 9
Discrete Step
25 T
1
. i
/
i
1 /]
3 f
3 /
10 !
{
/
/
AN
/ )
D
/a———e*/
s o Py ;
1 3

4 5
Discrete Step

Figure 4.4: Signal through selected receptors for an interaction of A with the EGF receptor.

Using the Signal Flow Method, a signal of 1 was initiated at the AP node and allowed to propagate

through the network via Equation 4.2.1. The four selected receptors shown here are Epidermal

growth factor receptor (EGFR), integrin, L-type calcium channel (LTYPECA), and the

metabotropic glutamate receptor 7 (MGLUR7). AP was the initial node and interacts only with

EGFR here. The curve in each graph represents the signal at each discrete step taken through the

network. Ten discrete steps were simulated. Simulations were run and graphs were produced in

Matlab (add in the particulars here).
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AP has been frequently hypothesized to interact with the NMDA receptor[50,
51]. Support for this hypothesis was so widespread that a treatment for AD was
created based on it called Memantine[52, 53]. However, Memantine, like many other
drug treatments for AD, only alleviates symptoms rather than attenuating the disease
progression. For this reason, however, we simulated the case of Ap -NMDAR
interaction (Figure 4.5). In the top left, NMR receives the signal of 1 initially and
goes back down to 0 at subsequent steps until discrete step 3 where it receives a
signal of -2. At discrete step 5 it goes back up to 0 and then after discrete step 6,
feedback mechanisms begin to modulate NMR. Again, integrin is not modulated by
NMR nor are there any feedback mechanisms. LTYPECA receives a signal of -4 at
discrete step 4 indicating that there may be 4 paths by which LTYPECA is inhibited
by NMR. Then after discrete step 6, feedback mechanisms increase the signal through
LTYPECA. MGLURY receives the signal of 1 at discrete step 4, goes down to -1 and

then from there has a sharp increase in the signal due to feedback.

In Figure 4.6, a signal is passed from the AP through the G-protein coupled
receptor, metabotropic glutamate receptor 7 (MGLUR7). MGLUR7 has been
demonstrated in some experiments to play a potential role in Ap-induced
signaling[54, 55]. Here the signal of 1 passes through MGLUR?7 (top left graph), then
the signal returns to O until discrete 6 where a signal of 2 passes through and then
feedback mechanisms take over in subsequent steps. This suggests that there are two
activating paths returning to MGLUR7 possibly through direct feedback from its own

pathway. Integrin remains unaffected by MGLUR?7 receptor-mediated pathways,
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while LTYPECA and NMR see sharp decreases in signal after discrete step 4 and 5

and an increase at discrete step 9.
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Figure 4.5: Signal through selected receptors for an interaction of AP with the NMDA

receptor. Using the Signal Flow Method, a signal of 1 was initiated at the AP node and allowed

to propagate through the network via Equation 4.2.1. The four selected receptors shown here are

N-methyl-D-aspartate receptor (NMR), integrin, L-type calcium channel (LTYPECA), and the

metabotropic glutamate receptor 7 (MGLUR?7). AP was the initial node and interacts only with

NMDAR here. The curve in each graph represents the signal at each discrete step taken through

the network. Ten discrete steps were simulated. Simulations were run and graphs were produced

in Matlab.
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Figure 4.6: Signal through selected receptors for an interaction of AB with the MGLUR?7
receptor. Using the Signal Flow Method, a signal of 1 was initiated at the AP node and allowed to
propagate through the network via Equation 4.2.1. The four selected receptors shown here are
Metabotropic glutamate receptor 7 (MGLUR?7), integrin, L-type calcium channel (LTYPECA), and
the N-methyl-D-aspartate receptor (NMR). AB was the initial node and interacts only with
MGLUR?T here. The curve in each graph represents the signal at each discrete step taken through the
network. Ten discrete steps were simulated. Simulations were run and graphs were produced in

Matlab.
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Finally in Figure 4.7, we have a signal passing through LTYPECA from Ap.
L-type calcium channels are the calcium channels that are frequently implicated in AP
induced calcium dyshomeostasis[27, 46, 47]. LTYPECA received the signal and then
goes back to 0 as the signal passes through other nodes in the pathway. Then, at
discrete step 4 it receives an inhibiting signal of -2 and then subsequent feedback
mechanisms begin to take effect. Integrin is unaffected. NMR receives a signal of -2
at discrete step three. Taken together with results from Figure 4.5, it would appear
that NMR- and LTYPECA- mediated pathways inversely modulate each other. From
there, NMR has a steady increase in the signal until discrete step 7 where there is a
sharp increase and then subsequent decrease and then increase again in the last two
steps. MGLUR?7 receives a signal of -1 at discrete step 5 and then immediately

following are the effects of feedback mechanisms.
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Figure 4.7: Signal through selected receptors for an interaction of AP with the

LTYPECA channel. Using the Signal Flow Method, a signal of 1 was initiated at the AP

node and allowed to propagate through the network via Equation 4.2.1. The four selected

receptors shown here are L-type calcium channel (LTYPECA), integrin, the N-methyl-D-

aspartate receptor (NMDAR) and the Metabotropic glutamate receptor 7 (MGLUR?7). AP was

the initial node and interacts only with the LTYPECA channel here. The curve in each graph

represents the signal at each discrete step taken through the network. Ten discrete steps were

simulated. Simulations were run and graphs were produced in Matlab.
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In the last set of results, the presence of feedback mechanisms was observed
in these simulations. Feedback loops are abundant in this network. In Figure 4.8,
utilizing path length analysis described in Section 4.2.2, we show that 30% of all of
the nodes in this network are involved in feedback loops that originate and end with
the same node. Of that 30%, 19% of the nodes are involved in both positive and
negative feedback loops, 7% in positive feedback loops only and 4% in negative
feedback loops only. Seventy percent of nodes in the network are not involved in a
feedback loop that originates and ends with the same node, however, some of these
nodes might be intermediaries in feedback mechanisms, but the task to elucidate all of
the feedback loops in the network is computationally expensive. The following table
(Table 4.1) lists the nodes that are involved in the different feedback types (positive,
negative, positive and negative). The nodes that are not involved in any feedback
loops are listed in Appendix 4E. With respect to the LPH, if a node was chosen from
this 30% of the network that is involved in feedback for experimental hypothesis
testing, then it is likely that depending on when the measurement is taken, there could
be discrepancies between measured activities. This would be especially true in the
case of nodes that involved in both positive and negative feedback loops as their
transient behavior may alternate between increasing and decreasing (see Section
4.3.5). The expected transient behavior of a node’s activity, independent of other
regulatory effects, when part of only positive or only negative feedback loops would
be always increasing or always decreasing, respectively[56, 57]. Thus, their transient

behavior would be more predictable and could be compared across times in terms of
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direction of the trend (up or down) in comparison to the control. However, in terms
those nodes that are involved in both positive and negative feedback would not be as
predictable unless measured with two or more time points. This is because the node
may be involved in a different type of feedback mechanism (either positive or
negative) depending on the path length (in effect, time). The importance of this with
respect to experimental design will be discussed further in Section 4.3.4. Once the
effects of kinetics are introduced to the system, the behavior of feedback loops
becomes interesting. Positive feedback loops can introduce bistability (or switch-like
behavior) into the system[58, 59], while negative feedback loops in biology are
typically associated with processes that maintain homeostasis[58, 60]. The interplay
between positive and negative feedback loops gives the cell a diversity response to
external stimuli (bistability, switching, etc), while being able to maintain its response

within the bounds of normal cellular behavior (homeostasis)[58, 60].
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Percentage of Nodes Involved in Feedback Loopsin
CA1 Hippocampal Neuron
(none, positive, negative or both)

