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Abstract
Experiments used to characterize altered electrical and molecular properties of neurons in Aβ are laborious and may fail to detect variability and
multifaceted differences in and across populations of neurons. We present
techniques of data assimilation together with a data mining approach to
investigate pathology in the 3xTg mouse model of Alzheimer’s disease
combining both amyloidopathy and tauopathy. We find differences in individual intrinsic excitability and use our biophysically tuned models to
propose mechanisms underlying these differences. The scientific contribution is primarily methodological, as we presently wish only to show a
proof of principle of the methods. We set a foundation to extend the
methods towards investigating alterations in Ca2+ dynamics and medical
applications.
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Introduction

While the etiology of Alzheimer’s disease (AD) is unknown, the production of
beta-amyloid peptides (Aβ) [13] and disruption of Ca2+ signaling [21, 36] in the
brain are involved. Histopathological features of AD, including amyloid and tau
pathology, interact with the calcium signaling dysregulations in a vicious spiral
[39, 37].
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What is now lacking in the understanding of neuropathology are the links
between underlying causes at the molecular, single cell, and circuits level of
the disease and the behavioral symptoms. Computational modeling offers the
potential to link across the different levels of genes and drugs, synapses and
neurons, and cognition and behavior to provide a unified, testable basis for
formulating therapeutic strategies [11, 10, 4, 24, 26, 49].
Mathematical models have been applied to the study of Aβ related excitability changes [10, 26, 49]. Biophysical neuron models such as conductance based
Hodgkin Huxley (HH) type models contain interpretable and biologically meaningful parameters capable of reproducing experimentally observed membrane
dynamics. Such models thus provide a framework in which to identify changes
in biophysical properties of diseased cells in a manner that elicits targets for
potential therapeutic intervention.
Neurophysiological studies often focus on how AD pathology disturbs synaptic function [6, 8, 18, 32, 33, 34, 48]. More recently, alterations in intrinsic
neuronal properties have been examined [4, 12, 23, 5, 10, 40, 41, 14, 17, 45, 31]
We wish to identify quantitative changes in the detailed electrical membrane
dynamics between wild type and diseased cells where the latter have been genetically modified, in mice, to produce analogs to human Alzheimer’s responses.
These 3xTg-AD mice express mutant presenilin (PS1), Aβ precursor protein
(APP), and tau, and develop both plaques and tangles in an age and region
dependent manner [27, 28]. The goal is to further develop HH like models of
cortical cells implicated in Alzheimer’s disease and to inform the use of well
designed experiments which will quantify changes, including intracellular Ca2+
dynamics of these cells. Models will incorporate enough biological realism to
be useful tools in the neuropharmacological process of drug design, such as by
prescreening a number of compounds for bench testing in the laboratory. An
example would include using the estimated models as a readout for alterations
in Ca2+ dynamics and molecular signaling pathways, an area that has been
identified as a target mechanism where the initial stages of Alzheimer’s can be
tracked and where further degeneration of 3xTg cellular behavior can be potentially identified and treated [7]. The present work investigates alterations in
neuronal intrinsic excitability, and sets foundations which can be used to attend
to alterations of Ca2+ dynamics in future work.
We have previously developed methods of statistical data assimilation which
have been successful in incorporating information in complex chaotic and neural
systems, from incomplete data sets [43, 20, 1, 19, 22, 47, 46, 15, 25].
Other methods of parameter fitting in neuron systems include hand-tuning
[35], parameter space exploration [3, 29, 30], gradient descent [3], and evolutionary algorithms [42, 16, 2]. These methods have yielded the estimation of many
states and parameters as well, but with one or more of the following limitations
[9]:
• parameter identifiability issues are not addressed
• the parameters must be heavily constrained, reflecting unlikely prior knowledge
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• only parameters which enter the model linearly can be accurately estimated
• make adequate “best fits” but fail to predict
The first and last are crucial shortcomings - work in single neuron modeling
often does not raise the issue about the uniqueness of estimated parameters [9],
nor does it often consider the subjectivity of a good fit. Hand tuning is highly
subjective, and even if a ‘good’ parameter set can be found, it is never certain
if there is a better one that has not been discovered. Methods incorporating a
heuristic metric of error, including parameter space exploration and evolutionary
algorithms, may miss best parameter sets and have poor predictive power.
The approach advanced here directly addresses the issue of testable model
fitting in neural systems. Previously [43, 20, 19, 22, 15, 25], it has demonstrated
success in estimating all of the parameters in HH conductance models, including those that enter nonlinearly such as the gating kinetics describing the ion
currents. They have also been shown capable of predicting precise waveform
information of the voltage of a neuron evolving in time according to a novel
stimulating current.

