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Chapter lintroduction

Electrical Signals in the Brain

Types of Neural Data
Data within neuroscience can come in many forms, describing the structure, development, and
function of the nervous system, as wellitssbehavioral output. Even measurements of neural
activity span a range of data types includiogtical imaging, functinal magnetic resonance
imaging (fMRIrecordings of electrical activity, amdeasurements ofieurotransmitter,
neuromodulator and ionic concentrationsThe focus of this thesis will be the analysis of
electrical signals in the braiof which there areseveral different kindsMacroscopic fields
present at the scalp can be recorded riowasively using sdp electrodes or magnetometers,
producing theelectro-encephalogranfEEG) or magnetencephalogramrfMEG) respectively.
These methods argestrictedto detecting the synchronous activity of large numbers of neurons,
and hence are limited in their signal detection aspitialresolution capabilitiesIn order to
record signals from local patches of neural tisthat cannot be detected with the above
methods electrodes can be inserted into the extracellular meduinectly to providethe
extracellular field potential (EFPJFinally, several methods exist for measuring the electrical
activity of individual neurons, a signal known as the membrane piatefMP). Because theFP
(and its signal derivativeandthe MP are the signals used in the thesis, they are discussed in

more detail below.



Membrane Potential
The membrane potential is defined as the electrical potential difference across the cell
membrane of a neuron. As a result of ionic gradients across the cell membrane maintained by
ion channels and active ion pumps, the MP of a neuron typically has a value on the oitr of
to -80mV in the resting or baseline stdtd. Fluctuations in the MP are then produced bgit
currents flownginto and out of the neurorthrough a wide véety of ion channels The
conductancenf these ion channels can Isensitive to chemical ligand®nic concentrationspr
the MP itself(vatage-gated ion channels)Of particular importance are chemical receptors
located largely in the dendrites, wheechemical signals from other neurons are received at
specialized structures called synapses. These receptors can control the opening and closing of
ion channels both directly and indirectly, and convey the incoming chemical signals into changes
in the nezN2 y QWhenthe MP at the axon initial segment exceeds a threshold oftabou
55mV, a shortasting (~1mshighramplitude (~100m\&lectrical impuls&known as an action
potential is producedl]. Action potentials are mediated by a set of specialized volgajed
ion channels, and are activglyopagatedh y 12 G KS OSf fuldy ddwhBetagoa 4 Sa > LI
where the action potential triggers the release of chemicahsmittersat synapses with other

neurons. Because the action potentials are seen as the output of a neuron they are often of

particular interest.
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was to insert the tip of a sharp microelectrode irtke cell directly[3]. The primary

disadvantage of this approach, however, is that it requiresekperimenter to pierce the cell

membrane and thus compromises the health of the cell. More recently, gliEsepipettes

have been used to createhighresistance seal with a patch of the cell membridie After

achieving such a seal, the experimenter can record currents through individual ion channels

locai SR 2y GKI G LI § Gtkachedfd ¥ SI pAEngtiGely s DB dntthe

electrode can be used to rupture the patch of membrane and allow direct access to the

AYGNY OSt tdzZf F NJ YSRAdZY gAGK2dzi &1 MyALIK@IS ©OB8d K D
NB O 2 NRwthis®d3e,are must be used in preparing the solution used to fill the pipette

since this solution will mix with the intracellular material.

Whilein all of the above approachdise recording electrode is typically placed at or inside of

Yy SdzNR y Qa 6p8 ifis irappriast B regobydize that the MP varies both in time and as a

Fdzy OlAz2y 27F LI aA i kdnglexand expansivstriciur@[1]0 BIP iec@rdingg T 4 Sy
FTNRY I OStft Qa RSy RNJ4ltdaghtiendreltyBiealy subdeilly imbré 2 LJ2 & & A
difficult to obtain[5]. Thepassivepropagation ofdendritically generated signals the soma is

described by cable theory, and involves substantiarity and attenuation.Thus, these

additional factors, along with potential for G SNRA y 3 | v DyheRefaiding LINE LIS NIi A ¢

process itself, must be considered when interpreting MP signals.

Local Field Potential
Theelectricpotential difference betwen a point in extracellular space and a remote ground
electrode (the EFR$ giverby a weighted sum of spatially distinct current sources and sinks

created by current flowing acrosearbycell membranes, with the weighting being determined

3



by the geomety of the extracellular spadé]. The spatial distribution of currerftow across a
given neurorwill itself be determined by the geometry of the neuron as well as the distribution
of ion channels. Thus, the orientaticarrangement, and packing of neurons can substantially
alter how currents will summate to form the EFP. For instance, current flow along the oriented
somatadendritic axes of cortical pyramidal neurosshought to provide a large contribution to

the cortical EFP and EEG sigiélg].

The EFP signal typically divided intowo distinct components based ats frequency content.
By highpass filtering theeFRabove about 306600Hz one olatins a signal reflecting the spiking
activity of nearby neuronséeExtracellular Spikégs In contrast, by lovpass filtering the EFP
below about 3061z one obtains the scalled local field potential (LFP). It has long been
thought thatthe LFRs reflective ofthe synaptidnputs received byeurons in the vicinity of the
recording electrodeather than the spiking output of those neurof&9,10] Later studies
however, havesuggested that other factors, particularly intrinsic membrane potential
oscillationg11], and spike afterpotentialil2,13]cancontribute to the LFP signal as wdlirect
interpretation of the LFP in terms of underlying electrophysiological processes is thus extremely
difficult. Even if the LFP is taken to reflenly the synaptic inputs to the surrounding neurons,
these inputs could arise from recurrent local connections, or from distant brain regidres.
spatialscaleover which neural activity is thought to contribute to the LFP is on the ordéd@f
200>m [14,15] although other studies have estimated that activity within several mm of the

electrode can contribute to the LEEG].

Even given the difficulty in their interpretian, LFP signals have proven to be useful tools in a

number of settings.One important advantage is that extracellular signals are substantially

4



easier to acquire than recordings from individual neurons, and can be scaled to allow recordings
from a largenumber ofelectrodesin parallel[17]. Such largscale extracellular recordingsin
naturally provide information about local spiking outmftthe recorded areaas well(see
Extracellular Spikésin many respects the LFP is similar to the EEG signal, but with vastly
superior spatial resolution and sensitivi]. The LFRas also been shown to correspond
somewhat closely to the BOLD fMRI sidB4l8], but with muchhigher temporal resolution

The information provided by the LFP is often complimentary to that provided by spiking activity,
being determined primarily by synchronous local synagtitivity. In fact, the information

carried byLFP signals about visual stinj@b], as well as movement planning and execution
[19,20,21] has been found to bargelyindependent of that carried by spiking activjg2].

Such information could be particularly useful for braiiachine interface applications.

Extracellular Spikes

Since the currents generated during action potentials have a faster time course than other
transmembrane currentspiking activity can be identified by higlass filtering (>30800Hz)

the EFP Spikes can be detected extracelluldriym neurons whose snasareup to ~150>m

from therecording electrodd23], which meanstat with typical cell densitiespiking activity of

a large mmber of neurons can be detectdd.g. ~1000 ithe hippocampal CAfiegion[23]). In

addition to knowing theset ofspike timesdr the group of nearby neurons (a signal referred to
asfhulti-unit activityQ, it is highly advantageous to know the spike times of each constituent
neuron independently The set of spike times for a single neuishlS ¥ S NNBirigleuhi® I a W
adl A @ Betauge the waveforms of extracellular action potentials depend on a number of

z A
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of the neuronelectrode configuration, different neurons wilfoducecharacteristicextracellular
spike waveforms. Thisfact can sometimes b&everagedo identify thespikes generated by
each neuror{24], a procedure known as spiserting. Accurate spikesorting requires that the
extracellular spike waveforms have amplitudes greater tharVaD00>V [23,25] which restricts
the set of reurons for which singlenit activity can be inferred to those within ~&& of the
electrode tip[23]. While spikesorting can beccomplished with singlelectrode recordings, it
has become common to use multipéectrodesbundled together for this purposeA group of
four electrodes known as a tetrod§26], has been shown to produce good resuli$ie
geometric relation of each neuron to the set of electrode tips results in a characteristic
waveform being recorded on the set of electrodemdallowsmore accurate classification of

single-unit activity[25,27]

Analysis of Neural Data

Time Series Analysis
Electrical signals from the nervous system gresented mathematicst as a sequence of
data pointsorderedin time, known as a time serieBecause of this, methods for analyzing time
series are an invaluable tool in neuroscience, and are used extensively throughout this thesis.
While dynamical systems approaches/ealsobeenemployed to understand neural
dynamic$28], such methods are nattilizedhere. Insteadglectrical signals from the brain are
typicallymodeled as stochastior random processedecause of the presence of noise in neural
recordings andlue tointrinsicrandomnes®f neural activity Such a probabilistitamework

alsooffers numerousapproachedor quantifying the structure ofneuralsignals



Because electrical signals are sagapih discrete time, a recorded signals treated as a

sequence of random variables, goverr®dajoint probability distribution As with other
probability distributionsan effective approach to characterizing the distributistoi estimate

its moments. The first nment of a time series is th@ean function:

E[x]=m (I-D)
which describefiow the average value of the signal changes in tiffiee second (central)

moment, known as the autoovariance functiondetermines how samples at different time

pointst ands covary.

EQx- m)(x - ) g&Lt9 (1-2)

Since estimating even these first two moments of jihiat distribution requires estimating their
values at each time point (or pair of time points), this is typically not feasible with neural data
where only a single instance of the stochastic process is available. Thus, the assumption of

stationarity isfrequertly made in order to simplify these calculations.

A strictly stationary process is one in which the distribution governing a sequence of samples is
invariant to translations in time. The weaker requirement of wég@se stationarity implies

only that thefirst two moments of the distribution (the mean function and atttovariance

function) are timetranslation invariant.Thus, for a widesense stationary processquations

(1-1) and (1-2) reduce to:
E[x] =m (1-3)

EQx- M(x - MgxE(L9 K(s - KE) (1-4)



where the mean functiotbecomes a constarftvhich we will assume to be ,nd the
autocovariance reduces to a functiontbe difference between the two time pointsA related
guantity known as theutocorrelation function is given by normalizing the autocovariance
function bythe signal variance:

- I<XX(l‘) _KXX( ).

"o s

(1-5)

Time series can be equivalently represented in the frequency domain by application of the

discreteFourier transform:
X(f)=8a xexp( -ift) (1-6)
t

Where)~(( f)isa complex number. The second moment of the process in the frequency domain

is given by the power spectru§, ( f):

Su(Ha( f- ) =EEX ()X ) (-7
where the asterisk denotes complex conjugatiand the delta function indicates tha¢( f)

andX(f") f _ f 'are uncorrelatedand zeremean)for astationary procesf9]. This
orthogonality property of the spectral representatigmparticularly usefuh the context of
neural signal analysixecause different electrophysiological processes which are inseparable in

the time domain are often separable in the frequency domain.

It is worth noting that for a signal sampled in discrete time, the maximum frequency that can be
resolved is called #nNyquist frequency and is equalfté?, wherefsis the sampling frequency.

Similarly, the NyquisBhannon sampling theorem states that a discretely sampled signal can be
8



perfectly reconstructed ithe sampling rate is greater than or equal B, 2vhereBis the highest
frequencycomponent ofthe original signgl30]. Thus, discretéime sampling is only

appropriate for secalled bandlimited signals.

The direct estimator of the power spectrugknown as the periodogrampbtained by simply
squaring the amplitude of the Fourier transform of the signal, suffers from formidabldgmsb

of both bias and variand®1,32] and similar problems exist for its time domain equivalent

(direct estimate of the autocovariance functiorip fact, the Wieneihinchin theorem states

that the autocovariance function and power spectrum are simply Fourier transform[@8irs

For signals of finite duration, the periodograstimate of the powerat a given frequencigs

biased by the power at other frequencies (spectral leakage). Further, even for signals of infinite
duration, the periodogam estimator is not consisterfe.g. the estimate does not converge as

the time seriegluration goes to infinity)}31,32] Both problems can be addressed by first

multiplying the data by a window or taperrfationw, , at the expense a reduction in

frequency resolution A powerful approach is to apply multiple orthogonal tapaendtions to
the data. The sgalled multitaper spectral estimator is then given by averaging over the

individual tapered estimate31]:

T

K 2
aaxaw xexp - |ft)
kzlg t 3 (1—8)

MT _1
Sxx (f)_R

whereKis the number of tapers, am\tk is thek™ taper function. The discrete prolate

spheroidal sequences (or Slepian sequenpesyide anideal choicdor a set of orthogonal

tapering functionshavingminimal spectral leakage for a given frequency resolui88). In



addition to the reductiosin biasand variancdby effectively averaging estimates of the
spectrum at nearby frequencieghe multitaper method also provides a natural means of
obtaining uncertaity estimates because it produc&sndependent estimates of the spectrum

131,32}

Themethodsdescribed aboveepresent the secalled nonparametric approach to spectral

analysis. An important alternative is the use of parametric models, particularly autssbgge

(AR) models in which the value of the time series at a given time point is represented as a linear
combination of its previous values plus Gaussian white noise. An equivalent perspective is to
view the model as a filter that generates the observedadvhen driven by a Gaussian white

noise input. The frequency response of the filter, which can be derived fromstimatedAR

model parameters, then gives the AR estimate of the power specfd4in In addition to

parametric spectral analysis, higherder moments of thespectral representatiocan be

estimated such as with the bispectrum. These methods provide information about the
interactions between components of the signal at different frequencies, and are deeful

characterizing notinearities in the signgB5].