\ _10 loops
(+) loops
70% i (-) loops
M (+/-) loops

Figure 4.8: Percentage of nodes involved in feedback loops in a CA1 hippocampal neuronal
network. In this pie chart, 70% of nodes in the neuronal network are not involved in feedback loops.
Of the remaining 30%, 19% are involved in both positive and negative feedback loops, while 7% and
4% are involved in positive and negative feedback loops only, respectively. In this case, the feedback
loops counted are only those that start and end with node i (node of interest). Feedback loops were

counted using the path length analysis of Section 4.2.2.
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Feedback Loops
(+) loops (-) loops (+/-) loops

BAX AMPAR AA 11 RAS
BID ASK1 ABL IP3 RASGRP
CAMKI CYTOCHROMEC AC1 IP3R RCS
CAPRI DOK AC2 IRS1 RET
CASPASE9S GABA AC5 LTYPECA RIM
CDC42 GABABR APAF1 MAPK RTYPECA
CGMP GAT1 BAD MEK1 RYR
CJUN ILK BCLXL MGLUR7 SHC
COOL INHIBITOR2 BETA2AR MUNC13 SHP1
CREB MEK3 bRAF NAIP SNAP25
GALPHA11 P38 CALCINEURIN NMR SNAPIN
GALPHAQ PROFILIN CALCIUM NTYPECA SORCIN
GBETAGAMMA |RASGAP CALMODULIN P1433 SOS
GELSOLIN RASGRF CAMKII PDE1A SPINOPHILIN
IQGAP RHO CAMKIV PDE1B STEP
LCK ROCK CAMKK PDE1C SV2A
MGLUR1 SODIUM CAMP PDE2A SYNAPSIN
NCK SRCASM CAMPGEFII PDE3A SYNAPTOTAGMIN
NO SYNGAP CASPASE3 PDE3B SYNTAXIN
NOS TIAM1 CASPASES8 PDEA4D VAV
PAK GSK3 cGMP PDES5A
pGC D1R PDK1
PIP5K D2R PI3K
PKG DAG PIP2
PTPA DAPK PIP3
RAC DARPP32 PKA
RAL DGK PKB
RALBP1 DOC2 PKC
RALGDS EGFR PLA2
RAP1 EPAC PLCBETA
RASGRP3 FAK PLCGAMMA
RIN1 FYN PMCA
RSK GAB1 PP1
SYK GALPHAI PP2A
TAMALIN GALPHAS PQCaCh

GALPHAZ PTEN

GRB2 RABPHILIN

HIPPOCALCIN RAF1

Table 4.1: List of nodes involved in feedback loops (positive, negative, and positive/negative) in a
CA1 hippocampal signaling network.
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4.3.3 Kinetic Model of Receptor Trans-activation and Feedback in a Small

Hippocampal Network

Because cellular processes are ultimately dynamic, we ideally would want to
model AP interactions with this CA1 hippocampal neuronal network system with
kinetics. However, given the number of parameters and equations that would be
required to model this system with even the most basic kinetic schema (mass action
kinetics) and the unavailability of these parameters, we chose a similar system
representing a subnetwork within the hippocampal neuronal signaling network. Yang
and coworkers[5] performed a study on hippocampal neurons in order to deduce the
pathways involved with cortisteroid-induced signaling. In this network, two of the
salient network motifs that we identified in the last section are represented: receptor-
transactivation (shown here by a GPCR-mediated pathway induced activation of the
NMDA receptor-mediated pathway) and feedback (shown here by positive feedback
between the tyrosine phosphate protein 2 (PYK2) and sarcoma (SRC)) (see Figure
4.14). Therefore, we were able to demonstrate with simple kinetics how the presence

of these types of motifs can lead to either non-linear behavior in some of the nodes.

In Figures 4.9-4.13, we have graphs of predicted time-course profiles of
proteins from a small hippocampal network[5]. For these simulations, we first
calculated concentration versus time profiles for each protein in the network. Then,

we calculated the sign change of the slope of the concentration vs. time curves. We
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did this in order to identify which proteins exhibited non-linear dynamics under
specific initial conditions. There are two ligands, corticosterone and AP. The
corticosterone is the ligand associated with the network in[5], while we added the A
as a ligand for the NMDAR (shown in Figure 4.14 as NR2B/NR1) in order to test the
effect of the NMDAR pathway on the rest of the network. To test the effect of
corticosterone-induced signaling through a GPCR and A-induced signaling through
NMDAR, each ligand was given the initial conditions specified in Appendix 4D. In
Figures 4.9-4.13, each protein and its associated activated component (designated by
the asterisk) represents examples of proteins which exhibited non-linear dynamics
under a specific set of initial conditions designated by the colored oval. This colored
oval has the same designation in Figure 4.14, which shows the network with each
protein encircled by an oval that exhibits non-linear behavior under specified initial
conditions. When simulations were run at baseline initial conditions (all
concentrations at InM), the G-protein (Giyo/Gin*), phospholipase C (PLC/PLC*),
sarcoma (SRC/SRC*), GTPases (Rho/Rho*), proto-oncogene, non-receptor tyrosine
kinase (Abl/Abl*), and post-synaptic density 95 (PSD-95), all exhibited non-linear
behavior; while protein kinase C (PKC/PKC*), protein kinase B (PKB/PKB*), and
tyrosine phosphate protein 2 (Pyk2/Pyk2%*) all exhibited non-linear dynamics when
either corticosterone or AP concentration was 10nM. When both AB and
corticosterone concentrations were initiated at 10nM, then the GPCR/GPCR*,
NMDAR/NMDAR*, and Pyk2/Pyk2* exhibited non-linear behavior. What is seen
here in this kinetic model is that when evaluating the effects of receptor trans-

activation versus feedback on the dynamic behavior of individual nodes in the
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pathways, we observe that feedback has more dynamic impact on the proteins not
only involved in the feedback loop itself (Pyk2 <-> SRC) but also on the adjacent
proteins (Rho, Abl and PSD-95). On the other hand, the proteins in the NMDAR
pathway (calcium/calmodulin dependent protein kinase II (CaMKII), serine/threonine
specific protein kinase (Raf), mitogen-activated protein kinase (MEK), extracellular
regulated kinase (ERK)) do not display any non-linear dynamics due to either

receptor trans-activation nor feedback under any initial conditions tested.
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Figure 4.9: Time-course profiles of PLC and PLC* in hippocampal
network from[5]. Protein concentrations (nM) in these profiles are for:
PLC, PLC*, where the * represents the activated form of the protein. The
simulated time is 100s. Legend shows initial concentrations of ligands and

for other proteins in the network for this particular simulation.
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Figure 4.10: Time-course profiles of PKC and PKC* in hippocampal

network from|[5][. Protein concentrations (nM) in these profiles are for:

PKC, PKC*, where the * represents the activated form of the protein. The

simulated time is 100s. Legend shows initial concentrations of ligands and

for other proteins in the network for this particular simulation.
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Figure 4.11: Time-course profiles of RHO and RHO* in hippocampal

network from|[5]. Protein concentrations (nM) in these profiles are for:

RHO, RHO¥*, where the * represents the activated form of the protein. The

simulated time is 100s. Legend shows initial concentrations of ligands and

for other proteins in the network for this particular simulation.
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Figure 4.12: Time-course profiles of ERK and ERK* in hippocampal
network from|[5]. Protein concentrations (nM) in these profiles are for:
ERK, ERK* where the * represents the activated form of the protein. The
simulated time is 100s. Legend shows initial concentrations of ligands and

for other proteins in the network for this particular simulation.
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Figure 4.13: Time-course profiles of SRC and SRC* in hippocampal
network from[5]. Protein concentrations (nM) in these profiles are for:
SRC, and SRC*, where the * represents the activated form of the protein.
The simulated time is 100s. Legend shows initial concentrations of ligands

and for other proteins in the network for this particular simulation.
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Figure 4.14: Proteins in Small Kinetic Model with sign change in derivative. The Small Kinetic
Model was solved in Matlab for concentration versus time profiles. The sign change in the derivative
of the ordinary differential equations used to solve for concentration over time was calculated using
the sgn function in Matlab at each time point. Those proteins whose derivatives had a sign change at
any point in time (from positive to negative or vice versa) are represented by the colored ovals in the
figure. The green oval signifies that those proteins had a sign change in their derivative when all of
the initial concentrations for all proteins were the baseline (InM). The blue oval signifies proteins
that had a sign change in the derivative when either AB or corticosterone initial concentrations were
increased to10nM. The red oval signifies proteins whose derivative had a sign change when both AP

and corticosterone ligand initial concentrations were 10nM. Network drawing adapted from[5].
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4.3.4 Experimental Rubric Based on Identified Feedback Loop in CAI

Hippocampal Network

As was mentioned in Section 4.3.2, 30% of the nodes in this network are
involved in feedback mechanisms originating and ending with the same node. Most
of these nodes are involved in what would be called “central signaling” and are likely
targets for experimental design. Therefore, a guide for generating hypotheses and
designing experiments should be recommended per what we know about a particular
node’s involvement in specific network motifs. Ideally, such a guide would give an
experimental design with the minimum set of nodes to measure along with the
number of time points to do the measurements in order to perform discriminatory
experiments. However, given that computational algorithms to analyze the topology
of complex network graphs are computationally intractable for certain types of
analysis (give some examples), we will present a simple rubric based on the path
length analysis done to identify feedback loops on a per node basis in the network.
The rubric in Figure 4.15 shows four groups into which every node in this network
can be categorized. Again, Table 4.1 and Appendix 4E have a list where each node is
separated into each category represented in this rubric. The idea of the rubric is to
guide the experimentalist in the expected behavior of the node’s activity based on the
category of feedback mechanisms in which it participates; such as no feedback,
positive feedback only, negative feedback only and both positive and negative
feedback. The first case would be nodes that participate in no feedback mechanisms.
In this case, it would be expected that the activity of the node would either be on or

off, and so a measurement at a single time point would be sufficient in an
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experimental design. The next case is positive feedback, where the expected behavior
would be that the activity of the node would be always increasing; at least until some
other regulatory event takes place. In the case of negative feedback, the behavior
would be similar to positive feedback but in the opposite direction. For these three
cases, a single time point measurement may be sufficient to capture differences
between the control and AP treatment. Even with positive and negative feedback
loops, although the magnitude of the response may be time dependent, the overall
trend would be predicted to either increase or decrease, respectively, thereby making
comparisons across experimental conditions still possible. The fourth case involves
those nodes where depending on the path length (k), the node might participate in
either a positive or a negative feedback loop. With these nodes, it would be necessary
to take measurements at more than one time point since its behavior (or activity) may
change directions depending on what kind of loop it is involved in at that time. For
example, at k = 5, PKC is involved in 5 positive feedback loops, whereas at k = 7 it is
involved in 5 negative feedback loops. Further kinetic studies of such a network
would be needed to elucidate the time scale associated with these path lengths.
Nevertheless, this rubric does provide a very preliminary step toward experimental
design based on an analysis of the system properties of an intracellular network in
order to elucidate AB’s effects on neurons by categorizing the nodes based on their

predicted time-course behavior due to feedback.
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No Feedback
(ON/OFF)

N J

Figure 4.15: Experimental rubric based on feedback in CA1 hippocampal
neuronal network. Given the path length analysis performed on this network, all
of the nodes can be subdivided into these four rubric areas: nodes that are not
involved in feedback at all which would represent an ON/OFF response (yellow),
nodes involved in negative feedback only which would have a response that is
always decreasing (green), nodes involved in positive feedback only which would
have a response that is always increasing (blue) and nodes that involved in both
positive and negative feedback loops whose response would be time-dependent
(red). This rubric could act as general guidelines for how to measure any particular

node with respect to time based on its involvement in feedback loops.
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4.3.5 Network properties of Nodes from Literature-Derived Experimental

Data of In Vitro Experiments with Af

We collected data from a literature survey of in vitro experiments done by
exposing hippocampal or cortical primary culture neurons to AP exogenously for a
period of no longer than 60 minutes. In Table 4.2, the nodes (or protein activity
levels) that were measured in the experiments are listed along with the number of
feedback loops per path length from the CA1 hippocampal neuronal network. The
path lengths calculated were paths of length 3 to 10. Negative values indicate the
number of negative feedback loops. Those rows that are highlighted in grey are nodes
that do not participate at all in any feedback. Again, here the only feedback loops that
are enumerated are those that originate and end with the same node. In general, as the
path length increases, so does the number of feedback loops. Many of the nodes tend
to go back and forth in their involvement in negative versus positive feedback loops.
As was discussed in the last section on the experimental rubric, these types of nodes
would likely need to be measured over time as their behavior will be time-dependent.
This might be an indication of why the literature data lack consensus. Since there is
no standard time when each experimental laboratory measures AB-induced signaling,
for these nodes that are involved in both negative and positive feedback loops, the

data could be inconsistent.
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In Table 4.3, is the same list of measured nodes, but listed along with the
number of in-, out- and total degrees. In-degrees are the incoming edges, whereas out-
degrees are the outgoing edges into and out of a particular node. The total degree
would then be the sum of the in- and out-degrees. This table is ranked by the in-
degrees because in-degree is most likely indicative of number of pathways that the
node is part of. The cAMP response element-binding (CREB) has the most incoming
edges at 14, while brain neurotrophic factor (BDNF), calpain, and Fas ligand (FASL)
has no incoming edges. The large number of incoming edges that CREB has would
indicate that CREB is involved in many pathways and may be modulated by a variety
of inputs. Therefore, the Linear Pathway Hypothesis would not be adequate enough to
describe CREB’s activity under experimental conditions. Alterations in any number
of pathways could give rise to an increase or decrease in CREB activity. As is evident
from Tables 4.1-4.3, most of the nodes in these experiments are not involved in a
simple linear pathway from some receptor and thus such an assumption could lead to
poor interpretation of experimental results, poor experimental reproducibility, or the

inability to discriminate between experimental results (non-consensus).
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Number of Feedback Loops of Path Length k