2
2.1

Methods
CA1 Neuron Model

One of the limitations of minimizing a smooth loss function is the danger of
getting stuck in local minima. This tends to yield a number of different parameter sets which produce fit the data well and have good predictive power. A
more complex model including more ionic currents would have the advantage of
incorporating some elements of biological realism. However, we are interested
in finding alterations in parameters and features which can be used to distinguish populations of neurons in a biophysical context, so we must take into
consideration this parameter identification problem.
We subjected different neuron models, some including Ca2+ dynamics, to
our methods of parameter estimation. Although we wish to identify alterations
in Ca2+ dynamics in 3xTg cells, these models encountered substantial parameter identifiability obstacles that remain to be overcome. Instead, we settled
with a basic HH model, as it is a biophysically realistic model which provides
a simplified arena in which to cope with obstacles of parameter identifiability. The basic HH model did better at reproducing many features of the data
without the parameter identification issues of more complicated models. This
will set a foundation for future refinements including calcium and calcium activated potassium currents in the model, which are able to address investigating
alterations in calcium dynamics.
In our experiments collecting voltage data, we use a current clamp setup,
where voltage traces are measured with a known injected current. Intuitively,
one example of parameter unidentifiability is that different depolarizing and
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repolarizing currents can contribute to the opening and closing of ion channels
underlying voltage response to injected current. Using only measured voltage, it
is difficult to determine what the relative contributions of different ionic currents
are to characteristics of features of the voltage waveform.
Our CA1 neuron model is thus a basic Hodgkin-Huxley (HH) neuron with
only sodium (IN a ), potassium (IK ), and leak (IL ) currents:

Cm

dV (t)
= gN a m(t)3 h(t)(EN a − V (t)) + gK n(t)4 (EK − V (t))
dt
+ gL (EL − V (t)) + Iinjected (t)

x∞ (V ) − x(t)
dx(t)
=
dt
τx (V )
V − θx
x∞ (V ) = 0.5(1 + tanh(
))
σx
V − θx
τx (V ) = tx0 + tx1 (1 − tanh2 (
))
σxt

(1)

(2)

Here V (t) is the membrane voltage, Cm is the membrane capacitance, and
Iinjected (t) is a known stimulating current injected into the neuron in a current
clamp setup. gi and Ei denote the maximum conductance and reversal potential
for current i, respectively.
The equations for x are a shorthand for the kinetics of the gating variables m,
h, and n. x∞ (V ) is the voltage dependent steady state activation which depends
on θx , the voltage at half activation, and σx , the width of this activation. τx (V )
is the voltage dependent relaxation time, describing the rate that the gating
variables change to their steady state values.
Errors in the descriptions of the dynamics of these channels in HH models and noisy measurements contribute to the parameter identifiability problem.
We show, using our data assimilation algorithm described in section 2.2, that we
can find sets of parameters in a basic HH model capable of reproducing nearly
exactly the shape of the waveform of our recorded data. Correctly predicted features include the shape of the action potential waveform, afterhyperpolarization
effects, refractory periods, spike timing, and subthreshold variations. Examples
of predictions are displayed in Figure 1.
Our strategy here is to estimate ensembles of models and look for similarities
and differences in patterns in these ensembles across distinct populations of
neurons. Since there are many sets of model parameters which are compatible
with the observed data, we do not attempt to pinpoint a unique ‘correct set’
of model parameters. Each set of model parameters possessing good predictive
power is assumed to be as good as any other set. We do retain some element of
subjectivity in that estimated models are said to be compatible with the data
when predictions, generated by integrating the model beyond the estimation,
are judged to match the subthreshold voltage variations and spike timing. This
subjective evaluation was generally easy as matches to the data were either very
good or very poor.
5

This validation procedure is easily scalable as the process was automated by
checking the value of a number of features at the end of the data assimilation
procedure, including the use of a spike sorting algorithm which checked whether
the prediction contained action potentials with a duration within a biologically
realistic range (no more than several ms) and whether the value of the objective
function, defined in section 2.2, was smaller than a cutoff value. The cutoff value
was easily determined as the objective function tended to take either large or
small values which corresponded to very poor or very good fits, respectively.