Multivariate Time Series

When dealing with multivaate time series, such as with multiple simultaneously recorded

electrical signals, the second moment is described by a matrix at each time lag (asstohaing
sensestationarity). If thek-dimensional vectowvalued time series iz, = (zl, i 2_‘ ), its

crosscovariance function is given by:

10



Egz- m)(2 - 1) 850 *9

where the vectore = (/ﬁ, ..., k/)gives the mean of each component time seriesi Q &

normalized equivalent is the crossrrelation function:

e KO KO
©KiOK 0) st S (110

As in the univariate case, the second moment of a multivariate time series can also be

characterized in thérequency domairas[32]:

EQZ"(NZ(f) gS(Da( f-T) (1-12)
The quantitys; ( ) is known as the crosspectrum, andt measures theovariation of powein

componentsZ andZ at frequencyf. Typically, the normalized version of Equaiibril) is used

instead. This quantity, known as the cobece spectrum, is bounded between 0 and 1, and

describes the fraction of power in sigrat frequencyf that can be predictedrom S; (f),and

is given by:

G (=) __
JS(NS(D 112
In practicethe crossspectrum (and coherence spectrumpst beestimatedfrom multiple
instances of the signasandZ, or equivalently by dividing the data into nowerlapping
segments and averaging the cregsectrum estimatsacrosssegments Alternatively, the
coherence spectrum can be estimated from a single instantieedfme series? andZ using

multi-taper methodq31,32}

11
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such that the crosspectrum isestimated by averaging acrotee Kdatatapers.

As with the univariate case, these nonparametric methods represent only one approach to
characterizing the relationships between multiple time sereasd numerous other methods
have been employed in the alyais of multivariate neural dateParametricmethods
(multivariate autoregressive models, or MAR models) can also be used to estimate the
coherencespectrum between two signaldmportantly, these methodslsoallow for inference
of causal, rather thamerely correlational, relationships between time seljig6]. More
recently, information theoretic methods hawasobeen developed to quantify nelinearas
well ascausal interactions between time serig¥]. Higher moments of the multivariate time
series can also be used to quantify interactions betwdencomponentime series at differat
frequencies. The nonparametric timand frequencydomain analysis methods are by far the
most widely used in neural data analysis, however, because of their robustness, interpretability,

and wellunderstood statistical properties.

Time -Frequency Analy sis
In the analysis described abovbke signal(s) in questiowere assumed to satisfy the
requirement of stationarity However, neural signals are rarely stationary edystantial
periods of time, and one is often interested in analyzing howstingctures of neural signals

evolve over time. Thus, one would like to be able to characterizeigmal variancas a joint

12



function of time and frequencyli(K S W a LJS[GRiB8LRTHeNM0S Qraigihvrward approach,
known as the shortime Fourier transform (STET to divide the signal into segments of length
Lsamplesand compute the power spectrum separately within each segment. &pcbcedure
produces a description of the signairiance irthe time-¥ NB |j dzS y O & ordet. b dchyleSeta
higher temporal resolution, oneanreduce the segment length however this results in a
corresponding decrease in frequency resolution.sé&e this, we consider that a length
segment of data centeredt timet can be obtained by multiplying the signaivith a

rectangular window functiom(t'- t) centered at timet, and the resulting-ourier transformis

given by:

Alwe -x} =Nt oF {4} (414

wherew(?) is the rectangle function:

o

&1, -L/2 <E ER (1-15)

W) = else

~
Ve

o

A{ } denotes the Fourier transformnal theright hand side of Equatiofi-14) follows from the

convolution theorem This means that the resultant power spectrum of the windowed signal
will be determined by the convolution of the Fourieansforms of the signal and the window
function. Indeed, this is the basis for the biases ofdiect periodogram spectral estimator
since any finite duration signal can be represented by multiplication with an appropriate
rectangular window functionThis implies a tradeoff between the width of the window function
and the resolution of the resulting spectral estimabecause a function and its Fourier
transform cannot be made arbitrarily narrowDneapproach is to select a window lendthand

usethe multi-taper spectal estimator as in Equatioi-8), successively translating ttke
13



orthogonal taperof lengthLto be centered on a desired seriestwhe points at which the
spectrogranmwill be evaluated32]. For the set of Slepian tapers, there will h&\21 Slepian
functions wellocalized in the intervabyv,W][31,32,33] whereW is referred to as the

bandwidth.

An alternative approach whiabften achieves improved tim&requency resolution compared to
STFT methods is to convolve the sigqalith a series of wavelet functions which are scaled and
translated ved A 2 Y an2 & K SINJ W | @ S[8834] TheTazyhGoiisiw@vélet transform is

defined as:

- . o(t'- 1-16
W(9=g w g 0e (19

t'=1
wherey ;[ /is the mother wavelet function. A commonly used choice of mother wavelet is a

(properly normalizedzaussiarmodulated plane wavé Wa 2 NI SGQ 6+ @St SG 0

at . a- A (1-17)
7 = [— fe
y(h 7 exp(i ) XFbe—g 5

The power of the signal is then given as a function of time and scale by the squared amplitude
of the wavelet transform (Equatio(iL-16)). Similarly, one can define the wasecoherence

spectrum between two signalg andy; as[39,40}

_Is(aeos)
s{lvir(sf o8] wo ) (19
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where §) is a smoothing operator in both time and scaWhile thewavelets at each time are
defined by a scale parameter rather than a frequency, it is possible to defieguavalent

Fourier frequency at each scd&9]:
= w2 + (1-19)
fg="t2 14
4ps
The advantage of wavelanalysiss thati KS ST¥FFSOUGABS WogAYyR26 6ARGKQ

each frequency, rather thamsingfixed window widthacross frequencieas with the STFT.

Both the Fourier transform and wavelet transform (when using a cora@éxed mother
wavelet) produce complexalued outputs, and thus the timigequency representation in both

cases can be written in the form:

S(f.9=| 1§ (1-20)
Where|S( f, t)| isthe signal amplitude anf( f,t)is the phase as a function of time and

frequency. A related and frequently useful concept is that of the analytic representatfth

of a reatvalued signak(t) :

X, ()= x(0) K1) (1-22)

The complex park{t) is given by the Hilbert transforrof x(t) :

oL x() (1-22)
%{t) = PV_n—t_ o

ol

where PV denotes that the principal value of the integral is taken. The signal amplitude and

phase are therwomputed a$xa(t)| , andarg(xa (t )) respectivel\{30]. These quantitiegand

15



their discretetime analoguespnly havea clear physical interpretatiofor narrowband signal

Thus, a bandpass filter with center frequeriggtypicallyfirst applied to produce; (t). The

analyticrepresentation then provides the amplitude and phase of the component signal at
frequencyf as in Equatiorfl-20). TheYhstantaneous frequendyan also beomputedas

df, (t) (1-23
w; (t) =——

O=—
Numerous other approaches tone-frequency analysis have been proposettiuding time
varying AR models, the Wignr¥ille distribution, empirical mode decomposition, and the

matching pursuit algorithm, although none have peenextensivdy used in the analysis of

neural signals.

Point Process Analysis
We are often interested in analyzing the timing of action potentials rather than continuous
signals. A set of spike timsss treated mathematically as a sample from acatled point
process. Several equivalent representations can be used to desquiiataprocesg41].
DefiningN, to be the counting process, such thdtis the number of spikes that have occurred
up to timet, one approach is to represeats the time derivative di, (dN,) given by a series of
Dirac delta functions at each spike time. Equivalently, it is possible to represent the point
process by the set of intespikeintervals. Interestingly, much of the analysis presented above
can also be applied to the counting prosaspresentatiordN,[32,41,42] For examplethe

power spectrum of a point process can be computed as:
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(1-24)

S ) =|8 exp( 2 ift*

The extension to muliaper methods, and STFT analysis is also straightforwauthemore,
coherence spectra between pairs of point processes, or continuous and point procasde

computed directly{32].

Neural Oscillations

Different types of oscillations
Eversince thefirst recordings of human scalp potentidlSEG)43], oscillations have been a
salient feature of electrical signals in the brain, and a subject of great interest to neuroscientists.
A wide range of oslitation frequencies have been observed in electrical signals of the
YFEYYFEAFY FT2NBOANYXNE & NB ¢ & iefj ik dByian 02 ahd
0.2HZ44](G 2 WX LIsKillStions at frequencigsom 100500HZ45]. Neuronal oscillations
have been historically classified into frequency bands which are presumed to represent unique
neural processes and network stafd$,47] These include thinfraslow (0.020.2Hz) slow
(0.2-1H2), delta (34Hz), theta (4L0Hz), alpha @2Hz), beta (130Hz), gamma (380Hz), fast
(80-200Hz) and ultrdast (206600Hz)oscillations Thesedifferent oscillatory patterndiave long
been known to reflectlifferent underlying brain and behavioral staf@8]. For instance, the
theta, alpha, beta, and gamma oscillations are closely related to different states of alertness and
attention [48,49,50,51,52]as well as whethdhe eyes are openedr closed43]. Thespectral

content of the EEG signal is also used to classify different stages ofs3ep
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Oscillation generating m echanisms
Oscillationsat the macroscopic (EEG) and mesoscopic @da®sare thought to arise fronthe
synchronous and rhythmic synaptic activatygroups of neuron$6,9,10] Thus, an important
guestion isdeterminingwhat mechanisms can generate oscillatory behavior amongst such
groups of neurons. Individual neurons canibRhintrinsicresonance propertiedue to awide
variety of ion channelgesultingin preferential responses to inputs at particular frequencies
[54,55] Such cellular resonance properties asolead toselfsustaining subthreshdl
membrane potential oscillation$6,57,58,59,6Q]which can in turn be synchronized through
network mechanismfs1]. By influencing the pattern of spiking outpy89,62] these
subthreshold membrane potential oscillations can underlie the synchronized oscillatory spiking
of a network Intrinsic oscillatory properties of single neurons can also involve the geoet
periodic highfrequency bursts of spikes through interactions betweetivity-dependent and
voltagesensitive conductancg$3,64,6,66,67] Such rhythmic bursting is thought to be
capable oboth generding and synchronizingetwork oscillation§64,65] In fact, neurons
known as central pattern generators can intrinsiggifoduce rhythmic activity that drives such

motor outputs as digestiof68] and respiratior69].

Since neurons can exert both etatdry (E) and inhibitory (I) synaptic influences on one another,
several mechanisms exist that can produce network synchronization. Generally speaking, these
include recurrent excitation ¢E), mutual inhibition {I), and feedback inhibition {E[70]. In

fact, single neuronthat spikerepetitively can be treated mathematically as oscillagts], and

groups of such model neurons can be studied using the theforgupled oscillator§r2]. A key

element of this approach is the phasesetting curve, which characterizéee perturbation
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responses oindividual neural oscillator$71]. Recent work has even led to the surprising
demonstration that networks of uncoupled neurons can be synchronized by correlated noise
inputs[73,74} a phenomenon known adochastic synchronylhus, a number of mechanisms
have been demonstrated for generatiapd synchronizingscillations in groups of neurons

involving both cellular and network properties.

Cross-frequency Coupling
Extensive evidence has been acquired iterg yearsndicatingthat rather than being
independent phenomena, neural oscillations at different frequencies are strongly related. Such
crossfrequency relationships can occur in several unigue ways. One is that fluctuations in the
amplitude(or equivalently, the powef oscillations at one frequency can be correlated with
the amplitude(power)of oscillations at another frequency (amplitudenplitude coupling).
Such crosfrequency power comodulation has been described between the hipppehtheta
and gamma oscillations in roderf&b], as well as between gamma abeta oscillations of
prefrontal andparietalcorticesin the human MEG76]. Anotherform of crossfrequency
cowling can exist between the phases of two oscillationsca&led phaseynchrony, or phase
phase coupling, exists when the phases of two oscillations are not independent. Fatiossill
at different frequencieshis implies that the highefrequency acillation undergoes cycles for
everyn cycles of the lowefrequency oscillationng > n); hence this crosfrequency phase
phase coupling is also referred toras phase coupling. Indeedj:n phase couplingsia salient
feature of human neocortical ME[77,78]and EEG79] recordings, with 1:21:4 synchronies
presentamong alpha, beta, and gamma oscillati¢ris, 78] as well as between theta and

gamma oscillationg79].
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By far the most weltharacterized form of cresrequency coupling, however, ésdependence

of the amplitude (power) of higherfrequency oscillatiomn the phase ot lower-frequency
oscillation (phaseamplitude coupling).Phaseamplitude coupling has been seen to occur
between a lage range of neral oscillations, the mostommonlystudied of whiclis between

the phase and amplitude of hippocampal theta and gamma oscillations respectively
[80,81,82,83,84] Thetagamma phasemplitude coupling has also been seen in the human
cortex[85] and rodent striatun{83], as well as between hippocampal theta and cortical gamma
oscillationg86]. Phaseamplitudecoupling is not unique to theta and gamma oscillations
however, and haalsobeen observed between a number of oscillation pairs including delta and
theta [82], delta and lowgamma[87], delta/theta and alphabeta[88], alpha and gamma

[89,90] as well as between infraslow oscillations angnge of higher frequency oscillations
[44,91] Thus, far from being unique to any particular pair of oscillation frequencies, brain
region(s), or species, crogsequency coupling appears to be a ubiquitous organizing principle of

neuralactivity[82,92]

Functional Role of Brain Oscillations
As described i@scillationgenerating nechanismsmesa and macroscopic neural oscillations
are thought to reflect synchronous modulation of rhythmic synaptic inputs to lgrgepsof
neurons. Thus, it is believed that such oscillatiamsegther a direct cause or consequence of
synchronous neural activif@3]. Neural oscillations can influence information processing and
transmission in several waySince temporally aligned inputs can more effectively drive
downstream neuron§94,95] synchronous network activifyas produced by oscillationsan

increasepropagation to downstream structurd86]. Oscillations of downstream neurons can