Measured nodes in experiments =3 m4 (k=5 | km6 | k=7 | k=8 | k=9 |[k=10
AA 1 0 0 2 -2 11 -7 -19
BDNF 0 0 0 0 0 0 0 0
BETACATENIN 0 0 0 0 0 0 0 0
CALCIUM -1 -1 6 -7 0 -25 5 73
CALPAIN 0 0 0 0 0 0 0 0
CASPASE3 2 1 1 4 5 20 28 -12
CASPASE7 0 0 0 0 0 0 0 0
CJUN 1 0 0] 1 0] 0 1 0
CREB 1 0 0 1 0 0 1 0
FASL 0 0 0 0 0 0 0 0
FYN 0 0 0 1 3 2 1 -11
GSK3 0 0 -1 -2 0 -8 -13 -39
JNK 0 0 0 0 0 0 0 0
MAPK 0 0 0] 1 -2 6 0 -8
P53 0 0 0 0 0 0 0 0
PAK 2 2 0 4 8 4 7 29
PIP2 1 2 2 3 13 20 36 -10
PKB 0 -1 0 -3 0 2 -18 -16
PKC 1 -2 5 -7 -5 10 -43 14
PKR 0 0 0 0 0 0 0 0
RAC 1 1 0 2 4 2 3 11
STEP 0 0 0 0 -2 2 2 7
TAU 0 0 0 0 0 0 0 0
TRKA 0 0 0 0 0 0 0 0

Table 4.2: Number of feedback loops per path length of nodes measured in literature-derived

experiments. In this table, these nodes were measured in the experiments listed in the references. For

each node, the number of feedback loops of path length k of which it is involved in the network is

listed. Negative signs represent the number of negative feedback loops because this network is

signed. The nodes highlighted in grey are those that are not involved in feedback loops at all. The

number of path lengths (k) shown here are 10. Path analysis was performed according to Section

4.2.2 and simulated in Matlab.

211




Measured nodes in experiments |In-degree |Out-degree| Total
CREB 14 5 19
TAU 10 0] 9

CALCIUM 8 19 27
BETACATENIN 7 2 9
PKB 7 6 13
FYN 6 6 12
PKC 6 36 42
CASPASE3 5 14 19
CJUN 5 2 7
GSK3 5 9 14
JNK 5 4 9
MAPK 5 15 20
CASPASE7 4 3 7
P53 4 0 4
PIP2 4 15 19
PAK 3 6 9
RAC 2 8 10
AA 1 1 2
PKR 1 3 4
STEP 1 2 3
TRKA 1 7 8
BDNF 0 1 1
CALPAIN 0] 6 6
FASL 0] 1 1

Table 4.3: Number of in-, out-, and total degrees for nodes measured in literature-

derived experiments. In this table, the number of incoming edges (in-degree), outgoing

edges (out-degree) and total degree is listed per node measured in literature-derived

experiments. This list is ranked from most incoming edges to least with the cAMP response

binding factor (CREB) having the greatest number of incoming edges (14) and brain-

derived neurotrophic factor (BDNF), CALPAIN and Fas ligand (FASL) having the least (0).

In-, out- and total degree were counted in Cytoscape[4].
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4.4 Conclusions

In our present work, we present a variety of reasons to begin formulating new
hypotheses for AB’s interactions with neurons based on the complex, interconnected,
non-linear behavior of a real intracellular network. Based on our study, we
demonstrated using network topological measures and features, as well as network
motifs, that a CA1 hippocampal neuronal signaling network is not comprised of a
series of non-interacting pathways, but rather comprised of hub proteins, receptor
trans-activated or inhibited pathways, cross-talk and many feedback mechanisms,
among other types of signal motifs. We also demonstrated that nodes that participate
and are adjacent to feedback mechanisms can exhibit non-linear dynamic behavior,
whereas nodes in a direct pathway from a receptor trans-activated pathway do not
necessarily display non-linear behavior. From this conclusion, we recommend an
experimental rubric based on feedback mechanisms and show that over half of the
nodes measured in current literature-derived data (Table 4.2) participate in a
feedback loop of some type; and that this may provide some indication as to
inconsistencies in experimental results coming from different laboratories. By taking
into account the context of interactions in which a particular node of interest
participates, experiments can be designed that are more consistent with the underlying

behavior of the system.
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4.5 Future Work

In this work, we were able to identify the behavior of network motifs that are
not consistent with a Linear Pathway Hypothesis. After testing some of the dynamic
properties of two types of motifs that are abundant in this CA1 hippocampal neuronal
network, we found that feedback mechanisms have a greater impact on the non-linear
dynamic behavior of individual proteins over receptor trans-activation. From this
analysis, we proposed an experimental rubric based on feedback mechanisms that
would allow the experimentalist to determine how to make measurements on a
particular protein based on what type of feedback mechanism in which it participates.
For future work, we propose another method for experimental design based on hub
proteins. According to Barabasi and Oltvat[7], real networks are very robust to
random removal of nodes; however, when only a few hub nodes are removed, the
network breaks down into isolated small clusters. This suggests that hub proteins are
integral to network function (structure => function paradigm of biology) and that
their high interconnectedness suggests that they are most often responding to
extracellular cues. Thus, another experimental design could involve measuring input-
hub response trends, which would consist of monitoring the behavior over time of

hub proteins given a certain cue, under normal conditions and in the presence of Af.

A hub protein could be defined as a highly connected protein in the network.
Referring back to Figure 4.1, where we are given a power law distribution of the
interactions in this network, a hub protein would be one of the proteins represented in

the tail of the distribution. The hub proteins for this network were listed in Section
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4.3.1. Using our Signal Flow Method, we show some input-hub response behavior in
Figures 4.16-4.23. The most highly connected hub protein in the network, PKA (47
total interactions), is shown in Figure 4.16. Four different inputs are activated and
signal propagation through PKA is observed. The AB-LTYPECA (Ca*" pathway)
input propagates a signal through PKA at the earliest step (discrete step 2) in
comparison to the other inputs. AB-MGLUR?7 (GPCR pathway) propagates a signal to
PKA at discrete step 4, while AB-EGFR (Receptor tyrosine kinase pathway) and Af-
Integrin (Integrin pathway) receive the signal after discrete step 5 and then the signal
appears to enter into a feedback mechanism. What is demonstrated here is that even
utilizing the Signal Flow Method to analyze the movement of a signal through this
network, it is evident that monitoring an input-hub response could yield potentially

discriminating trends depending upon the input.

In order to further demonstrate this idea, we used the Signal Flow Method
with the same inputs as was used for PKA on other hub proteins: PKC, Gg,,
Calmodulin, NMDAR/NMR, SRC, and CREB (Figures 4.16-4.23). We chose these
particular hubs because they have been measured previously in in vitro experiments
with AB[48]. Again, there are clear differences in the trends of signal propagation
through a particular hub node based on the input. In almost all of the cases, the Af-
LTYPECA has the earliest propagation of the initial signal (usually before step 4). All
of the other inputs tend to vary in how early the signal is propagated to the hub node.
By the end of the simulation, all of the hub nodes shown in Figures 4.16-4.23 begin

to enter into feedback mechanisms. This is relevant to the experimental rubric
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proposed in Figure 4.15 in that at longer time scale it may be that these two
experimental designs could be combined such that the input-hub response is
measured according to what type of feedback mechanisms in which it is expected to

participate (none, positive, negative, positive/negative).
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Figure 4.16: Signal through hub protein, Protein kinase A (PKA) given different inputs. The

Signal Flow Method (section 4.2.1) was used to follow signal propagation through PKA starting

from different inputs (AB-LTYPECA, AB-Integrin, AB-EGFR, and AB-MGLUR?7). Ap was the

initial node and a signal of 1 is passed through this node at the first discrete step. The curve in

each graph represents the signal at each discrete step taken through the network. Ten discrete steps

were simulated. Simulations were run and graphs were produced in Matlab.
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Figure 4.17: Signal through hub protein, Protein kinase C (PKC) given different inputs.