2.2

Methods of Data Assimilation

Data assimilation refers to analytical and numerical procedures in which measurements and models are combined to infer knowledge about a system which is
not available in the measurements alone. Information in measurements is transferred to model dynamical equations selected to describe the processes thought
to produce the data. The problem is typically formulated as follows. We formulate a model describing the system with state variables x defined at times
t0 , t1 , ..., tT , and we seek to infer the model state variables at the end of the
estimation window x(tT ) and the unknown model parameters p.
One of the difficulties commonly encountered in data assimilation arises from
the fact that systems in the real world almost always contain processes that the
modeler is ignorant about or cannot represent. Another difficulty comes from
the fact that measurements are noisy, which limits the ability to infer properties
of systems even in the presence of perfect models. Estimating properties of the
dynamics of systems which are nonlinear, such as neurons, only compounds
these problems. Previously, we have developed methods of data assimilation
capable of dealing with gaussian measurement noise when the neural system
under study is perfectly described by a basic HH model [43, 20, 19, 15]. As our
focus here is on data from real neurons, we cannot hope to have a perfect model,
but past studies provide a firm basis on which to build our understanding here.
We have applied a variational approach which has been used successfully
for estimating models of neurons, using data from neurons in region hvc of
the avian song system, in [22, 25] and remains a reliable choice in complex
or simpler models, including our basic HH model of CA1 neurons here. A
critical concern in variational approaches to nonlinear dynamical systems is
that the familiar least-squares objective function may give an irregular search
surface with many local minima. We addressed this problem here by including
a balanced synchronization term, u(t)(Vdata (t) − V (t)), in the model dynamics,
which regularizes and minimizes the influence of local minima by ensuring that
the solution set defines a model that is capable of synchronizing with the data.
The objective function includes a penalty for this regularization and is taken as
T
X

(Vdata (t) − V (t))2 + u(t)2

(3)

t=1

where Vdata (t) is the measured voltage, V (t) is the voltage output from the
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model, and T is the number of discretely sampled time points in the estimation
window. u(t) describes the magnitude of the synchronization term.
The neuron model that we investigated is not known to be chaotic for the biophysical range of our parameters, but it is nonlinear, and in the high-dimensional
search space, there may well exist chaotic regions that must be explored by the
optimization routine, and these will benefit from this regularization. If a solution to the model can be found that is consistent with the data, the value for
the control parameter u(t) should become small relative to the model dynamics
at the end of the optimization. The quality of the model was tested by setting
u(t) to zero and integrating the model forward from the end of the assimilation
period using the estimated parameter and state values.
The implementation of the data assimilation algorithm was accomplished
through the use of the open source software package IPOPT (Interior Point
OPTimizer) with the linear solver ma57 [44].

2.3

Detecting Altered Features and Mechanisms

We are interested in identifying features of membrane electrical behavior in our
neuron models which are different between two strains, 3xTg and nonTg. Using
the estimated models, the number of features was expanded from the set of 20
estimated parameters in the models to include approximately 100 total features.
The predictions, obtained by integrating the model forward past the end of
the estimation window, are the red traces such as those shown in Figure 1.
We trained random and regression forest models using the features and model
parameters to predict labels of interest, including the known type of each neuron
(3xTg or nonTg), threshold voltage, spike half-width, and other features. We
used the feature importance attribute of the trained models to determine the
relative importance of each feature in predicting the value of each label.
We also calculated kernel density functions over the data points in three dimensional subspaces of the 100 dimensional feature space. We used these density
functions to estimate the overlap of three dimensional probability distributions
describing the 3xTg and nonTg neurons. Feature importances significantly reduce the number of feature subspaces to examine when searching for differences
between the two populations.
We have used regression forests to detect predictors of altered features between 3xTg and nonTg strains. These can include model parameters and other
features. An example includes discovering other features and model properties predicting intrinsic excitability. Threshold voltage and the rheobase are
examples of features quantifying intrinsic excitability. By finding predictors of
quantities such as these, we are able to propose mechanisms causing the observed
differences in the two populations of neurons. We also computed correlations
among these model parameters and features, though in some cases relationships
are nonlinear.
It may be that features detected to be altered differ only between subsets of
3xTg and nonTg. In this case, if two features A and B are found to be altered,
it may be that A is altered in some neurons while B is unaltered in a other
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neurons. Then, in some neurons, feature B may be altered, while A is unaltered
in others. A decision tree may reveal this kind of structure, while a table of
variable importances will not. For clarity and simplicity of the presentation, we
do not include decision trees, but mention in passing that splits along different
features descending down the decision tree supported this notion.
In our set of recordings, an epoch is defined as each instance in which recordings are obtained from a neuron by eliciting a response with a stimulating current. Each epoch usually involves the neuron being stimulated with a new
injected current.
Using our methods of data assimilation, we estimated model parameters for
56 epochs from 5 3xTg and 6 nonTg neurons. For each data set, we initialized our data assimilation search procedure with 500 distinct sets of parameters
sampling each parameter from a uniform distribution defined between the parameter bounds. At the end of search procedure, many of these parameter value
initializations did not result in an estimated model which passed the validation
tests described in section 2.1. These were not included in the processed data
set used to draw inferences about differences between 3xTg and nonTg neuron
populations.
In order to balance out the contribution from each neuron and class in the
data, we sampled with replacement from the pool of estimated parameter sets
so that each neuron contributed an equal number of samples to its respective
class. Finally, we ensured that the 3xTg and nonTg pools had equal size.