20



also influence theffectiveness of driving inputand in particularsynchronization of

oscillations in the driving angkceivingneurons can enhance communication between the two
areas[97]. Similarly, gcillatory synchrony among ensemblesiefironsisthought to be

important for sensoryprocessing.For instance, oscillatory synchrony among neurons with

similar stimulus responses propertifs98]can more effectively recruit lateral inhibition of
competing representationf@9]. Further, coherent oscillations among distributed sensory
representatiors are believed to provide a potential solutiontothe®@d f t SR Wo Ay RA Y 3

by linking representations of different object featur®s8,100,101]

Oscillations also define temporal windows within which neurons can integrate and respond to
synaptic inputs.It has been suggested that the gamma oscillation could fpinaducediscrete
frames of sensory processifitp2], as well as a means to store sequenceseanhit

representations in working memof¢03]. More generally, substantial evidence now supports

the idea that information can be represented directly in terms of the phase of spakaté/e to

LI

2yd2Ay3d 280Af6FGA2Y A O [L04k Recehttadieshale &hown thatii S Y LI2 NI

visual and auddry information is represented in the phase of spikes relative toflequency
oscillations in the LFP, and that information provided by spike phase is complimentary to that

provided by spike rate[d05,106] By far the most well known example of such sykase

coding, however, is theelationship betweenthepgha S 2 ¥ KA LILJ2 §plkinglrdiafive y S dzN2 y

tothe thetarhythmk Y R 'y F yAYFt Q& LI & A G ATRe/Tendphrdl RRlg’ Yy Sy ¢

[26]. In addition to providing a potentially independent source of information relative to spike
rates, such phase codintan producea precise temporal ordering of spikeghitn an oscillations

cycle which can be critical in determining modifications of synaptic strengths threpite
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timing dependent plasticity107,108] In fact, it has been wellocumented that induction of
long-term synaptic plasticity is most effective when stimuli are delivered as theta frequency
oscillationg109]. The conversion of inputs encoded by the firing rates of presynaptic neurons
into a phasecoded outputd W Ndha$eStransfor | i A caryb@ accomplished in the presence of

ongoing oscillatory modulatioji10,111]

In addition to theoretical results demonstrating the potential functional roles of neural
oscillations, numerous direct links have been made between the presence and dynamics of
neural oscillations and cognitive processes. For exagrafiEntional modulation okensory
processinghroughgamma oscillations has been we#tablishedn severatifferent sensory
modalities (reviewed ifil12]). This could occur througmodulation ofcoordinated
subthresholdoscillationg98] leading toenhancel responsego attended stimuil [49].
Furthemore, in line with the notion that synchronously oscillating neural ensemiriag be
neural correlates of object representations, maintenance of seghesentatiorsin working
memory has been correlated witnhancedgyamma oscillationfl12]. Both gamma and theta
oscillations have been extensively implicated in both theoeimty and retrieval of memories
(reviewed in[113]). The slow oscillation during deep sleepshaisobeen shown to be important

for long term memory consolidatiofi14,115](seeFunctional Rolef URDOWN states

Given that neural computationand the communication between brain regigase thought to
depend on oscillations, it is perhaps not gtising that the ubiquitous interactions between
oscillations at different frequencies would play a particular role in these processes. In fact,
phaseamplitude coupling between theta and gamma oscillatimitself a rich and complex
phenomenon, with raid andregionspecificdynamicghat relateto ongoingbehavior[83].
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Phaseamplitude[116], phasephase[79], and amplitudeamplitude[76] coupling of heta and
gamma oscillations have been shown togdsedictive of performace in working memory tasks.
Crossfrequency couplingof other neural oscillations have also been related to both working

memory and decisiomaking process€§8,87,117]

Further evidenceupportingthe importance of neural oscillations in normal brain functisn

derivedfrom observations that aberrant oscillatoagtivity is linkedvith severalneurological

disorders Reductions of the amplitudes and synchronizatiéteta and gamma oscillations in
schizophrenic patients have been well documenitet8]. Similarly, decreasdn the amplitude

and synchrony ofilpha- and betaband oscillations N f Ay { SR 6 A (1 1191t T KSA YSN
Aberrant enhancements of beta band oscillations in thed) ganglia have been shown to

aidNRy3afe NBEFGS G2 |1AYySaAl aeNaqiianahie ¥ LI GASyYy
epilepsyis closely associated with neurorsiperexcitability, more recent evidence also

suggests that abnormal synchronylo€al acillationg121], as well as the generation of

aberrant ultrafast oscillationg45], may also play an important role in generating epileptic

activity. Further, some evidenceow exists forthe presence ofbnormal neural oscillations in

patients withautism spectrum disordeffd22]. Thus, nearly afif the major neurological

disorders are correlated with changisthe presence and synchronization of different neural

oscillations, emphasizing their importance in normal cognitive function.

UP-DOWN Sates

UP-DOWN states overview
LY GKS SINIé& mdhpnQas {GSNAFRS FyR O2tf Sl 3dsSa R

oscillation in the cortical EEG of naturally slee@ngd anesthetize@nimals that was separate
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from the wellknown delta oscillations (4Hz) characteristic of slewave slee123]. These
and other authors further showed that these slow oscillations in the EEG corresponded to
synchronous alternations of single neurons between two stable activity sfh28s124] later
referred to as the UPral DOWNstates. The UP states were characterized by depolarization
and spiking, while neurons were quiescent and hyperpolarized during DOWN dtdtes.since
become apparent that the slowscillatiors area ubiquitous property of neural netwks under

a variety ofconditions

The slow oscillatiois present during all stages of human sleep other than rapid eye movement
(REM) slegi25]. In fact, thdarge EEG deflections knownkasompledxes that are

characterstic of norRREM (nNREM) slegwe nowbelieved to represent individual cyslef the

slow oscillatior]{126]. Importantly, similar slovescillations are also present under several
commonly used anesthetics, including urethdb23], ketaminekylazing123], and isoflurane
[127], although they are not present under barbiturate anesthg¢s28]. While the properties

of theinducedslow-oscillations diffeffor different anesthetic$123], as well as compared to
natural NREM sleepl123,128] the anesthetized state bears many similarities to the natural
sleep state including dynamic alternations between discrete activity sfag, functional
dissociation of corticothalamic networks, astnilarmodulation by ascending brainstem
cholinergic pathwayglL30]. Thus, studies of slow oscillations under anesthesia are thought to
provide important insight into the mechanismand function of natural sleep states. Since
studies of anesthesia often refer to slow oscillations addd@RVNstates (UDS), we use the
terminology UDS and slow oscillation separately to distinguish the anesthetized and natural

sleep states.
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Since their initial discovery by Steriade et al., UDS have been shown to occur synchronously
amongneurons in a giveoorticd area[123,131,132] as well as between distant cortical regions
[133]. Neocorticaheurons of all types, including both excitatory and inhibitory neurons, from
all cortical layers, and between hemisphef&34] are seen to participate nearly synchronously
in the UD$133,135,136,137]In fact, transitions from the DOWN to UP state have been
observed to occur as traveling waves in the cortesodents[138] and humang139]. Further,
rather than being confined to the neocortex, neurons from a wide range of brain regions have
been shown to participate in the UDS, including thalamocortical and reticular thalamic nucleus
(RTN) neuronfl40,141] cerebellaf142], and basal ganglizeurons[143,144] Even the
cholinergic brainstem neuronghich contol the state of arousal (and whose direct activation
can abolishUDJ145]) participatesynchronoslyin UDJ146]. Interestingly, hippocampal
neurons show varied participatian UDSwith CA1 R.M interneurong147], some dentate

gyrus granule celld48], and subicular neurorf449] exhibitingsynchronized UQSvhile

pyramidal neurons in CAl and CJA38,149] as well as some dentate gyrus granule &49]

do not show UDSThus, UDS and their analogue during natural sleep the slow oscillation,
representanalternationbetween two activity statethat is remarkably ubiquitous and

synchronous

Mechanisms of UP-DOWN states

While a number of models have been suggddo explain the generation of UDS, ttugpic
remainshighly debated. Such theories can generadlylivided into two classes depending on
whether the UDS are generated within the neocortex or thalanigo important experimental

observations have been taken by many as evidence of a cortical origin of UDS. One is the
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demonstrationthat UDS in thalamic neurons are eliminated upon removal of corticothalamic
afferents[150,151] The other is thatartical UDS can persist in a cortical diéb2] or slice
preparation[135] lacking thalamocortical neurong-or cortical generation theorieshe

guestion then arises as to what intrinsic cortical mechanisms can generate these bistable
network oscilations. Interestingly, cortical UP states battvitro[135,136]andin vivo[137]

are characterized by a preciaad selfsustainingbalance between excitation and inhibition, yet
they canbe initiated and terminated by synaptic inpyts36]. Within the context of such a
bistable cortical network itemains unclear what cortically generated signal actually initiates
and terminates the UP states. Timofeev aatleaguedave suggested that the spontaneous
summation of miniature excitatory postynaptic potentials (EPSPs), particularly in large layer 5
neurons, can initiate a cascade of activity and the transition to the UP [dt522153] Similarly,

in a modeling study Holcam and Tsodyks suggested that synaptic noise could initiate
transitions to the UP statfl54]. Other theoriesarguethat a subset of cortical neurons is
spontaneously active even during the DOWN sfafh,156] Indeed, a subset of cortical
pyramidal neurons, as well as layer 5 Martinotti interneurons, have been shown to exhibit
spontaneous activityn vitroin the absence of synaptic inputs57]. This intrinsically generated
spontaneous activity could potentially trigger cortical UP states duringituid®as well.
Transitions to the DOWABtate have been suggested to occur as autesf the buildup of
activity-dependent conductancdgd 55], depression oéxcitatory synapseld 53], spontaneous

synaptic fluctuation$154], and network mechanisn{456].

The other set of models posihat UDSare generated either within the thalamus or through

thalamocortical interaction§l58]. The most important evidence in favor of tipessibility
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comes from the observation that thalamocortical neurons consistently exilbgts oflow-
threshold calciunspikesthat precede the cortical UP state transition by-20ms[141]. It was
initially undear how such thalamocortical activity cowddtually initiate the cortical UP states,
since thalamocortical neurordid not exhibit UDS in the absence of cortical inputs. Hughes and
colleagues provided an interesting explanation by showing that botlathatortical[159] and
RTN160] neurons carntrinsicallygenerate UD$ vitro upon activation of the mGluRa
metabotropic glutamate receptors. These receptors would normally be activated by
corticothalamic inputswhichaccounts fothe observations that UDS are absent in decorticated
preparationg150,151] Thus, the model of Crunelli et al. suggests that interactions between
the intrinsically generated thalamic UDS and the synaptically mediated cortical UDS are needed
to explan the full set of experimental observatiofib8]. Interestingly, a recent study has
demongrated that thespike timingof thalamoortical neurons relative to cortical UDS is
dynamic and nucleus specifit61], emphasizing the potential importance of thalamocortical

interactions during UDS.

Functional Role of UP-DOWN states
The primary electrophysiological structures present duriRgM sleep and anesthesia, in
addition to the slowoscillation (UDS), are the4Hz delta oscillations, sheldsting(0.5-3s)7-
14Hzcorticd oscillations known as spindles, and b(®-200ms)high-frequency (10e250Hz)
hippocampabscillationgripples)that areaccompanied by large amplitude deflections in the
hippocampalLFP (sharwaves). Importantly, all of thegghenomenaarerelatedto the
ongoingslow oscillations (UD$)50,162] suggesting that the slow oscillation may serve to

temporally organize the other sleep structure&s described iffunctional Role of Brain
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Oscillationssleep, and in particular the slow oscillations, are thought to be important for
memory consolidatiof114]. Indeed, induction of slow oscillations (0.75Hz) through application
of transcranial electric fields eahced retention of declarative memory, while stimulation at
higher frequencies characteristic of REM sleep had no difd&]. Similarlylearning is

correlated with an increased prevalence of sleep spindles during ensuing[$&3jpLong
standing theories of memory consolidatibavefocused on interactions between the
hippocampus and neocortdt64,165] with the idea that newly learned memories stored in the
hippocampus are transferred to the neocortex through a gradual and interleagadivation of

hippocampal memoriethought to occur during sleefi65,166]

In support of such theories, Pavlides and Winson observedctira¢lated hippocampal spiking
activity duringwakingbehaviorwas reactivatedluringsubsequent sleefl67]. More
amazingly, however, it was latdiscovered that precise patterns of hippocampal spiking that
occurred during behavior were in fact replayed during subsequent-glavwe[168,169]and
REM[170]sleep Interestingly, while replay of sequences during REM sleep occurred at the
same rate as during behavior, during starxave sleegemporalsequences were compressed
roughly 20fold, and @curred during the transient hippocampal shamave ripple complexes.
Similarsleepreplay has also been observed to occur in the medial prefrontal cfti€l, as
well as in a coordinated fashion between visual cortical and hippocampal nedwoing UP
states[172]. In all cases it appears that the hippocampal shaape ripples are inveéd in the
generation of these replay eventsiring nREM sleepand thus could represerhe transfer of

information from the hippocampus to the neocortex. Tdlegnment ofhippocampakharp
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wave ripples witlcorticalUDJ162] suggests that the slow oscillations indeed serve to organize

the dialogue between neocortex and hippocampus during sleep.