The Signal Flow Method (section 4.2.1) was used to follow signal propagation through PKC

starting from different inputs (AB-LTYPECA, AB-Integrin, AB-EGFR, and AB-MGLUR?7).

AP was the initial node and a signal of 1 is passed through this node at the first discrete step.

The curve in each graph represents the signal at each discrete step taken through the network.

Ten discrete steps were simulated. Simulations were run and graphs were produced in Matlab.
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Figure 4.18: Signal through hub protein, G protein By (Gg,) given different inputs. The
Signal Flow Method (section 4.2.1) was used to follow signal propagation through Gg, starting
from different inputs (AB-LTYPECA, AB-Integrin, AB-EGFR, and AB-MGLUR?7). AB was
the initial node and a signal of 1 is passed through this node at the first discrete step. The curve
in each graph represents the signal at each discrete step taken through the network. Ten discrete

steps were simulated. Simulations were run and graphs were produced in Matlab.
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Figure 4.19: Signal through hub protein, Calmodulin, given different inputs.

Calmodulin starting from different inputs (AB-LTYPECA, AB-Integrin, AB-EGFR, and
AB-MGLUR?7). AB was the initial node and a signal of 1 is passed through this node at the
first discrete step. The curve in each graph represents the signal at each discrete step taken

through the network. Ten discrete steps were simulated. Simulations were run and graphs

Signal

Signal

Calmodulin

were produced in Matlab.
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Signal Flow Method (section 4.2.1) was used to follow signal propagation through
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Figure 4.20: Signal through hub protein, N-methyl-D-aspartate receptor (NMDAR), given

different inputs. The Signal Flow Method (section 4.2.1) was used to follow signal propagation

through NMDAR starting from different inputs (AB-LTYPECA, AB-Integrin, AB-EGFR, and

AB-MGLUR?7). AB was the initial node and a signal of 1 is passed through this node at the first

discrete step. The curve in each graph represents the signal at each discrete step taken through the

network. Ten discrete steps were simulated. Simulations were run and graphs were produced in

Matlab.
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Figure 4.21: Signal through hub protein, proto-oncogene tyrosine-protein kinase (SRC)
given different inputs. The Signal Flow Method (section 4.2.1) was used to follow signal
propagation through SRC starting from different inputs (AB-LTYPECA, AB-Integrin, AB-
EGFR, and AB-MGLUR?7). AP was the initial node and a signal of 1 is passed through this
node at the first discrete step. The curve in each graph represents the signal at each discrete

step taken through the network. Ten discrete steps were simulated. Simulations were run and

graphs were produced in Matlab.
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Figure 4.22: Signal through hub protein, cyclic adenosine monophosphate response element-
binding (CREB) protein, given different inputs. The Signal Flow Method (section 4.2.1) was
used to follow signal propagation through CREB starting from different inputs (AB-LTYPECA,
AB-Integrin, AB-EGFR, and AB-MGLUR?7). AP was the initial node and a signal of 1 is passed
through this node at the first discrete step. The curve in each graph represents the signal at each
discrete step taken through the network. Ten discrete steps were simulated. Simulations were run

and graphs were produced in Matlab.
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Appendix 4A Reaction List

From Figure 8 in Yang et al, Non-receptor-tyrosine Kinases Integrate Fast
Glucocorticoid Signaling in Hipppocampal Neurons, J. Biol. Chem., 2013

Equations Reaction constants
1 CORT + GPCR €<-> GPCR* k1, k-1
2 GPCR* + Gj,, €2 Gio* + GPCR k2, k-2
3 Gio* + PKA € PKA* + Gy, k3, k-3
4 Gio* + PI3K €= PI3K * + Gy, k4, k-4
5 Gio* + PLC €= PLC* + Gy, k5, k-5
6 PKA* + PYK2* €= PYK2 + PKA k6, k-6
7 PI3K* + PKB €< - PI3K + PKB* k7, k-7
8 PLC* + PKC €< PKC* + PLC k8, k-8
9 PLC* + InsPR €< - InsPR* + PLC k9, k-9
10 InsPR* -> Ca2+ k10
11 Ca2+ + CaM € CaM* k11, k-11
12 CaM* + PKC €<-> PKC* + CaM k12, k-12
13 PKB* + PYK2* € PYK2 + PKB k13, k-13
14 PKA* + PYK2* € PYK2 + PKA k14, k-14
15 PYK2* + Rho €- Rho* + PYK2 k15, k-15
16 Rho* 2 Actin k16
17 PYK2* + Src €-> PYK2 + Src* k17, k-17
18 Src* + 2PYK2 €< - Src + 2PYK2* k18, k-18
19 Src* + Abl € Src + Abl* k19, k-19
20 Abl 2 Actin k20
21 Src + PSD95 € Src PSD95 k21,k-21
22 Abl + PSD95 €-> Abl PSD95 k22, k-22
23 Src* + NMDAR € - Src + NMDAR* k23, k-23
24 NMDAR* + CaMKII €-> NMDAR + k24, k-24
CaMKII*
25 CaMKII* + Raf €-> CaMKII + Raf* k25, k-25
26 Raf* + MEK €< - Raf + MEK* k26, k-26
27 MEK* + ERK €<-> ERK* + MEK k27, k-27
28 ERK* 2> mRNA k28
29 AB + NMDAR <—-> NMDAR* k29, k-29
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Appendix 4B List of Compounds

List of compounds

1 CORT

2 GPCR

3 GPCR*

4 Giso

5 Gin*

6 PKA

7 PKA*

8 PI3K

9 PI3K*

10 PLC

11 PLC*

12 PYK2

13 PYK2*
14 PKB

15 PKB*

16 InsPR

17 InsPR*
18 Ca2+

19 CaM

20 CaM*

21 PKC

22 PKC*

23 Rho

24 Rho*

25 Actin

26 Src

27 Src*

28 Abl

29 Abl*

30 Abl PSD95
31 Src PSD95
32 NMDAR
33 NMDAR*
34 CaMKII
35 CaMKII*
36 Raf

37 Raf*

38 MEK

235



39 MEK*
40 ERK
41 ERK*
42 mRNA
43 AB
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Appendix 4C Reaction Equations

Equations

d[GPCR] -k |6pPer’ |- kleperTcorr]+ k[, [oper’ |- k_,|G;,, [oper]

iﬂj k[GrerIcorT]-k.[oper’ vk J[G), Jopcr)-ka,,, lopcr’]

[ ] [ IGPCR A Gi,OIGPCR*]+ k3[Gi*/OIPKA]—k_3[PKA*IGl./O]

k[ IPI3K —k [P13K*IG,./O]+kS[G;OIPLC]—k_S[PLC*IG,./O]