3
3.1

Results
Estimating Ensembles of Model Parameters

Much of the power of the analysis presented here derives from the data assimilation procedure described in section 2.2 and elsewhere. When integrated
forward, the estimated model parameter values accurately predict spike timing,
subthreshold variation, afterhyperpolarization, spike amplitude and other features within the range of biological trial by trial variability. This even holds true
with a basic HH model with only the usual IN a and IK currents, despite missing
many other currents which are present. An exemplar of this data assimilation
protocol on the data set is displayed in Figure 1. The model fit and prediction of
Figure 1 is among the best, though not by much. The technical difficulty of estimating the many parameters of even a basic HH model is challenging because
many of the parameters enter the equations of motion nonlinearily. Although
the model fits and predictions such as Figure 1 are often judged subjectively to
be quite good, they are not perfect and make mistakes in the prediction.
We do not find that all 3xTg models can be cleanly separated from nonTg.
The differences between estimated parameter sets in the two classes may sometimes be subtle or nonexistent. This could reflect the fact that 3xTg and NonTg
do not always have strikingly different electrophysiological behavior, or it may
be due to present limitations of the model and the fitting procedure. Because
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Figure 1: Estimated voltage (blue), stimulating current (purple), data (bold
black), and prediction (red), obtained by integrating the estimated model forward in time, shown for a 3xTg neuron. The stimulating current waveform used
in the data assimilation procedures is a combination of a pseudo-noisy current
and the output of a chaotic model. The pseudo-noisy current was created by
uniformly sampling current values about every 20 ms and linearly interpolating
in between. The chaotic current waveform is the output from the Lorenz63
model used as a stimulating current.
only 11 neurons were analyzed, some of the differences found may be spurious
due to the low sample size. These include some of the passive membrane properties, as discussed in section 3.2.1. Still, in some aspects, clear differences in
the neural dynamics do emerge.

3.2
3.2.1

Identifying Differences Between 3xTg and nonTg Neurons
Random Forest Analysis

Figure 2 shows the separation achieved in a subspace including τmem = Cm /gL ,
gL , and Cm . Among the full set of features tested for differentiating classes
of neurons, this and other subspaces including these features are excellent at
distinguishing between the two populations as measured by variable importance
calculated from the trained random forest classifier. However, the boundary
that one can draw between the NonTg and 3xTg strains in subspaces including
these features is very complicated. A complicated separating subspace between
the two strains may simply be the result of the fact that the number of neurons
analyzed is not very large. Therefore, we hesitate to draw any conclusions about
whether this separation is biologically significant.
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Features Predicting Strain
Rheobase (pA/pF)
Threshold Voltage (mV)

Var Imp
0.122
0.070

Centroid Difference
-1.648
-6.301

Table 1: Features predicting neuron strain (3xTg or NonTg) are calculated using
the variable importance from a random forest classifier.
Params Predicting Strain
IDC (pA/pF)
EL (mV)
σh (mV)
θm (mV)
σht (mV)