The Entorhinal Cortex/ Hippocamp us System

The Hippocampus
The hippocampus is@urvedstructure located in thenedial temporal lobe. In a highly
influential study, Scoville and Milner found that a patient (known as H.M.) whose hippocampus
had beersurgcally lesioned suffered seveamterograde amnesia, being unable to form new
memories. At the same time, H.M tained memories from long before the operatifh73].
This finding led to the suggestion that the hippocampus plays an important role in the formation
and consolidation of new memories. It is now wideelieved that the hippocampuend
anatomically related cortical structures (entorhinal, perirhinal, andapgpocampal cortices)
comprise the socalled medhal temporal lobe memory system, aade responsible for
declarative memory (memories which can be consciously recglléd)174] In addition to its
4dZ23SaiGSR NRfS Ay RSOfINIFYGADBS YSY2NE TFT2NX¥I(GA2Y
hippocampal neurons thatfira St SOGA @St & Ay OSNIIFIAYy NB3IA2ya 27F
OSt[I75RB ISt SR 'y FTRRAGAZ2Y It FdzyOliA2y 2F GKS KA
spatial processing systefh76]. While the spatially selective activity of hippocampal neurons is

discussed in more detail below, an overview of hippocampal anatomy is gisen fir

The hippocampus was first divided into its now commonly used subdivisions by Lorenté de NG in
1934[177]. These subfields were labeled CA1l through CA4 (although CA2 and CA4 are often not
distinguished), andomprise thehippocampus proper. The hippocampal formation refers to the

CA subfields along with the subiculum and the dentate gyrus. The primary axis of the
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hippocampus spans a substantial portion of the antpasterial axis oftie brain, arching from a
dorsalimedial location more aterially to a more ventral/lateral position postaiily. In cross
section, the CA subfields form as@@aped structure with the subiculum located on the CA1 end.
The dentate gyrus forms a separateiaped structure wrapping arounde¢iCA4 end of the
hippocampus proper, creating an overalsaped appearancd 78]. The CA subfields are
composed of a large number of pyramidal neurons whose cell bodigfghtly packed into a
ary3atsS tFe&SN® ¢tKSaS LBNIYARFE ySda2NBya | NB
the center of the hippocampal formation while their axons run along the outside. In addition to
pyramidal neurons, a wide variety of imteurons exist within the hippocampus, each thought

to play a unique role ishaping theactivity of hippocampal principal neuroj$79]. The
principalneurons of the subiculum are also pyramidahile in the dentate gyrusrgnule cells

provide the output

The overall connectivity pattern of the hippocampus creaegll-defined loop withthe
entorhinal cortexjts primary source aboth input and output (sed@he Entorhinal Cortgx The
dentate gyrus, which receives its primary inputs from the entorhinal cosemds its output$o
CA3. CA3 receives additional direct indutsn entorhinal cortex, and projects to CAL.
Similarly, CAteceivesnputs from both CA&nd entorhinal cortexand sends its outputs to the
subiculum and entorhinal cortexthus, the general path of sigrfeow is from the entorhinal
cortex to the dentate gyrus, then through CA3 and CA1 before returning to the entorhinal

cortex. Interestingly, while there is extensive recurrent connectivity among the pyramidal

WA Y
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pyramidal neurons. In both CAl and CA@yever,the different interneuron subtypes

implement both feedforward and recurrent inhibitida78].

The Entorhinal Cortex
Given the purported role of thhippocampus, and in particuléine corticohippocampal
interactions, in memory formation, it gerhapssurprising that the hippocampus is not
extensively interconnected with widespad neocortical areasInstead, the hippocampus is
reciprocally connecteg@rimarilywith the entorhinal corteXEC)which itself has such extensive
interconnections with neocortex. Thus, tB€is often seen as a functional and anatomical
gateway betweea the neocortex and hippocampuand is thought to play a role in the same
memory and spatial processisgstems as the hippocampuSuperficial layers of thEC(layers
2 and 3)provide the primary input to the hippocampal formation, with lageEC newns
projecting to the dentte gyrus and CA3, while layer 3 EC neurons project directly to the
hippocampal output structures, the CA1 and subiculum. The deep layer 5 neurons of the EC are
then the primary recipients of the CA1 and subicular outplid9,181,182] The EC sends
projectionsto a range of neocortical areas primarsiginatingfrom the layer 5 neurons, but
certain cortical projections arise from the superficial layers of EC a§l88]l Neocortical
inputs to the EC arise from a similarly diverse set of cortical regions, and primarily target

neurons in layers 2 and 3 of the EC, but some projestéxist to layer 5 of HC81]

Typically the EC is divided into two primary subdivisiefexred toas the medial EC (MEC) and
lateral (LEC) respectively. The MEC constitutes the more dorsal, posterior, and medial portion of
the EC, while the LEC is more ventral, lateral, and antgrddr]. The EC is further divided into

three bands along an axis roughly perpendicular to the MEC division. These bands are the
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dorsolateral, intermediate, and ventromedial bar{d82]. In addition to defining the spatial
organization of the EC, these divisions relate to differences in the corticatiatff@B84,185]and
efferent projectiond183,185] as well as the pattern of projections the hippocampal
formation[181,182,185] Specifically, the dorsolateral band of the EC projects primarily to the
dorsal part of the hippocampusvhile the ventromedial band projects toglmore ventral
hippocampug182]. Further, projections of thiayer 3BMECneurons to CALl are targeted nearer
CA3compaked to projections from the LHT80]. These anatomical differences between

entorhinal subregions alstorrespond to substantial functional differences, as described below.

The Rate Code

¢ KS RA & ORegiSai®Dosirdvskih& hippocampal neurons firgpikes selectively within

a certain region of aenvironment[175]led to the suggestion that these hippocampal neurons

0 (i S NIMISIRO Feolbderier@t®@a cognitive map thie environmenf176]. Indeed spatial
selectivity is found in both CA1 and CA3 neuld®€], as well as in the dentate gyrus granule
cells[187]. While the prefered locations of place celltheir WL | OS FASt RaQ0 R2
topographicorientation[188] as is seen in sensory cortical areas, place field dizes

systematically increase along the dongentral axis of the hippocampyi$89]. Thus, it is

believed that local ensembdeof hippocampal place cells, with place fields distributed over the

environment, are sufficient to represent an anitn® a  L]JP8&].ATtia repyesentation, given

y 2

68 (KS WAYallydlyS82daQ FANRYI N3 ré@radi@a8theSy 8 SY o f

hippocamparate code[190].

Since their discovery, a number of interesting properties of place cells have been revealed (see

[191]for review). For instance, while place ceispondonly totheposih 2y 2 F 'y FyAYI
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head within a 2dimensional environmenthey respond to both position and head direction

when an animal runs on a narrow lineardimensional) trackand thus represeneéach

movement direction on the track independen{B6]. The set of cells that are active (have place

fields) changes from one environment to anoth&88]. As a consequencd an envionment is

changed sufficietty a new subset of place cells becomes activated, a phenomenon referred to

as remappingl192]. Cmsistent with the observation that the hippocampus is required for

spatial learning193], systematic changes have been observed in the firingigctf place cells

with experiencd188,194,195] In particular, place fields show a rapid asymmetric expansion

and backwards shiftl94,195]that is predicted to occur as a result of spikaing dependent

plasticity (STDA)07,108] { dzOK y Sgft & I OljdzZANBR WYSY2NASaQs oS¢
rapid modifications of hippocampal synaptic connectivity with expeggmare then

KelLRiKSaAl SR (G2 dzyRSNH2 wO2yaz2fARIGAZ2YyQ G2 F2N
neocortex. In support of thisdea, ensembles of place cells which were activated in a particular
sequence during recent experience are observeddoome reactivated in the same spatio

temporal pattern during subsequent slewave sleep, a phenomenon known as hippocampal
replay[168,169](seeFunctional Rolef URDOWN states Ly | RRA (1 A 2 ¢/positian 'y | Yy A'Y
the firing rate of place cellduring maze running modulated bybehavioral variables such as

running speed196,197,198,199,200,2013s well as nowspatial behaviors, stimuli, and reward
conditions[197,202,203,204,205,206,2Qfreating potential ambiguity in the rat®de for

position. Thus, far from being a simpéad static representation of positio, the hippocampal

rate code idlexible, dynamicand multifaceted
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Beginning in 2004, a striking series of studies by the Moser group revealed that neurons in the

MEC hae a more important role in spatial processing than simply mediating cortical inputs to

the hippocampus. These authors showed that principal neurons in all layers of the MEC, later
GSNXY¥SR WINARR OStfaqQs FANBR 2ythatthérYdzO8 NIJE Sy WNIEH
T A St Reill @hedagohdlyrid of the environmej08,209] While the neurons in a particular

region of MEC were seen to have similar grid spacing and orientation, #itielgghases of

nearby grid cells were randomly distributf2il 0], similar to the nontopographic organization of
hippocampal place cells. Further, the spatial scale of the grids increased from dorsolateral to
ventromedial locations within the MEE08], consistentwith the increase in place field size

seenin their respective downstream hippocampal targgt89]. EC cells that respond to the
FYAYFfQad KSIR RANBOGA2YS> la ¢Sttt Fa GK2asS GKI G
and head direction were later discovergD9], further emphasizing the role of the EC

hippocampal system in spatial processing.

The Temporal Code
During active behavior the hippocampal LFP also shows-éengditude theta rhythmic (~8Hz)
network oscillationg211]. In a groundbreaking studg,QYSSTS I yR wSOOS &aK2gSF
timing of hippocampaspikes relative to the ongoing thetad OAf t I GA2Y LINRJARSR |
O2RS T2NJ (KS [26,90%)Ynladdifian to i@ spatidl mfdrghation carried by their
spikingrate. This temporal code was given by the progressive advancement in the timing (or
LK &S0 2F | LIXIOS OSttQa aLAlAy3d NBtFGIAGS G2 0
place field.When analyzed across many passes through the placedgldng is observed to

precess through a full 360 degreeftheta phasd26], while for individual passes through the
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place field precession is restricted ta80 degree$212]. It has been suggested that precession

canp2 GARS | YSOKIyAaY FT2N) SyO2RAy3a GKS IyAYlfQa
variables such as running spef@6,213,214] In fact, while most studies of phase precession

havebeen conducted on linear tracks, recent work has shown that the temporal code can
RA&FYOoAIdzr S 'y | yAYl-dinteasionaNla® Sl NREecessiirN@ dz3 K |
alsobelieved to be important for sequence learnif21.6,217,218by praducing sequential

activation of place cells with adjacent place fields ondbmpressedimescale relevant for

STDR107,108] Phase precession was later shown to occur in grid cells in layer 2 of thasMEC

well, but interestingly was onlyeaklypresentin the layer 3 grid cellR19].

Numerousmodels have beenrpposed to explain precession, and they can roughly be divided
into three general classes. A key component of these models is that the theta rhythmic
oscillation of thehippocampalFP corresponds to a rhythmic inhibitiof the pyramidal

Yy S dzNP y & Inded® tHfi$ is expected given the firing patterns of most hippocampal
interneuronsthat provideperisomatic inhibitiorto pyramidal neuron§179]. In the first class of
models, precession is propostmrepresentthe Yeadoutdf a sequence of associated place
cells within each theta cycle, arising from recurrent network connecti29,221] Because of
the recurrent connections assumed by such models, however,ahepnlyappropriate for
generating precession within CA3, but not CA1. A second group of models attempt to explain
precession as arising from the interference of two separate oscill@@6r222] The third set of
models relies on the interaction between theta rhythmic inhibition and a spatially modulated
depolarization. This spatially modulated depolarizing input is itsetfutated by the theta

NK& G KY A yR QyKENAWESR YAY (i §I4E28]NGefratfa)y, MeRtRdb 4. Aave
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shownthat precession can arise from a combination of theta rhythmic inhibition and
asymmetric rampin@xcitation[110]. Such asymmetric excitation has indeed been observed
both in the spiking activitj110,194,195hnd subthrebold membrane potential fluctuations
[224] of place cellsImportantly, the latter class of models implies a relationshepaeen the
strength of excitatory inputs and the phase of spiking outputs, a phenomenon known as the

rate-phase transformatiorf110,111]

Thesis Outline

The goal of this thesis will be &xplore the dynamics of neural activity in the neocortical
entorhinathippocampal (NGECHpc) circuit from a quantitative perspective. The thesis is
divided into two parts. In Part(Chapters 24), | analyze the activity of entorhinal neurons

during U5 in relation to both necortical and hippocampal activityThese studies aim to

uncover cellular and network properties of the entorhinal cortex, as well as its role in mediating
cortico-hippocampal interactions during sleefn part 2 (Chapters-6), lexamine the activity of

hippocampal neurons and tlirerate and temporal codes of position.

In order to provide a more quantitative description of UDS in the el pc circuitjn chapter

2 Ipresent a general hidden Markov model (HMM) algorithm foeiinhg UDS from continuous
signals (LFP or MPThe HMM framework allows for robust and flexible$¢lassification from

any set of signals and signal features, and provides a natural means of evaluating different signal
features in terms of their discrimation information. | shovexplicit models of the state

duration distributions can also be incorporatedimprove upon the implicit use of geometric

state duration distributions by the standard HMM. iSHMM method is validated and
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guantitatively compeed to standard approaches using simultaneous recordings of neocortical

LFP and the MP of nearby neurons.

In Chapter 3l apply theHMM UDS classification algorithm to study the relationship of DS

layer 3 pyramidal neurons from lateral and medial(EHECL3 and MECL3) to neocortical UDS.

showthat MECL3, but not LECL3, neurons nearly always persistent in the UP state beyond the

O2y Odz2NNBy i yS202NIAOIE |t adlaSo tKSasS a9/ [o
cycles of the neocortical UDgEst MECLS3 state transitions maintgirecisephase relationships

relative to neocortical UDS. This results in a quantized distribution of MECL3 UP state durations

in units of neocortical UDS cycldgliscusstte influence of these persistent MECL3 ttifes on

the hippocampal LFP, along with the influence of cellular mechanisms in generating the

persistent activity.