[TJ - IGPCR*]- k. [G.* IGPCR]+ k_3[PKA*IG,./O]- ke [Gf/OIPKA]+

k [Pk G, ]-klc, [Pkl i e [6, - kG [PLc]

d[’; -k |pxa]G,,]-klc;, [PrAls k| Pra [PYER 2 |- K [PYR 2T PKA]
dpf* - |G, [PRAL- k[PKa’ G, ek [PYR2TPRA]- R [ PKA [PYEC]
d[PfK] klPisxc6,,)- k6, [Prake ko |prak: Tpks)-k o ks [prak]
: PZ)K* = k4[G;/oIPI3K]‘k—4[P]3K*IGi/o]+k—7[PKB*IP]3K]_k7[P[3K*IPKB
d[PLC]

- k_S[PLc*IG,.,O]- ks [PLCIG:: ]+ ke [PLC*IPKC]— k_g[PKC*IPLC]

+ ko[ PLC *] InsPR]- k_g[lnsPR* IPLC]

d|PLC”
dt
+k_ [JnsPR* IPLC]— ko[PLC *[InsPR]

=k [PLciGju ]— k_S[PLC*IGi,O]+ k_g[PKC*IPLC]— kg [PLC*IPKC]

d|PYK 2]
dt
— k_j|PYK2]PKB]+ kM[PKA*IPYKz*]— k_,|PYK2]PKA)+ K, [PYK 2*[Rho]

- k_lS[Rho* IPYK2]+ k17[PYK2*ISrc]— k_17[PYK2:[Src*]+ k_,[PYK2]PKA]
~klPrA" [PYKD )1 kR0 [PV 2] K [ PYE 2 [RRO]
+k_[PYK2]Sre]- K, 7[PYK2* ISrc]

+ kg * 2[PYK21Src* ]— kg * 2[[PYK2* ISrc]

~ k|Pxa’ [PyK 2’ |-k [PYK2TPKA] S Ay |PKB [PYE 2]
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A’%ﬂ = k_[PYK2][PKA]- kg [PKA* IPYK2*]+ k_[PYK2]PKB]- k13[PKB* IPYK2]

+k_ [PYK2][PKA]- kM[PKA*IPYKz* ]+ k_lS[Rho*:[PYKZ]— kys[PYK2*[Rho+ k_, 7[PYK21Src*:|— k|
sk Jpxa’ [Py |-k Jpvkalprals ky Py [Rio] -k R0’ [PYxca]

+ k17[PYK2* ISrc]- k_,[PYK2]Src]

s kg *2A[PYKY [Sre]- kg * 2 Pyr 2]

d[}; ch] -k yPxC’ [PLC]- k| PLC [PRC]+ o[ PRC [Cant]- i [cant” [P
air f;C* ~ k, [pL c IPKC]— k_g[PKC* IPL cl+ klz[CaM*IPKC]— k_lz[PKC* ICaM}
d[l; IfB I k_7[PI3KIPKB*]— k, [P]3K*IPKB]+ k, 3[PKB*LDYIQ]
— k_,j|PYK2]PKB]
dip gB i k7[PI3K*IPK ]- k_7[P13KIPKB*]+ k_|PKB]PYK2]
- k13[PYK21PKB*]
d[[’iTStPR] - k y|nsPR [PLC)- ky[PLC" [1nsPR]
QMQTMJ = ky [PL c' IInsPR] —k_ [lnsPR* IPL C]- k,o[InsPR]
d| (:;h = klo[lnsPR]+ k_, 1[CaM*]— k; ][Ca2+ ]:CaM]
d[C;ZM] =k 1[C61M*]‘ kll[caMIC"2+ ]"' klZ[CaM*IPKC]— k-IZ[PKC* ICQM]
d ij” o Tcam]ca® |- i Jcanr’ |+ ko Prc [canm]-kJcam [Prc]
d|Rho]_ ko|Rho’ [PYK 2]~k | PYE2 [RRO]
dr_
Q%J = kls[PYK2* IRho]— k., 5[Rho’“ IPYK2]— km[Rho*]
d [Sch

— & [Pyalsee |- ko [sre]pyia’ | kg <2 PYE2]sre |

dt
~ ks *2PYKY [Srcl+ kolsre [abi]- & [sre]anr ]
+k_y[Sre_ PSD95]- k, [Src] PSD95]+ k23[src* INMDAR]
~k_y[sre]nmDAR' ]
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15;7‘” — k[srelpya |-k [pyra]see | kg 2l PYia fsre]

kg *2APYK2]sre |+ kg[S abi |- klsre [ani]
+ k_y3|Src|NMDAR ]— k23[Src INMDAR]

d| bl |
dt
— kyo[ ABI[PSD95 |- kyo[ 4b1 ]

= k_lg[SrclAbl*]— klg[Src* IAbl]+ k_,,[Abl _PSD95]

d[NMDAR]
dt
~ ke [NMDAR]CaMKIr |+ koo [NMDAR' |- k[ 4BTNMDAR]

=k oa[Sre[NMDAR" |- ko [sre” [NMDAR ] ko [NMDAR” [Carrcar]

d[nmpar’]_ ks [Src* :[NMDAR]— k23[Src* INMDAR]+ k24[NMDAR* ICaMK[]]

— k_p[NMDAR|CaMKII |+ k,,| AB[NMDAR]- k_29|:NMDAR*]

d%ﬂ R

Abl

d[Actm]

=k o4b1]

d|Src_PSDYS" | _ ke [Src[PSD95 ]~ k_y,[Sre_ PSD95]

dt
djabl_Pspos’|_ kyo[ ABI]PSDO5 |- k_y,[ 41 PSDY5]

dt

d|CaMKII |

=k, [NmDaR]Camirar” |-k, [NmDAR" [Carxar]

+ k_zs[CaMKIIIRaf* ]— kzs[CaMKll ) IRaf]

dlcamtrir|_ ko [NMDAR [Canakar] -k, [NMDAR|camkar” |

+ kys [CaMKU* IRaf ko[ CaMKII IRaf ]

[flff] k_ys|CaMKII IRaf ] zs[CaMKH ' IRaf ]+ kZﬁ[Raf *IMEK]

- k—zé[Raf]:MEK]

dliz_f*J= kZSI:CCZZVIK][’k ]:Raf]— 25[CaMKII:[Raf*]+ k 26[RafIMEK]_k26[Raf* IMEK]

dMER]_

=k »o[Raf [MEK *]- k26[Raf IMEK +k27[MEK IERK] k 27[ERK*IMEK

ﬂAﬂLk%[R s IMEK) -k o [Raf TMEK ]+ & 27[ERK [MEK)- koo |k [ERK

d[ERK]
d

k27[ERK IMEK k27[M I

E

d|ERK"

i k27[MEK*IERK]— k_27[ERK *IMEK I- kzs[ERK }
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d|mRNA|

- b [er

dICORT]_ . IGper’]- k[corrTapcr]

dr
|COR

dt
%ﬂ - k_29[NMDAR*]- kyo| ABINMDAR]
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Appendix 4D Initial Conditions

AB (nM) Cortisterone (nM)
1 1
10 1
1 10
10 10

All other compounds were initiated at InM.
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Appendix 4E Nodes in CA1 Hippocampal Neuron Not Involved in

Feedback Loops
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Chapter 5: Conclusions and Future Work

5.1 Conclusions

“Grace builds on nature.” ~St. Thomas Aquinas

Alzheimer’s disease, being as complex as it is, certainly does not require that
AP be the sole and primary cause of disease progression. However, it is clear that Af3
does play an important role in AD, and may well act as a trigger for processes leading
to cognitive decline[1]. Therefore, understanding the mechanisms of Af’s early
action on neurons would be beneficial toward creating treatments that might cure or
attenuate disease progression. In the work presented in the chapters of this
dissertation, we worked to shed light on how to use computational modeling to
discriminate between hypotheses and improve experimental design toward AB-neuron

interaction discovery.