Var Imp
0.134
0.117
0.096
0.087
0.058

Centroid Difference
0.954
-1.322
10.672
-3.701
4.535

Table 2: Model parameters predicting neuron strain.
Cm , gL , and τmem are therefore excluded from the calculation of variable
importances in Table 1. Rheobase, threshold voltage, IDC , and features measuring excitability and properties of IN a and IK during action potentials are
the most important distinguishing characteristics. Rheobase is defined as the
lowest value at which a sustained step current first causes an action potential.
The voltage at which this occurs is the threshold voltage. IDC = gL EL is a DC
current which describes passive membrane properties of the neuron.
The time derivative of the ionic currents were calculated at the threshold
voltage during an action potential, denoted I˙N a (Vthres ). There are two times at
which the voltage passes through the threshold value, one during the upstroke,
and one during the downstroke. There was a pattern detected of altered values
between the two strains in the time derivaties of IN a and IK at threshold voltage. However, the magnitudes of IN a , IK , and their time derivatives were not
found to be altered. It is not clear why I˙N a (Vthres ) and I˙K (Vthres ) are effective
predictors of neuron strain, but altered Vthres may partly account for this.
IDC is associated with a measure of excitability distinct from, though sometimes related to, reduced threshold voltage or rheobase. In the model, increasing
EL increases IDC , which can counteract repolarizing currents such as IK during
trains of action potentials and reduce depolarizing currents needed to generate
an action potential. Larger IDC does not consistently predict decreased threshold voltage and current in the set of estimated models. Instead, IDC may be
related to these values in more complicated ways. In some cases, increased IDC
is increased as a compensatory mechanism to retain a similar threshold voltage
when properties of IK and IN a are altered. Still, in Table 4, increased IDC does
have an overall weak negative correlation with rheobase. A similar explanatory
principle may account for why other features effectively predicting the value of
a given feature in a regression tree structure show only weak correlations in
Tables 3 and 4.
Alterations in the kinetic properties of IN a and IK in the two strains of
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Figure 2: The (Cm , τmem = Cm /gL , EL ) subspace gives one of the best separations between the two classes, consistent with the calculated variable importances, but the separation is complex and does not have a clear interpretation.
3xTg estimated values plotted in red, nonTg cells in blue. Other subspaces,
such as those of Figures 3 and 4, give separations of 3xTg and nonTg values
which are simpler with attendant mechanistic interpretations.
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Figure 3: Using the eigenvectors and eigenvalues of the feature correlation matrix, we find that θm and σm are modestly collinear. In two dimensions the
separation between the two classes of neurons becomes stronger than in the
case of either of θm or σm individually.
neurons were also detected. Altered parameters are listed in Table 2. The regression forest models of Tables 3 and 4 show that θm , θh , and σh are important
predictors of threshold voltage and rheobase. These are features which are different between neuron strains in the random forest model of Table 1. The two
random forest models predicting strain then complement each other, with the
regression forest models predicting rheobase and threshold voltage helping to
provide a coherent picture of the altered mechanisms underlying these observed
differences.
In the (θm , σm ) subspace, shown in Figure 3, a separation between 3xTg
and nonTg cells is apparent and provides evidence that altered kinetics in IN a
results in a lower threshold voltage in 3xTg. In fact, θm and σm are found to
be modestly collinear from an analysis of eigenvalues and eigenvectors of the
feature correlation matrix. Therapeutic remedies could be screened in one way
by checking for whether they can shift the value of θm and/or σm in 3xTg cells
into the nonTg regime of Figure 3.
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All Params Predicting Threshold Voltage
θm (mV)
τmem (ms)
σh (mV)

Var Imp
0.208
0.127
0.081

Correlation
0.392
-0.320
-0.363

Table 3: Feature importances for threshold voltage using only the model parameters as predictors.
All Params Predicting Rheobase
θh (mV)
τmem (ms)
IDC (pA/pF)
gN a (nS)
θm (mV)

Var Imp
0.154
0.111
0.098
0.077
0.063

Correlation
0.183
-0.283
-0.146
-0.295
0.224

Table 4: Feature importances for rheobase using only model parameters. IDC is
itself a current and τmem describes the extent to which the membrane smoothes
excitatory currents.
3.2.2

Strain Probability Distribution Overlap

We calculated Gaussian kernel density estimates (KDEs) of the probability distributions over three and four dimensional feature subspaces, grouped by strain.
Subspaces achieving the best separation were consistent with highly predictive
features of the random forest models (Table 5). As the overlap percentages alone
do not give sufficient information to determine the nature of the separations,
visualizing the feature separations is mandatory. Passive membrane properties
tended to give complex separation surfaces (Figure 2), while separations using
kinetic properties of ionic current tended to be simpler (Figure 4).
As the dimension of the feature subspaces increases, their number increases
factorially, while computational cost of calculating the KDEs grows exponentially. Therefore, it is not feasible to scale this approach up to higher dimensions,
and evaluating feature importances using random forest models is preferred.
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3D Subspace
Overlap Percentage
(Cm (pF), EL (mV), τmem (ms))
0.213
(Rheobase (pA/pF), Threshold Voltage (mV), IDC (pA))
0.368