While superficial neurons of the LEC do not show persistent UP states, their unique oscillatory
properties are explored in Chapter h this chapter, showthat LEC neurons in layers 2 and 3
occasionally transition into states with pronouncedz oscillations in conjunction with

ongoing UDS. These oscillatory states are found to correspond with discrete changes in the
global network stge, and occur synchronously with similar oscillations in the neocortical and
hippocampal LFP. Rather than being independent of the ongoing UDS4Hwe dscillations are
phaselocked to the UDS transitions.discusshe relation of these LEC oscillat#oto previously
described theta and delta o#lations,as well as their potential role in controlling the relative

timing of UDS in the Ne&GHpc circuit.

VRPN ~

InChapter5|A Yy @SAaGA3LGS GKS FTOGAGAGE 2F KALILROI YLI f

mice lacking the GluA1 AMPA receptor subunit. This subunit has been shown to produce
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specific alterations of synaptic strength and lelegm synaptic plasticity in CA1, and the KO
animals are deficient at certain tests of spatial memdrghow thatneaiy allaspects of the
hippocampal rate code of positiareimpaired in the KO place cells, and specific alterations of
the temporal spiking properties of KO cells are also observed. In addition to thersighm
spiking properties| also demonstratéarge differences in the network theta and gamma

oscillationsof KO animals.

The relationship of the hippocampal temporal code to behavianal rewardparameterss

discussed in Chapter én particular,] show that hippocampal phase precession is weéier

place fields nearer the reward location. Spike time autocorrelation and ISl distribution analyses
are used to identify specific changeithe temporalspiking structure for these place fields

Similar changes with respect to reward proximity amoadbserved to occur in the hippocampal
theta rhythm itself. | discuss kernative explanations of the results based on related

parameters, and present ageneral mechanism based on systematic increases in dopaminergic

inputs.

In Chapter 71 summarizehe findings of the thesis and discuss the ways in which future
research can further our understanding of the NE@Hpc circuit and itfunction during sleep

and behavior. Following the results of Part dliscuss extensions of the HMM UDS classification
algorithm. | then focus on discussing experiments which can determine the mechanisms that
generatethe MECL3 persistent UP states, its manifestation at the network level, and its
contributions in shaping cortiebippocampal interactions during natursleep. Similarly, |

explore ways in which the-2Hz oscillations seen in superficial LEC neurons might be generated
and synchronized, and how such oscillations could affect the relative timing of UDS in the Ncx

38



ECHpc circuit. Future research explorifgetresultsof Part 2isalso discussed, emphasizing
general mechanistic principals underlying the rate and temporal cotlatso focus on the
relationship between hippocampal activity and behavior, and propose several experiments

which could clarify andxtend the results of Chapter 6.
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Chapter 2Explicit -duration hidden Markov
model inference of UP -DOWN states from

continuous signals

Introduction

Different patterns of activity in the neocortex are known to correspond to different behavioral
states. During slowvave sleep, large amplitude slowl{4z) oscillations in the EEG and local

field potential (LFP) are present reflecting synchronous fluctuations in the membrane potential
(MP) and spiking activity of individual neurons. A similar state is also observedvanides
anesthetics whereby neurons exhibit bistability and undergo synchronous transitions between a
depolarized and active UP state, and a quiescent hyperpolarized DOWNIL&ai£24] Both
excitatory and inhibitory neurons participain these synchronous state transitions, and thus

the active state is characterized by a balance of excitatory and inhibitory ai8y136,137]

URDOWN states (UDS) present an excellent opportunity to study both cellular and network
properties, and because of their global neguithey can yield insight into network dynamics,

both within and across brain regions. There has also been much interest in using the relatively
simple discrete state dynamics of UDS to study state dependencies of neural responses to
external stimuli132,225,226,227] Further, a number of studies have demonstrated that UDS
occurring during natural sleep could serve an important role in the process of memory
consolidation114,115] thoughtto occur via corticehippocampal interactionfl65]. This

possibility is supported by the observations that hippocampal activity can be synchronized with
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the neocortical UD$147,149,228pndthat the primary electrophysiological structures present
during sleep (including sleep spindles and hippocampal shakg ripples) are temporally
organized by UDR50,162,229,230]Thus, understanding UDSIMikely yield insights not only
into the cellular and network dynamics at play during sleave sleep, but also into the role of

slowwave sleep in memorgonsolidation

UDS have most often been defined in terms of the MP of individual neurons, hogigeerthat
robust spiking of both excitatory and inhibitory neurons occurs exclusively during the UP state,
classification of UDS based on extracellular unit activity is also pofsil@31,232,233] Due

the synchronous nature of UDrge amplitude fluctuations in the LFP can also be used to
classifythem [147,148,149] Classifying UDS from extracellular signals (ruiti LFP, EEG)

offers the obvious advantage that the data is easier to acquire, but it also presentsralna
meansfor estimating thecollective state of an ensemble of neurons near the recording
electrode. Further, due to the increasing popularity of meléctrode recording methods,

there is a strong need for a general framework for inferring &8 extracellularsignals.

Several different approaches to classifying UDS in LFP signals have been put fortitilidgch
different features of the LFP signal. Mukovski eaajued that the higHrequency (2680Hz)
power measured in a suitably localized window ofdiprovides the best signal feature for
classifying UDR34], while more recently Saleem et akedthe low-frequency (<4 Hz) phase of
the LFP for classificatid@35]. While these works also differed in their methsaf inferring

UDS from theespectie signal features, both approaches were based on determining a fixed

threshold (or set of thresholds) and comparing the signal feature(s) to these fixed threshold(s)

independently at each time poit 2 S O NRIF Rf & (SNY OB alALENER | OK
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algorithms, and argue that the framework of hidden Markov models (HMMSs) provides
significant advantages over threshatdbssing methods for classifying UDS. In particular, HMMs
provide a consistent, flexible, and statistically principled framework forimgUDS from

different types of signals (including MPs and LFPs) that handles variations in experimental
parameters such as type of anesthetic, type of electrode, precise electrode location and depth
of anesthesia without the need for supervision, and easily be adapted to accommodate rron
stationarities in the dat§236,237] The efficacy of HMMs for inferring UDS from stationary
point-processes (extracellular spike times) has already been demons{284¢232] Here we
describe an expliciluration HMM (EDHMM) method for inferring UDS from potentially hon
stationary sets of continuous signals (including MPs and LARg approach also allows for a
natural means oévaluating different signal features for UDS classificdatiderms of their
discrimnation information We showthat the amplitude of lowfrequency LFP provides the

most information about theneocortical state in our data. We then show by comparing UDS
inferred from simultaneously recorded LFP and MP signals that our EDHMM procedure

produces significant improvements over standard methofislassifying UDS

Methods

Experimental Methods

Ethics Statement
All surgical procedures and experiments were conducted according to the animal welfare
guidelines of the Ma®lanckSociety. Th@rotocol was approved by the responsible State
Committee on the ethics of animal experimeitarlsruhgPermit Number 38185.81). All

efforts were made to minimize suffering.
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Animals, Surgery, and Histology

Methods were similar to those described prevityd47,148] Briefly, data were obtained from

11 C57BL6 mice aged postnatal @29 to p35 weighing between 16 and 23g. Mice were
anesthetized with urethane (1-Z.0g/kg i.p.) Bodytemperature was maintained at 37°C with

the help ofa heating blanket. The animal was hefagkd in a stereotaxic apparatus atige skull
wasexposed. A metal plate was attached to the skull and a chamber formed with dental acrylic
was filled with warm arficial cerebrospinal fluidA 1 to 1.8nm diameter hole wadrilled over

the left hemisphere and the underlying dura mater was remov&tier electrophysiological
recordings, mice were transcardially perfused with 0.1M PBS followed by 4% paraformaldehyde
and 156-m thick saggital brain sections were processed with the agfidlinin¢peroxidase

method.

Electrophysiology and Data Acquisition

LFPs were recorded withquartz/platinumtungsten glass coated microelectrode (Thomas
Recording GmbH, Giessen, Germang vivointracellular membrane potential (MP) was

recorded in wholecell configuration using borosilicate glass patch pipettes with DC resistances
of 4-8 Mm Jilled with a solution containing 135mM potassium gluconate, 4mM KCI, 10mM
Hepes, 10mMphosphocreatinine, 4mM MgATP, 0.3mM Na3GTP (adjusted to pH 7.2 with KOH),
and 0.2% biocytin for histological identification. Whotdl recording configuration was

achieved as described previoughg8]. Relative to bregma, both the MP and the LFP recordings
were madeeither around 1 tdl.5mm anterior and 1 tal.5mm lateral (frontal) or around@m
anterior and 1 tal.5mm lateral (prefrontal)MP was recorded from pyramidal neurons at

various depths, and LFP was recorded from upper layer 5. The recordingtbigeLFP was at

less than Inm distance from the neuronal soma from which the MP was obtaiBeth LFP and
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MP were recorded continuously on an eigiitannel Cheetah acigition system (Neuralynx;
Bozeman, MJfor at least600s per experiment. That completeaording was used for
subsequent analysis as described below. The MP was acquired by Ax@Bapgon
Instruments, Union City, CA) and fed into a L§ramplifier (Neuralynx). LFP was sampled a
2kHz, lowpass filtered at 475Hz, and amplified 2,ab0es.MP was lowpass filtered at 9kHz,
sampled at 3RHz, and amplified@; 100 times. Simultaneously, the DC value of MP was
recorded byan ITC18 interface (Instrutecktineola, NY) under theontrol of Pulse software

(Heka,Lambrecht, Germany).

A total of 21 EP recordings from 11 animals were analyzgdually twoLFP recordings were
performed in a single animal, the recamds being separated by 50 to 210 minutestatistics
were computed across LFP recordings. In addition, 9 MP recordings were performed

simultaneously with 9 of the LFP recordings, all from different animals.

Statistical Methods

Hidden Markov Model of UP and DOWN States
The problem ofnferringthe UPand DOWNSstate sequence given sonmeeasure of neural
activity is well suited for the framework ¢iMMs[231,232] Here we will focus on (discretely
sampled) continuous signalsauas the LFP or MP. Consider a time series of signal features
(e.g. the amplitude of a filtered LFP) such tiaarries information about the underlying UP and
DOWN states. Henceforth we will refertd & G KS W2 06 a S Naath aHAMMyve & S1j dzSy O S
treat theinstantaneousstate as a discrethiddenvariable that can tak& possiblevalues (in our
case two, representing thePandDOWNSstates). Lek represent the value of the hiddestate

variable at discrete time stejpp The HMM then makes the sitifging assumption that, is
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independent of the preceding sequence of latent variables, given the valre /e can thus

write

P(Z13% 2...2,)= WB2l.2) A, (2-1)
whereA s the state transition matrix. Thabservationy, at timet is assumed to be

conditionally independent of previous valuesydjivenz, and is determined by state

conditionalobservation distribution

p(y, I7,) (2-2)

wheref, is the vector of model parameteessociated wittstatez, .

In the general case weandefine a vectowalued time series asbservationsy,. We use

Gaussiambservation distributiormodek of the formp(y |, ) = N(y;€,, E), where

£ :{8 K %} are the stateconditionalmean and covariance matriceQther observation

distribution models could also be considered (in partictfsixture of Gaussiafinodels have
been used extensively for other applications) if the stadaditional observations are
determined to be highly nofbaussianBecause some of the signal features characterizing the
UPand DOWNstates often change substaatly over the course of the recordifig36,237] we
allow the mean vectors to bgslowly varyingjunctions of time. Tne-varying covariace
matriceswere notconsidered here, however they could be included as well using a similar

approach Therefore, the GaussiabservationHMM is fully specified by the parameter vector
F ={A, o, og(t), kﬁi where’ is the distibution over the initial state,. Signal features which

are assumed constant in time are easily handled in this frameamikell
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Maximum likelihoodML)estimates of the model parameteksgiven a sequence of

observations cabe determined using the expeciah maximization (EM) algorithf239,240]
which proceeds using a twstep iteration. First, iitial values for the parameteis ° are

selected, and the posterior distribution of the latent state sequece(z, ...,z ) given the

observation sequenc¥ = (yl, ...,yT) , and the parameter vector is computed. The posterior

distribution over the latent state sequence is then used to compute the ergembmpletedata

log likelihood241]:
QF,F") A pZ|Y, ¥)logpY¥zZ | ) (2-3)

Maximization ofQwith respect toF gives the new estimate of the parameter veckot®”. The
process is repeated iteratively until convergence. For a given parawedttr,calculation of
the posterior distributions for the latent variables is achieved usiisgt of recursions known as

the forwardbackward algorithnj240].

Explicit duration HMM

An important weakness of the standard HMM is that it implicitly assumes a geometric
distribution of state duration§240]. Numerous extensions of the standard HMM have been
developed to address this issue, but the misefjuently used is the explieduration HMM
(EDHMM)242,243] which is a type of hidden sefMarkov model (for review se244]). In the
discretetime EDHMM, the state duration is assumed to be a random variable which can take
integer values in the range [fl,a, Wherednaxis the maximum allowable state duration. Upon
transitioning to a statk, a sequence afonditionally independentbservations of lengtll will

be emitted from theobservationmodel /.. Each state can thus be specifiggithe pair k,d),
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andstate transitiors are determined by two such pairs. In the EDHMM, the simplifying
assumption is made thay, (k, d| k', d)= p(k| K) p(9 = A p( 9[244] Thus, the
probability of observing statk at timet depends only on the previous staté and the
probability of statek having duratiord depends only on the duration distributign(d) for state
k. Since selfransitions are prohibited in the EDHMM, the transition matiis uniquely

determined in the two state case:

(2-4)

>

I
g
o r

EDHMM parameter inference:
Inferenceof model parameters in the EDHMM can be accomplished using a fotveatdvard
algorthm similar to the standard HMNR42]. Yu and Kobayastiemonstratedan efficient
forward-backward algorithm for the EDHMMA45], andshowed how to redefine the forward
and backward variables terms of posterior probabilitie® avoid numerical underfloy246].