Starting with the hypotheses drawn from data produced by current
experimental designs (see Figure 5.1); we sought in Chapters 2 and 3 to develop
tools for hypothesis discrimination (Figure 5.2A). With respect to hypothesis
discrimination in Chapter 2, we developed a computational model neuron where
were a priori hypotheses could be tested with experimentally testable results under

three experimental conditions (Figure 5.2B). In the chapter, we tested two hypotheses
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and generated results thereof: the block of the fast-inactivating potassium channel and
the membrane conductance increase by AP. From our simulations, we were able to
observe distinct behavior of the model outputs for each mechanism. This would
therefore allow for distinguishing between these mechanisms under experimentally
testable conditions. In this way, we provide information on the types of
electrophysiology experiments that might further distinguish these two mechanisms.
Importantly, this methodology can be readily extended to other amyloid-neuron
interactions that involve an ion channel, ion-conducting receptor or membrane
mechanism. This type of comparative modeling had not been done previously in the

field with respect to generating hypotheses of AB-neuron interactions.
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Hypothesis
correct

e | )
Knowledge

Hypothesis not
correct

Figure 5.1: Flow chart of general experimental design. Given a set a prior knowledge in the field
about the experimental system (white box), a hypothesis is formed. Experiments are designed based
on this hypothesis in which the hypothesis of the experiment is proven either correct or incorrect. If
proven correct by the particular set of experiments, the results of the experiments can be used to draw
new conclusions about the system. If proven incorrect, then the hypothesis is revised, and experiment

performed again. This loop continues until a hypothesis is proven correct.
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In Chapter 3, our goal, as in Chapter 2, was to discriminate between
hypotheses of AB-neuron interactions. In this case, we wanted to integrate literature-
derived data and identify AB-neuron interactions through hypothesis discrimination
(Figure 5.3). The premise behind our work was that intracellular signaling is
complex, involving multiple intersecting pathways; therefore, a model that can
discriminate between hypotheses of AB-induced signaling must include this complex.
By starting with such a complex signaling model, we would be able to infer the
correct set of AP-neuron interactions by comparing available literature data against
model predictions and assessing the goodness-of-fit to the data. We made use of a
reverse engineering algorithm, CelINOptR[2], which had never been used on a
signaling network of the size and complexity as the one that we used[3]. The results
of simulations were such that we were unable to identify a set of APB-neuron
interactions that produce signals through the network that explains the data. From our
investigation of the algorithm’s results, we concluded that the dataset collected from
the literature is not self-consistent. Here we will discuss a possible rationale for this

lack of self-consistency in the data.

A typical experimental program usually includes a formulation of the
hypothesis, testing the hypothesis via experimentation, and then interpretation of
whether or not the hypothesis is correct. If it is incorrect, the hypothesis may be
revised in light of new knowledge gained from the experiment (Figure 5.1).
However, hypotheses come from a body of prior knowledge about the system. If

revising this prior knowledge is not a part of the experimental feedback loop, then it
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is possible that even revising the hypothesis will not give more consistent results
(Figure 5.2A). This is a likely possibility for the lack of consensus on the
mechanisms of AB-neuron interactions in current experimental literature. In Chapter
3, we explored, computationally, integration of a more complex network
representation of intracellular signaling with literature-derived experimental data
(Figure 5.3). By testing various hypotheses proposed in the literature for AB-neuron
interactions, we attempted to discriminate between multiple hypotheses, a posteriori.
However, by using the ‘pseudo-control’ of scrambled datasets and observing that
CelINOptR consistently found better solutions on scrambled datasets than with the
real dataset meant that the data that had been collected in the literature was not self-
consistent. We propose that this is because the ‘experimental prior knowledge’ of the
system used to formulate these hypotheses is limited and that the ‘experimental prior
knowledge’ ought to be revised to reflect the complexity of the signaling network.

We discussed this further in Chapter 4.
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Figure 5.2: Flow charts of experimental design using the general approach and with a
discriminatory step (Chapter 2). (A) Here, a linear pathway assumption (white box) is taken for prior
knowledge of AB-neuron interactions and their subsequent effects on neuronal signaling. From this
assumption, any number of hypotheses can be formed that correspond with a linear pathway
assumption for AB-induced signaling. Next, each hypothesis is tested via experimentation according to
the steps of the general experimental design approach described in Figure 5.1. If the results of each
experiment, or even some experiments, are proven correct for that experimental preparation, then there
exists a series of experimental results that are “correct”, but may not shed new light on the system, nor
provide a consensus result. And in the same way as in Figure 5.1, when hypotheses are proven
incorrect, they are revised, but not necessarily taking into account the results of the other experiments.
The question is: which hypothesis do we accept? (B) Here, we have a similar schematic as in A, but
with a discriminatory step (grey box). This step, in this case, consists of the neuronal electrophysiology
model from Chapter 2. Using this neuronal electrophysiology model as a discriminatory step allows
for testing multiple hypotheses and determining which one, under experimentally testable conditions,
best explains the experimental data. If no hypothesis fits, then a feedback to the prior knowledge

(linear pathway assumption) might indicate a need to adjust the basic assumptions about the system.

In Chapter 4, we provided a rationale for rejecting a linear pathway
hypothesis for investigating AB-neuron interactions in favor of a more complex
network representation (Figure 5.4). By performing network analysis on the CAl
hippocampal network, we were able to determine that this network is not comprised
of a series of non-interacting pathways, but instead comprised of hub proteins,
receptor trans-activated or inhibited pathways, cross-talk and feedback mechanisms.
The ‘one disease/one pathway’ paradigm[4] produces an oversimplified
‘experimental prior knowledge’, which does not allow for adequate probing of the

complex, underlying system. From our network analysis and kinetic modeling, we
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identified motifs in which many of the proteins in the CAl hippocampal neuron
participate and examined their dynamic behavior. Based on this examination of
dynamic behavior, we observed that feedback mechanisms exhibit non-linear
dynamic behavior for both nodes participating in the feedback loop and those
adjacent to the loop. We made recommendations for experiments based on a rubric
for feedback mechanisms in the network. We also showed that over half of the
proteins measured in our literature-derived dataset participate in a feedback
mechanism. We believe this may be an explanation for the lack of self-consistency of
the dataset, which was observed in Chapter 3. In order to use a Boolean modeling
approach to represent a complex network with multiple feedback and feedforward
control mechanisms, the data used to discriminate behavior must be selected outside
of these loops. Alternatively, dynamic modeling approaches would have to be used;
however, given the size of the network and the paucity of experimental parameters
that adequately describe the kinetics of the signaling reactions, the ability to construct
accurate dynamic models of the entire neuronal signaling network is impossible at