Table 5: Overlap was calculated between probability density functions for the
two strains in three and four dimensional subspaces representing a particular
strain. Subspaces achieving the best separation are in accordance with the top
ranked random forest variable importance features. The probability distributions are kernel-density estimates using Gaussian kernels. Details about the
specific implementation can be found in the scipy documentation. We repeated
the calculation for all four dimensional feature subspaces. In four dimensions
the subspace (Threshold Voltage (mV), I˙N a (Vthres ) Downstroke (pA/pF/ms),
I˙N a (Vthres ) Upstroke (pA/pF/ms), I˙K (Vthres ) Downstroke (pA/pF/ms)) has
the minimal overlap of 3.6%.

Figure 4: One subspace demonstrating a simple separation with minimal overlap
between the neuron strains. The separating features include those associated
with neuron excitability and are consistent with features selected by the random
forest model.
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4

Discussion

Electrophysiological experiments typically carried out to characterize membrane
properties are tedious and laborious. The assimilation filter and data mining
procedure presented here together constitute a less time consuming and expensive approach. With this approach, it is possible to infer the electrical properties, in detail, across a sizeable population of neurons. This makes it possible
to characterize variability and to discover multifaceted differences which might
otherwise be lost due to low sample size and averaging.
A present obstacle is the model identifiability problem arising from the numerical difficulty of assimilating data to biophysical models which are too complex. Here we have limited our analysis to detecting alterations in intrinsic
excitability of neurons. Consistent with other work bath applying extracellular
Aβ to 1 month old WT mice, we have found a hyperpolarized threshold voltage
[40, 41] as well as a reduced rheobase in 3xTG mice. Our combined modeling
and data mining approach additionally provides possible mechanisms underlying the altered features. We mainly find alterations in the IDC component of the
leak current and IN a . Others have found a reduction in IN a [5] or reductions in
IK [31]. In contrast, we primarily see alterations in the gating kinetics of IN a .
We do not find an alteration in spike width. Reductions [40, 41] and broadening [31] in spike width have been found elsewhere. The discrepencies are
possibly due to differing mouse models used across studies.
An increased AHP through Ca2+ -sensitive K+ conductances has been noted
elsewhere [14, 38]. Our model with only IN a and IK cannot detect this AHP, as
it requires a slower current such as ISK which is sensitive to intracellular Ca2+ .
Incorporating intracellular Ca2+ dynamics will be the goal of future work.
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[44] Andreas Wächter and Lorenz T Biegler. On the implementation of an
interior-point filter line-search algorithm for large-scale nonlinear programming. Mathematical programming, 106(1):25–57, 2006.
[45] Kenji Yamamoto, Yoshifumi Ueta, Li Wang, Ryo Yamamoto, Naoko Inoue,
Kaoru Inokuchi, Atsu Aiba, Hideto Yonekura, and Nobuo Kato. Suppression of a neocortical potassium channel activity by intracellular amyloid-β
and its rescue with homer1a. The Journal of Neuroscience, 31(31):11100–
11109, 2011.
[46] J Ye, N Kadakia, PJ Rozdeba, HDI Abarbanel, and JC Quinn. Improved
variational methods in statistical data assimilation. Nonlinear Processes in
Geophysics, 22(2):205–213, 2015.
[47] Jingxin Ye, Daniel Rey, Nirag Kadakia, Michael Eldridge, Uriel I Morone,
Paul Rozdeba, Henry DI Abarbanel, and John C Quinn. Systematic variational method for statistical nonlinear state and parameter estimation.
Physical Review E, 92(5):052901, 2015.

19

[48] Hua Zhang, Jie Liu, Suya Sun, Ekaterina Pchitskaya, Elena Popugaeva, and
Ilya Bezprozvanny. Calcium signaling, excitability, and synaptic plasticity
defects in a mouse model of alzheimer’s disease. Journal of Alzheimer’s
Disease, 45(2):561–580, 2015.
[49] Xin Zou, Damien Coyle, KongFatt Wong-Lin, and Liam Maguire. Computational study of hippocampal-septal theta rhythm changes due to betaamyloid-altered ionic channels. PLoS One, 6(6):e21579, 2011.

20