Definingg (k) = P(z =K|Y, Jto be themarginal probability of stat& at timet given the
observation sequenc¥ and the model parameteis , the observationmodel parameters are
updated in the M step of the EM algorithm in direct analogy with the estimditomulas inthe
standard HMMaccording to:

a w(t*- )g.(Ky,

e (t) =
a w(t'- t)g. (k) (2-5)
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égt(yt'gk)T( y - k*)
B, == T (2-6)
a g

wherew((i-Qis a symmetrictime-localizedwindow functionwith a time-scale chosen to reflect

the time-course of fluctuations in the stateonditional means.

State duration distributions
In Ferguson's originlDHMM formulatiorf242], the state durations are assumed to be

generated from arbitrary noiparametric distributions. Defining
D.(k,d)=P(74, Z4 1+---» Z =KY )to be the conditional probability of statestarting at

time t-d and ending at time (lasting for duratiord), Fergusorshowed thatML estimates for the

parameters of the nosparametric probability mass function (pmf) for stdtare given by242].

4 D.(kd)
pk(d) = dm:;zzT (2'7)
é. é.Dt'(k’ d ')
d=1t'=2

C2f f 2 gAYy 324 SAH gcdrRintcui)parametric state duration model, Mitchell and
Jamieson demonstrated how to fildL solutions for the parametes of any exponential family
pmf[247]. Wefollow this approach and use theo-parameter gammand inverse Gaussian

exponential family discrete pmf® model the state duration distributions. Tigamma

distribution is given by:

b (2-8)

Ga)

f(xa, H= X lte &
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WKSNB h yR I FNB (KS &KI Li&ortespendingly tie fcensared)l Y S G S N
discretegammadistribution is simply given by:
e Xuin < X <X,
e (2-9)
0, else

The censored discreiaverseGaussiamlistribution is given by:

) a-/(x - ©
x %2 ex aeia >
P 21X 0

e

7

7 c
=i

i

i

I

2 Xmin < X <)§%ax (2-10)
a1 (x - W

X" eXPge———————
X=X, p(; 21X

0, else

1-O: O

Writing these tweparameter pmfs in the exponential family form gives:

(2-11)

— Ixmln Xmax
p(xU) = B(0) expge glc/psp(X)

wherel N is the indicator function which is 1 inside the ranggq[XnaJ and O elsewhere,

B(U) is a normalization constarit] is the vector of naturgbarameters, an&is the vector of
natural stdistics. Mitchell and Jamies@howed thatML estimates for the natural parameters

g,are given by solving the equatiof&s47]:

A 2-12
E, 8503 45 ¥Xx 9 (=12
where Eqp gSp( ¥ is the expectation of th@™ natural statistic with respect to the exponential

family distribution, an(Enp gSp( ¥ is its expectation with respect to the neparametric
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distribution. We use Matlab's nonlinear optimization routine (fminsearch) to solve favithe

estimates of the parametefld™-. While the distribution parameters are all strictly positive,
constrained optimization techniques were unnecessary because the parameters were initialized

very close to theiML values, as discussed below.

Maximum likelihood state sequence
Estimationof the ML state sequence is typically achieved using the Viterbi algorig#@], and
similar algorithms have been demonstrated for the EDH}2¥B]. We fPllow the method of
Datta et al. and map the Viterbi decoding problem into that of finding the longest path in a

directed acyclic graph (DA@%9].

Discontinuous data segments
We can easily adapt the EDHMM to handle discontinuous segments of data, which canube usef
if we wish to exclude certain portions of the data from analysis (for instance during periods of
WRSaeéyOKNER y1RI 19R50]). Assumidig thad v haw, discontinuous segments of
data for which we wash to classify UDS, we define our segmented observations at time sample

within the n" segment to bey . First, we must replage(the distribution on the initial latent

state variable) with a matrix containing a distribution over the initial latent state variables for
each data segment. Next we introduce a set of tvaeying stateconditional mean functions,
one for each data segemt, which are updated according to:

a w(t'- H)g.(k)y;

e = té"l w(t- 0 (K) (2-13)
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The same forwardbackward procedure can then be used to compgfték) andD;" (k, d) for

each data segment independently. The tingariant model parameters can be updated by
computing expectations with sums over time samples and segments. For example, the updated

estimate for the conditional variance of stdtés given by:

5 ag(v-ero) (v - )
Ek — n=1 t

N (2-14)
a ag’
n=l t
where Ns is the number of data segments. Computing the mostyiktate sequence within

each data segment can be accomplished using the same Viterbi decoding algoritifer the

MLaAGFGS &aSIjdzSy0S 2F SI OK Rmpdrantta SoBYh&WHE AYRSLISYR!
approach implicitly assumes that the first and last state within each segment start and stop at

the beginning and end of those segments respectively. These assumptiobhs oalaxed244],

however when the data segments are long relativéhie state durations, the boundary states

can be excluded from analysis without substantial loss of data.

Robustness to deviations from the observation model
Large deviations of the data from the observation model can lead to errors in inferring the state
sequence, and thus the results should be monitored for such deviations. While the model is not
expected to be a perfect description of the data, large sudden changes in the signal properties,
such as could be generated by movement artif§286], can create situations where the
observation likelihood is very small under both statenditional observation models. In such
situations, where the obseation is very far from both stateonditional means, the posterior

distribution on the hidderstate will tend to be dominated by the state with highest variance.
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For example, this could lead to cases where the posterior probability is estimated to be higher
for statek=2 than for statkl M 6 & & S)NdBa time whery, f ., ¥ state 2 has a higher

variance. Thus, such deviations from the observation model should be identified and these
periods can either be excluded from analysis, or the observation likelihoods can be made more
robust as follows. First, large deviationsrfr the observation model are detected by
monitoring the maximum stat® 2 Y RA G A2y | f 20 aSNIBIF GA2Yy A1 St AK2?2
observation likelihoods are smaller thampredefinedhreshold we can reassign the observation
likelihoods for each stataccording to Gaussian distributions where the stataditional

variances are constrained to be equal. This produces a more robust model which will always
favor the hidden state whose mean is closer to the observed data at times when the data is very
far from either state's mean. We choose a threshold for the maximum staelitional

likelihood such thatheseinstances constituted on average 3% of the LFP data.

Alignment of the decoded state transition times
In some casesuch as when the signal feaés are dowrsampled or filteredit is desirable to
consideralignmentof the initially decodedstate transition times to aeparateobservation
sequencesuch as the unfilteredata. This procedure allows for initial classification of skete
sequene usingsignal featuresvith a lower sampling frequendy, while subsequent alignment
of the state transition times to a signal with higHgpreventsloss of temporal precision. This
can be particularly important for the EDHMM where the complexityhefinference procedure
and the Viterbi decoding algorithm both scale wigh245,249]for a fixed maximum state
duration. Alignment of state transition times to a new observation sequence can also be useful

F2NI NBY2@AYy3d (GKS WofdzZNNAYy3IQ SFFSOGa 2F FAL GSNR
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transition times. We perform this alignment using a dynamic programming algorithm to find the

set of state transition times that maximizes the likelihood of the new observation sequence
given the model parametersLetY '={y',,...,y ';} denote the\HewCbbservation sequence

which we want to align the state transition time§Ve first estimate the parameters of the

state-conditionalGaussian observation distributions fd2  dza Ay 3 (G KS L322 a i SNR 2 NJ L

g(K)=P(z =klY, Jcomputed from he EDHMM fit to the initial observation sequente
Next,lett, be the time of the transition into thé" statewhose latent state variable is given by
k =7 ,letd bea perturbation on tke time of thetransition into thei" statetaking values in

the range(d,,,, @), andletd bethe current estimate of theduration of thei™ state (such

in?

thatd. =t,, -t) (Figure2-1). In the wo state case, we can writbe log likelihood as a

function of theset ofperturbations{d} as:

L(d.... @)=log(n, (4 +,¥ tjrtad: lod p¢ | 12 k)
~& gyt 1z ) edn @ o L- g 215
v dog(n,, (h d to @) a+ od Y i 1z k.3
+8 log(py 12 =)

where we have not included terms which are independent ofdheand wherek, = z. If we

defineG (d) to be the maximized log likelihood of perturbatiods..., cup to thei" transition

then we have the recursion relation:
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G(a) mmax( . G(a) togn, (1 .- B

K b (2-16)
*a log(p(y: 12 =,)) +a&|09( dyilz B)
=t Hin tt=

By keeping track of the valuesaf, which maximizé& for eachd we can then backtrack the

entire ML sequence of transition perturbations, as with the Viterbi algorithm. We only need to

include the initialization condition:

thta 1

G(a) Jog(p(t +d) & log(p(yilz Kk}
t=t, (2-17)

t+Oax
+ 4 log(p(y: Iz =))
=t €
Seamari et al. achieved a similar realignment of state transition times by finding local maxima of
the rate of change of the signal features in tji2@6]. Such a procedure will generally produce
similar results to théviL realignment procedure presented hefer univariate signal features
K2SOSNJ I RRAGAZ2Y I f Wi KNS & K[236]RRugthart islulhclNdr hos G S NA

such methods should be extended to multivariate signal featured,dependingn the signal

feature being used it may be more susceptitianoise.
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Figure2-1: Schematic depiction of the maximum likelihood alignment procedure.

LYy AYFAAYENES@i@RIY | the lanpass fiteted (anddoiveaipldr )t
observation sequence (black trace) is used to produce the initially decoded Viterbi st:
sequence (green trace) with state transition times t1, t2, anidd&ated by the vertical
black dashed lines. These trdiwsi times are aligned to the broadband observation
sequence (red trace) by maximizing the likelihood of the broadband observation seqt
gAGK NBaLISOG (2 lonthehiial Rafe tradStinditidesD Thel raRiryfua
likelihood values othie aligned transition times attben given by the set of timesHt *},
indicated by the red vertical dashed linésr the signal features used in the majority of
the analysisperturbations ofup to+/- 150mswere determined to be sufficient; however
when exploring a large range of filtering parameters we allowed perturbations of up t
300ms on the state transitions.

EDHMM parameter initialization
It is well known that proper initializeon of the model parameters is important to insure that
the parameter estimates of the EM algorithm represent a globalimarm of the likelihood

function[240]. Several steps were thus taken to initialize the model parameters nearltieir

values. First, the time varying staneans were initialized using a slidiwgndow density
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estimator. Specifically, Gaussian kernel density estimates were computed in overlapping, sliding
windows of length. The bandwidth of the density estimator was selected using Terrel's over
smoothirg bandwidth selectoj251]. If the density estimate was bimodal, the two modes were
taken as the estimates of thHdPand DOWNSstate means for the given interval. In cases where

the density estimate was unimodal, the sign of the skewness of the density was used to
determine whether the single modepresentedthe UPstate or theDOWNSstate (positive

skewness indicating the modepresened the DOWNSstate and vice versa). In such cases, the
mean of the other state was taken to be:

& (ec(t)- &)
5= &) = | (2-18)

whereg . (t) is the mean estimate for the state representing the mode of the density estimate

at timet, and the sefl includes all times for which the density estimate was bimodal.
Recordings in which the density estimate was never, or very rarely, bimodal (and which still met
power spectral criteria for the presence of {D®MWN tates) were not considered here;

however other initialization procedures could be introduced in such cdséfal estimates of

the state covariance matrice®, were then determird by fitting a Gassian mixture model to

the variabley, - €, (t) for each statek. Similar results wre obtainedwhenusingsliding

window Gaussian mixture models itatialize the parameters of the stateonditional

observation modelshowever this was more computationally expensive

After initializing the observation model parameters as described above, the initial transition

matrix Awas set to:
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o_&-1/f  1/f, (2-19)
CE1/f, 1- 1/,

This initializes the expected state durations for both thigand DOWNstates to be 1s under a

geometric state duration distribution. A standard HMM was then fit to the observation

sequence using this set of initial parameteMext, e ML state sequene wascomputedusing
the standard Viterbi decoding algorithm, and thet ofstate duration{ di}kfor each state was
determinedfrom the Viterbi state sequence. Initial values for the parameters of the state
duration distributions wee then computed from the Viterbi state duratio{ﬁi}k of the HMM.