this time.
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Figure 5.3: Flow chart of discriminatory step for discriminating between various hypotheses of Ap-
neuron interactions using a signaling network model (Chapter 3). In this flow chart, literature-derived
experimental data and hypotheses for AB-neuron interactions are taken as inputs into a signaling network
model. This is done according to the methods prescribed in Chapter 3 of this dissertation. By using a
signaling network model on signaling data, given hypothesis of AB-neuron interaction, the hypothesis that
produces the best fit to the data would, ideally, be determined. In this way, this type of model acts as a

discriminatory step.
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In conclusion, the search for a cure or a disease-ameliorating treatment for AD
presses on. From the formulation of the Amyloid Cascade Hypothesis in 1992[5],
there have been numerous experiments performed in order to understand AB’s action
on neurons and its role in AD progression. From this hypothesis, multiple
therapeutics have been designed to target AP and prevent the accumulation of fibrils
and plaques; yet, these therapeutics have failed clinical trials[1, 4]. At last, after
nearly thirty years of research, there is no consensus on the mechanisms underlying
AP’s role in AD progression, or its mechanisms of neurotoxicity. Many researchers
are now proposing that the Amyloid Cascade Hypothesis be abandoned because of
the failure of clinical trials and the failure to demonstrate the link between AP plaque
burden and cognitive decline[1, 6-9]. Though their arguments are compelling, the
burden is still on these researchers to come up with another viable hypothesis, which
can still explain AB’s neurotoxicity and the dependence of other features of AD, such
as the hyper-phosphorylation of tau, on the presence of AB[10]. We suggest, instead,
a two-fold computational approach to aid in the design of experiments. First, we have
developed two computational tools, an electrophysiological neuronal model and an
intracellular signaling model for discriminating between hypotheses for AB-neuron
interactions, under experimentally testable conditions or utilizing existing
experimental data. Second, by using network analysis to characterize and define
network motifs present in a CA1 hippocampal network in terms of individual nodes,
and in comparison to literature-derived data, we propose that experimental design

move away from a linear pathway hypothesis (Figure 5.2) to a more complex
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intracellular network, and to take this as a new ‘experimental prior knowledge’
(Figure 5.4). In this way, experimental hypotheses will take into account the actual
underlying system; the measured component can be measured in a way consistent
with its cellular context, and there can be greater control over experimental variables.
Along with this, standardizations in experimental preparations, such as the use of the
same AP species and aggregation states, measurement time point, and concentration,
would also aid in bring consensus to a long-standing problem in AD research, which

has hindered progress toward an adequate treatment for this disease.
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Figure 5.4: Flow chart of integrated methodology for experimentation and hypothesis

discrimination. In Chapter 4, we justify a departure from a linear pathway assumption (Figure 5.2B) to
a signaling network as prior knowledge (white box) for experimental design. Experiments are designed
taking into account the cellular context of each protein to be part of the experiment. The signaling
network model (Figure 5.3) is used as a discriminatory step (grey box) where experimental results are
compared against N hypotheses for AP-neuron interactions. Again, as in Figure 5.3, ideally the
hypothesis with the best fit to the data would be identified. If not, then the prior knowledge about the

system could be revised.
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5.2 Future Work

Much of what has been stated about the future work for this dissertation has
been stated in the chapters, and so the details will not be reiterated here. Instead, we
will present an outline of possible future work and the rationale behind this work. It is
worthwhile to keep moving on toward understanding AB’s mechanism of action on
neurons from an intracellular signaling perspective. In this way, once pathways are
known, more experimentation to identify the kinetics of the system (and especially
the parameters) can be done so that a kinetic model of the system can be developed.
Then, the electrophysiological model in Chapter 2 could be combined with such a
kinetic model of AB-induced signaling in order to integrate the dynamics at the cell

surface with the dynamics of changes in intracellular signaling.

In order to improve on the work toward inferring AB-neuron interactions from
intracellular signaling data (pending that data is self-consistent), we also need to
know what is the minimum dataset required to identify a network topology using a
reverse-engineering algorithm such as CelINOptR. In Chapter 3, we described some
preliminary work done in collaboration with the Erill lab in UMBC Biological
Science Department to create a Bayesian algorithm to estimate the probability of
finding a hypothetical network that is consistent with the experimental data given a
partial dataset. Debugging and testing of this algorithm on a real experimental dataset

and the CA1 hippocampal network would be needed in order to continue this work.
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In Chapter 4, we proposed an experimental rubric based on feedback
mechanisms that exist in the CA1 hippocampal network. By utilizing this rubric, an
experimentalist, desiring to observe the effects of Af on a particular protein in a
particular pathway would have more contextual knowledge of network motifs that
might affect the dynamic behavior of the protein, such as feedback. However, there
are other experimental designs that could be modeled using network analysis, and in
particular the Signal Flow Method, of Chapter 4. One such design suggested was an
input-hub protein response. Because these hub proteins are structurally highly
connected in networks, it is likely that their response most often correspond to the
dynamics of input signaling. Thus, monitoring these input-hub response trends could
provide another experimental design with which the experimentalist can infer Ap-
neuron interactions. Using our Signal Flow Method, we can simulate trends for input-
hub protein responses that the experimentalist might expect when monitoring these
responses. In order to continue this work, it would be necessary to define all of the
hub proteins in the network, and then simulate all input-hub response trends, similar

to those shown in Figures 4.12-4.18 in Chapter 4.
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Appendix

Location on computer for files related to each chapters in this dissertation

Computer located in Castellanos’s lab (Room 335A)
Dell Precision T5500; Product key: BF4GB-93XGW-CQGQB-28GD4-W27QR
Username: NatashaWilson
Password: w@ashington
Chapter 1
C:\Users\Natasha Workstation\Desktop\Prophetic Project\lt is time to
graduate Natasha\Papers\Chapter 1
Chapter 2
Literature and journal article preparations
C:\Users\Natasha Workstation\Desktop\Papers and Writing
Computational model
C:\Users\Natasha Workstation\Desktop\Oral Qualifiers Fall 2011\Neuron
model

Chapter 3

C:\Users\Natasha Workstation\Desktop\Prophetic Project\Computational
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Chapter 4

Signal Flow Method
C:\Users\Natasha Workstation\Desktop\Prophetic
Project\Computational\Paper 1

Small Kinetic Model
C:\Users\Natasha Workstation\Desktop\Prophetic
Project\Computational\Paper 1\Small kinetic model

Chapter 5
C:\Users\Natasha Workstation\Desktop\Prophetic Project\lt is time to

graduate Natasha\Papers\Chapter 5

Other information:

Proposal

C:\Users\Natasha Workstation\Desktop\Prophetic Project\Proposal

Experimental protocol

Calcium fluorescence and viability assays
C:\Users\Natasha Workstation\Desktop\Oral Qualifiers Fall
2011\Experiments

PKC fluorescence probe

C:\Users\Natasha Workstation\Desktop\Prophetic Project\Experiments

Undergraduate student work
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C:\Users\Natasha Workstation\Desktop\Prophetic Project\Undergraduate

Projects

John Hopkins Cancer project

C:\Users\Natasha Workstation\Desktop\Prophetic Project\Cancer Project
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