For thegammadistribution, ML estimates of the statelependent shape parameters were
determined numerically sing the NewtorRaphson methofR52]. The rate parameters,were

then given analytically by:

a (2-20)

bML -
k dk

whered, is thesample mean duratioof statek. For thenverse Gaussiadiistribution, ML

estimatesof the model parameterare given by:

" :ak (2-22)
w81 A1 1 50
- el
k éﬁ\'—k acdo Mt k] (2-22)

WhereN is the number of occurrences of stdte The MLestimates of the observation
distribution parametersand the state duration distribution parametedetermined from the

HMM were used to initialize the parameters of the EDHMM.
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EDHMM MethodSummary

In summary, the entire EDHMM UDS inferentgorithm poceeds as followé-igure2-2). First,

all segments of data meeting the criteria for the presence of UDS were extracted, Sitpeal
features(the observation segence)were calculated and dowsampled to a sampling

frequency of 50Hwithin each segment Initial estimates of the time&arying state meanaere
computed using the slidinggindow kernel density estimatpandGaussian mixture models

were then used toritialize thestate-conditional covariance matricesNext,ML estimates of the
parameters of a standard HMM were determined, and were used to compute the Viterbi state
sequence of the HMM. The state durations of the Viterbi state sequence were useiihtates

the ML parameters of thestate durationdistribution models These, along with the ML

estimates of the observation model parametensd the matrix of initial state probability
distributions for all data segmenfeom the HMM were used to initializ the parameter vector

for the EDHMM. Using a maximum state duration of 30s, only a few iterations of the EM
algorithm were typically sufficient to achieve convergence of the log likelihood with a tolerance
of 1x10° for the EDHMM. The most likely statequence under the EDHMM was then
determined, and subsequent alignment of the state transition times to the broadband signal
sampled at 252Hz was performed by maximizingabservationlikelihood with respect to a
sequence of perturbations on the transiti times. The full algorithm was found to take on
average 5s per minute of raw data for UDS inference from scalar signal features (run using
Windows XP 64it with an Intel Core2 Quad 2.40GHz processor with 4GB of RAM). When using
the simpler HMM, withotiexplicit stateduration modeling, the algorithm took about 1s per

minute of raw data on average.
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Figure2-2: Flow diagram of the EDHMM inference algorithm.

The full procedure for UDS inference from continuous signal features is depicted schema
The initial input to the algorithm is the raw sigxalwhile the final output of the algorithm is
the Viterbi state sequence of the EDHMMaligned to thébroadband signal.
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Discrimination information (signal separability)

The Kullback eibler divergence between two Gaussian distributions is givga33}:

o

1a detg, 0 ) T
Dy (N; [IN,)==gdog 2 gHr Ezl + 1 2l 2 € P
( ) 26% et g*t( B) (+5 £ JE. e} 229

whereg, and, are the mean and covariance matrix of tieGaussian component. This
quantity provides the expected 'discrimination information' for tHfé@aussian component over
the 2. We use the symmetrized Kullbackibler diergenceD,, (Nl |IN 2)+ Dy (\I , N l)

as a measure of the separability of the two component Gaussian distributions. For comparing
Gaussian distributions with timearying means we substitute the tireveraged Mahalonobis
distance in the equation for the Kullbatkiblerdivergence (averaging across discontinuous

data segments):

a et o) E e - 10)

N (2-24)
a a

n=1 t

Results

Non-stationarities in the UDS:
It has been weldocumented that the UDS seen under anesthesia are someiim@supted by
so-called desynchronized epocfik9,130,250] which are periods lacking clear UDS. Thus, for
all our analysis we first located the epochs of d#i@t contained cleaJDS based on the
spectral prgerties of the signalHigure2-3A,B). The spectrogram of theseored signal was

computed in 15s overlapping windows using mtdper methods (Chronux Matlab toolbox
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[254]; http://chronux.org) with a timebandwidth product of 4, and 7 tapef81]. The maximum

powerintherange 0.08 | T 6 W! 5{ LJ2 éntpindd for eddh signai, €Iy witd the
AYyGSaNIrt 2F GKS 23 LRoeSNIo6SG6SSYy n FyR nnanll 6
test for the presence of clear UDS in each segment. A dimgiehold value was set for the

Y'5{Q | YR YNBISMBIsud Bectial asdrecording sessionBigure

2-3A,B). Any data segments which had UDS power below this threshold and reference power

above the thrahold were excluded from analysis as desynchronized epochs. The reference

power criterion insured that any segments of data which had low power in the UDS band

because of very long DOWN states were not excluded from UDS analysis, since these segments
would show a corresponding reduction in hifflequency power. All subsequent analysis was

performed only for those segments of data containing clear 4B&0jiscontinuous data

segmentsy.
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Figure2-3: Procedure for selecting epochs with clear UDS.

A) The spectrogram of a cortical LFP. White vertical lines indicate a period of desynchr
activity. B) The maximunDSpower (blue trace) and higifrequency power (red trace) are
extracted from the spectrogram. Threshold values (dashed lines) fooé#tese statistics
are used to locateesynchronized epoclisighlighted by the vertical lines})The sliding
window density estimate of the lefrequency (0.02Hz) LFP amplitude along with the time
varying UP (black) and DOWN (green) staiaditioral means estimated from the HMNMD)
An example LFP trace taken from the region of the recording indicated by the black lines
black and green traces again represent the tivaeying UP and DOWN statenditional
means. The red trace shows the estiethUDS state sequence.
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Initially, we applied a Gaussiatservation HMM with two hidden states to classify UDS using
the amplitude of the lowfrequency (0.082Hz) LFPL47,148] The distribution of this signal
FSEHGAZNBE o0W20aSNBIFGA2Y Q0 gAGKAY SlthsmodeledaR Sy
Gaussian (sedidden Markov Modedf UP and DOWN StafesWhen classifying UDS over long
duration recordings (~20 minutes) we found that the amplitudes of the UP and DOWN states
could vary substantially over the courskthe recording236,237](Figure2-3C). Thisould

arise from actual changes in the amplitude of the UDS, as w/éltering artifacts of the AC
coupled amplifiers that remove slowly varying or constant signal components. To account for
the variations in the UP and DOWN state amplitudes, we infzed timevarying state

conditional means ito the model by using a slidingindow estimate of the stateonditional

mean amplitudes (sedHidden Markov Modeadf UP and DOWN StatesA window length of 50s
was found to provide a good tradeoff between temporal resolution and robustness. Thus, the
estimated stateconditional means of the UP and DOWN states at a given time were computed

using the 50s of da surrounding the time point.

Choosing a state duration distribution model:
The distributions of UP and DOWN state durations obtained from the HMM model were very far
from the geometric distribution implicitly assumed by the HMNglre2-4). Thus, in order to
determine an appropriate choice of duration distribution model, we computed the goodness of
fit (KolmogorovSmirnov statistic) for several exponential fandigtributions including the
gamma distribution and inverse Gaussian distribution, as well as the geometric distribution
[231]. Both the gamma (DOWARN:15, 0.140.16(median, interquartile range) UP:0.074,

0.0560.09%, n=21 LFPs) and thmverse Gaussian (DOWMN12, 0.160.14;UP:0.062, 0.046
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0.077) distributions produced far better fits than the geometric distribut@OWN: 0.28, 0.24

0.31; UP: 0.38, 0.36.40)for both the DOWNgamma:p=6.9x10 (two-sided Wilcoxon signed

rank test);inverse Gaussiap=6.0x10) and UR(gammap=6.0x1C’; inverse Gaussian:

p=6.0x10) state duration distributionsRigure2-4ED). Furthermore, the inverse Gaussi
distribution produced better fits than the gamma distribution for both the DOWAL(2x10Y,

and the UP{=0.014) stataduration distributions Figure2-4F). Ths, to improve upon the

implicit use of the geometric state duration model, we use an EDHMM with an inverse Gaussian

distribution model for both the UP and DOWN state durations.
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Figure2-4: Explicitmodels for UP and DOWN state duration distributions.

A) The distribution of DOWN state durations inferred by the HMM algorithm for an examp
LFP recording. The green trace shows the geometric distribution fit. The red and orange
are the fits fothe gamma and inverse Gaussian distributions respecti®Igame as A for
the UP state durationsC)Average DOWN (blue) and UP (red) state duration distributions
across all (n=21) LFP recordings. Error bars indicate28&3 D) The Kolmogore®minov
(K-S) statistics for the geometric distribution fits are plotted against the corresponethg K
statistics for the inverse Gaussian distribution fits across all LFP recordings for the DOWI
dots) and UP (red dots) state duration distributioB3Same as D for the gamma distribution.
F)Comparison of gamma distribution and inverse Gaussian distribui®stitistics for the UF
and DOWN state duration distributions.




LFP feature selection
Thus far we have only considered inferring UDS from theflequency amplitude of the LFP,
but previous work has shown that the signal power in theBR6iz range can be more effective
for inferring LFP UO334]. Thus, we sought to compare results obtained using the low
frequency amplitude (l-BEmplitude) and highHrequency power (Hpower). Furthermore,
classification results depend on the preprocessing steyesl to compute the L-&mplitude and
HFpower of the LFP. Thus, if we believe (whether because of evidence accumulated from
intracellular recordings, or because we have some knowledge about the underlying mechanisms
governing state transitions) that rap{e.g. <200ms) fluctuations in the signal feataee
unlikely to represent transitions between states, we can apply this prior information by

appropriately bandlimiting the signal features.

¢t2 200 Ay G K Sighégyeacypbwerine vofvdlddihe squared amplitude of the
filtered signal with a Gaussian smoothing kernel. This smoothed power was then log
transformed in order to normalize the statmnditional distributions. We varied the higlutoff
frequency (HE) and Gaussian smoothingmaigof the LFamplitude and Hipower respectively
to control the bandwidth of the signal features. Since suchpags filtering of the signal
features will also have a 'blurring' effect on the precise state transition times, we aligned the
initially deteded state transition times to a broadband signal by optimizing a sequence of
perturbations on the state transition timegigure2-1), analogous to the procedure used by
Seamari et gl236]. This also allowed for more direct comparisons of the distributions of

detected state durations when using variousdiilhng/smoothing parameters.
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First, we compare the state duration distributions obtained from an HMM fit to theserdiife
signal featuresFigure2-5A,C show thaas the HCF of the {dmplitude was increased from 0.5

to 10Hz, the state duration distributions became increasingly bimodal with a peak developing at
short (< 200ms) durations. These shduration states represent a deviation from the unimodal
state durdion distributions that cannot be wethodeled by simple twgparameter distributions,
and likely correspond to the spurious detection of state transitions. Furthermore, classification
based on the Hpower produced far more shotived states than when irsg the LFamplitude,
even when the smoothing signreas as large as 100nBigure2-5B,D). These results suggest
that the frequency content of the signal features dder classification should be restricted to
prevent excessive detection of shdited states; however, when the signal features were
excessively bandlimited we overly restricted the range of state duratiene/@re able to detect

(Figure2-5E,F).

67



Probability

—
(e=]]

Probability

—
=]

1 2 3 0 1 _ 2

E Duration (s) F Duration (s)
’_\0.6 — DOWN State 0.4
n — UP State Jo |
c | £0.3¢
.90.4 g I
© | So2
302 ]
a 7 B0

0 0

0 2 4 0 12 0 50 100 150 200 250 300 350

6 8
HCF (Hz) Sigma (ms)
Figure2-5: Dependence of UDS classification on signal preprocessing.

A) The average UP state duration distribution for HMM classification based on the filtered
amplitude is plotted for several different values of the khigtoff frequency(HCF) As theHCF
increases from 0.5Hz to 10Hz the UP state duration distribudgaldps a secondary peak at
short durations (< 200msB) Same as A for inference based on Higigjuency LFP power
using several different values of the Gaussian smoo#igiga In this case the sheduration
peak is more pronounced than for classification of the filtered LFP amplitude, and it appe
smoothing windows as large aggma=100ms.GD) Same as M for the DOWN state duration
distributions, showing similar eftts of filtering and smoothing on the detected state
durations. E)The minimum DOWN (blue) and UP (red) state durations, averaged across
recordings (n=21), is plotted as a function of H@F ForHCFss low as about 2Hz, UP and
DOWN state durations ahort as 200ms are still detectedt) Same as E for the high
frequency power based classification. As the smogtkigmais increased above about 150
the minimum state duration exceeds 200ms.
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We thus chose HCF = 2Hz and sigma = 150ms to provide a good compromise between
YAYAYAT Ay3 GKS LINBaSyOS 2F &alJdz2NA2dzatée RSGSOGSR
state durations. Other authors have used threshold minimum state duratigpsally in the

range 100200ms, to avoid detecting such spurious state transitjdi®,231,233,234,235,236]
however such thresholds can produce ambiguous state sequences (if multiple states with
subthreshold duration occur in sequencéjurther when applied in the EDHMWMamework,

such thresholdgan produce a large number of states whose duration is exactly equal to the
minimum allowed duration. Our preprocessing of the signal features imparts a ‘prior' bias
against overly short state durations without imposing a hidareshold, thus avoiding these
problems. It is worth noting at this point that the assumption of conditional independence of

the observation sequence used in the HMM (and EDHMM) is clearly not strictly valid,
particularly for the bandlimited signal feaes. The autoegressive HMM (ARHMM) relaxes

this assumption by modeling the signal features with si@épendent autoregressive models

[255]. We found that despite this assumption, the HMM produced better results than an
ARHMM for UDS classification (results not shown), likely because the UP and DOWN states are

better distinguished by their stateonditiond distributions tharby their state-conditional

autocorrelation functions.

Next, we computed the amount of discrimination information in the LFBniyblitude and HF
power, where discrimination information was measured by the symreedrKullbacK_eibler
divergence between the stateonditional Gaussian observation distributions computed for the
EDHMM (se®iscrimination information (signal separability)This provides a measure of how

much information each signal feature will provide on average about the underlying UDS state
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observation distributions are. We udeettime-varying stateconditional means when
estimating the discrimination information so that variations in the state means do not decrease

the apparent discrimination information.

We found that the Liamplitude provided significantly more discriminationformation about

the LFP state than the Hfower (LF: 23.8, 20-24.7; HF: 15.8, 11-22.9;p=0.013), suggesting

that for our data the LFP idmplitudewasa more effective signal feature than the {déwer

for inferring UDSThe HFpoweralsoprovided significantly more variable discrimination
information across LFP recordings than theahiplitude (standard deviations: {afplitude =

5.3, HFpower = 11.4p=1.1x1C, two-tailed Ftest for equal standard deviations)Ve also
computed the jointdiscrimination information in the combined {afmplitude and Hfpower

signals (LF+HF: 23.8, 224.3), and found that there was only a small (medsa9%), but
significant (p=5.7x1¥), increase compared to the discrimination information in the LF
amplitude alone, suggesting that the two signals carry largely redundant information about the

underlying state sequence.

I SNIFAytfez Y2NB WSt I 62 Ndrequsry répleskytatidns (8.& I (G dzZNB a =

coefficients of the continuous wavelet transforngutd also be used; however, because the
differences in the stateonditional power spectra are largely redundant across frequencies

[234], such possibilities were hexplored here. We emphasize however that the EDHMM
framework can be applied to any signal features which can be well modeled with state
conditional Gaussian (or mixture of Gaussians) distributions. Thus, for a given data set, various

signal features shuld be evaluated to determine whether there is an appropriate -state
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mixture distribution, and whether there is sufficient separability between the stateditional

distributions to perform robust inference of UDS.

Comparison to threshold -crossing approaches
¢t KS NBadzZ Ga 2F GKS 95l aa !5{ OflFaarxfAaoliArzy YS
thresholdONB &4 a Ay 3Q 6 ¢/ 0 -ampliti® (D.@3XHZ). T fixgd hreshéldBrvag C
selected for each LFP recording using either a 'static mixtureeth@MM) method, or a
‘nonparametric' method. For the static mixture model, we selected a threshold by fitting-a two

component Gaussian mixture model to the signal feature. The threshold was then chosen to be
the value of the signal in the ran(;ﬂ], /g)where the two mixture components had equal

LI2AGSNA2NI LINPOIF OATfAGED C2NJ GKS Wy2y LI NI YSGNRO

location of the minimum of a Gaussian kernel density estimate of the signal in the range
(17], /g) similar to the method used by Mukovski e{2B4]. In this case, the state means

were again taken from the twoomponent mixture model fit. Given thareshold value, the

thresholdcrossing times were then used to identify UP and DOWN states.

While for the most part the UDS can be inferred accurately using the TC methods, non
stationarities in the d&, and ambiguous, intermediat@mplitude signal featres can pose
substantial problemsFigure2-6 illustrates some potential problems with the TC approach for
an example LFP signal. As showRigure2-6C, at around 800s there was a period with
increased probability of the DOWN state which was also accompanied by an increased mean
amplitude of the DOWN state, largely resulting from Rigtssfiltering of the longDOWNstates

by the AGcoupled amplifiers. The threshold value selected by the SMM method was found to
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be substantially too low during this perioHigure2-60), such that a series of erroneous UP
states were detected while the signal was apparently remaining in the DOWN state. If the
threshold value was instead selected using the nonparametric method, this issue could be
largely avoided, howevehis choice of threshold created similar problems at other times within
the same recording, where fluctuations within the UP staeeatedlytriggered DOWNtate
transitions Figure2-6D). Thus, the problem with the TC methods is often not one of selecting
the "appropriate’ fixed threshold value, but rather that no single threshold value exists which
can provide robust separation of the UP and DOWN states acrogstine recording.Hence
while we found that a TC approach gave results which were mostly in agreement with those of
the EDHMM method, the advantages of using the EDHMM inference procedure were
particularly important when substantial nestationarities ofthe signal features were present,

or when the UP and DOWN statenditional distributions wer@ot wellseparated

72



T o

- N
=
—
=N
=
E
- N

Amplitude (z)
OI
==
Ee
L
= L |
o
I

-1

=

250 255 260 265 780 790 800 810
Time (s) Time (s)
——— Up state p(t) Down state p(t) — — - SMMThreshold  ----- Np Threshold
Threshold-crossing EDHMM
state sequence state sequence

Figure2-6: Comparison of EDHMM classification and threshalwssing classification.

A) The sliding window density estimate is shown for an example LFP recording. Log prok
density is depicted as the color map, with the violet and green traces showing theatipieg
stateO2 Yy RAGA2Y I f YSIyao ¢ KS Mgichhbigk finesisho@ thé
locations within the data where the example traces in panels C and D were @)KEne
overall amplitude distribution, along with the UP and DOWN state component distribution:
using a (static) Gaussian mixture moddihe two values of the fixed threshold used for the
Wi K NBAN@R2aR y3Q | 32 NA (-garametro (\Np) @R tatidzaiktuednode
(SMM) approaches, are shown by the finely and coarsely dashed black horizontal lines
respectively.C)An exanple LFP trace (blue) from the region indicated by the black lines is
shown along with the timearying UP (violet) and DOWN (green) stededitional means. The
Viterbi state sequence from the EDHMM is shown in brown. The state sequence classifie
the static mixture model (SMM) threshattbssing method is shown in light blug) Another
example LFP trace from earlier in the same recording, comparing the EDHMM UDS
classification with the nonparametric (Np) thresholdssing methodagain shown ashe light
blue trace)
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Evaluating classification accuracy
In order to quantitatively compare the results produced using the various methods and signal
features described above, we compared the agreement between state sequences classified
from the LFP to those classified from the simultaneously recorded MP of nearby cortical
neurons. The state of single cortical neurons is classified relatively unambiguously from the
signal amplitudg234,235] and is a reliable indator of the cortical state since cortical neurons
make nearly synchronous state transitiqd83]. Thus, we computed the difference between
state sequences inferred from MP/LFP pairs (n=9), using the normalized Hamming distance
mS G NAXA O 06 NB T SNNBRNI. RPES@FIquéndes wieke Sompletldrom the LF
amplitude (0.052Hz) after removing spikes from the MP signal. When corisgldifferent
algorithms (e.g. thresholdrossingvs. EDHMM), identical methods were used to infer UDS in
the MP and LF® insure fair comparisons between methods. Since the error rates themselves
varied substantially across data sets (for the EDHMM based-ampktude error rates ranged
from 4.2% to 10.1%, with median 8.8% and IQRO6L66), we report error rates of ¢hvarious
algorithmsas percent change®lative to the error rate of the EDHMM with{amplitude
(positive relative error rates thus signify poorer performance compared to the EDHMM
algorithm with LFamplitude). Twesided Wilcoxon signed rank tests werged to test for

significant differences in the median error rates.

First, we hypothesized based on the previous analysis that we would achieve better agreement
between MP and LFP UDS when using themplitude of the LFP, compared to the-pidwer.
Ths was confirmed by the observation that using LFpditer increased the error rates

substantially (+78%, +36-198%p=4.0x10°) compared to using k&mplitude. Furthermore,

74



using both Lfamplitude and Hfpower together did not significantly improvedterror rate
compared to Lfamplitude alone (+0.67%4.2- +3.7%p=1.0), also in agreement with the
discrimination information analysis. Next, we sought to evaluate the contribution of two key
components of our method to the decoding accuracy: the eiptate duration models, and

the variable stateconditional means. Thus, we compared error rates obtained using a HMM (no
exlJt A OA G RdzNI (A 2 yY S12yR S Slbara the gt&tecdnditidh®il ineaSsRvere
constrained to be constant), with thosibtained using the unconstrained EDHMM. Somewhat
surprisingly, we found that neither constraining the state means to be constant (+3.8%,
+9.3%p=0.12), nor using the simpler HMM (+0.10@032- +0.98%p=0.82) produced a
significant increase ithe error rate compared to the unconstrained EDHMM. These results
suggest in particular that the explicit statiiration models may contribute relatively little to
accurate inference of UDS, evertigh the inverse Gaussian stataration distributions wee
found to be much better fits than the geometric distributions implicitly assumed by the HMM.
Thus, the much more computationally efficient HMM algorithm can be used in place of the

EDHMM without a significant loss of accuracy.

Next, we compared theesults of the EDHMM classification method with the threshololssing
approach, again considering two different procedures for determining the threshold: the SMM
and nonparametric methods. We found that, as predicted, TC algorithms produced higher error
rates than the EDHMM methodrigure2-7) when the threshold was selected using either the

SMM method $10%,+6.5- +34%;p=0.012), or the nonparametric approactd(6%,+5.2 -
+31%,p=0.012). Even the computationally faster HMilghgficantly outperformed both the

SMM TCpE7.8x10%, and the nonparametric T50.012) methods. Thus, we conclude that
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using the EDHMM method presented here, as well as the simpler HMM method, provides

significant improvements over previously demoraséd approaches when inferring cortical UDS

from LFP signals.
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Figure2-7: EDHMM classification produces improved agreement between simultaneousl|
recorded LFP and MP signals.

A) Example of an LFP (blue trace) recorded simultaneously with the MP (black trace) of
nearby cortical neuron. The corresponding LFP and MP state sequences are showBhab
Box plots illustrating the distributions of error rates (n=9) for the follgwli@coding
algorithms: EDHMM; EDHMM using bothdriplitude and Hipower (EDHMM (LF+HF));
HMM; fixedmean EDHMM (fREDHMM); static mixture model threshattbssing (SMM TC);
and nonparametric thresholdrossing (Np TC)Same as B for relative error east
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Discussion

We conclude by summarizing several of the key improvements provided by our UDS inference
procedure. Firstly, the framework presented here can be used to infer UDS from different types
of continuous signalsgch as MPs and LFPs), so that we do not need to resort to different
procedures when using different types of signals. Our method also allows for UDS inference
from combinations of simultaneously recorded signals, so that retdtitrode recordings could

be used to analyze global as well as reggpacific UDS. Different signal features, or
combinations of features (e.g. Hi®wer and LFamplitude) can be used as desired in each case.
Importantly, regardless of the exact experimental conditions or tyjpsignal(s) used,

estimation of the discrimination information provides a natural procedure for selecting a set of
signals and/or signal features, without the need to perform calibration experiments of any
kind[235]. When combining information from multiple signals and/or signal features, an
important strength of a probabilistic generative mddeich as the EDHMM is that it will
automatically account for correlations between the sighal components, as well as differences in
the information each component provides, when inferring the state sequehwieed, ve

found that the discrimination infor@tion provided by the L-Bmplitude, and particularly the HF
power, was highly variable across recordings, suggesting a strong advantage for adaptive

methods when considering multiple signal features.

The flexibility of the HMM framework presented here adwithe need for subjectively chosen
rules or model parameters which are unlikely to be optimal for a broad range of experimental
conditions. Our algorithm also effectively handles the stationarities present in large

datasets by allowing the statgondtional means of the signal features to vary in time, as well as
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by allowing inference of model parameters across discontinuous segments of data interrupted

by periods of desynchronized activity. Another important feature of the algorithm is that it

naturally provides a direct measure of uncertainty for the inference results in terms of the

posterior distribution over the latent state variables. This could allow for identification of state
WGNFyaridAz2y NBIA2YAEAQS | & enSbffidatdfér andlysisS wie@t SOG A 2y
the estimated uncertainty about the hidden state sequence is sufficiently low (e.qg. clear

individual UP and DOWN states, or data epochs with particularlydefiied UP and DOWN

states).

We use simultaneous LAWP recordimgs to confirm the benefits of these features, showing that
our method produces small but significant decreases in the 'error rate' of the UDS inferred from
the LFP. These results suggest that the EDHMM method outperforms thresbeking type
methods rayardless of the procedure used to select the fixed threshditerestingly our
resultsalsoindicatethat the faster HMM algorithm could be used instead of the EDHMM
algorithmwithout significant loss of accuracy, even though the EDHMM uses a more
appropriate model of the UP and DOWN state durations. It is worth noting that thagitreof

0 KA & GhatO2 YmdtriNdk quanyfging the accuracy of a particular algorithm for

inferring LFP UDS is limited by several factors, including the instantanacaisility of UDS

across neurons, as well as any ambiguity in inferring UDS from the MP. In particular, previous
work has shown that UDS decoded from the LFP can produce better agreement with UDS
inferred from the MP of a simultaneously recorded neutban the agreement between the

UDS of two simultaneously recorded MP sigfiaB!]. Such limitations could explain the

apparent lack of improvementinthe EDHMM dle 1 KS | aa YSUI KRy @ N 6§KS Y
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EDHMM. Thus, in addition to this quantitative measure of the accuracy of LFP UDS inference,

we also emphasize other qualitative strengths of the methods presented here. Finally, we note
that our EDHMM method couldsd be extended to include both continuous and pepnbcess
observations to allow UDS inference based on extracellular spikes as well as LFP signals, as done
in [235] using a thresholdrossing type algorithm, and as suggested234]within the EDHMM

framework.
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Chapter 3Region specific, spontaneous
persistent activity in the entorhinal cortex in
VIVO

Introduction

The entorhinal cortex (EC) provides the main source of inputs to the hippocampus and is
bidirectionally connected with the neocortex (Ncx), thus functioning as a gateway betlveen t
Ncx and hippocampyd80,181] Theoretical and experimental work suggests that cortico
hippocampalriteractions are required for lorterm memory consolidatiofil65,166,173]
thought to occur during sleefl14]. In support of these ideagdions of the direct inputs from
layer 3 ECECL3heurons to the hippocampus dramatically impair consolidafs6]. The
mechanisms by which ECL3 neurons shape cdhnifgoocampal interactions, however, are not

well understood.

To this exd, we measured theéMP of theseneurons inurethaneanesthetized micgalong with

the neocortical (Ncx) local field potential (LFP) from posterior parietal comexNcxLFP

shows UDS oscillations similar to those seen during [3285129,132,257]andprovidesa

robust estimate of the Ncx inputs to ECL3 neurdi@i]. Layer 3 neurons from the medial and
lateral EC (MECL3 and LECL3) shaWdOWN statesl{D3J that were phasdocked with the

Ncx UDS, however MECL3 neurons nearly always persisteduiPgtate well beyond the Ncx
UPstate, often lasting for several cycles of the Ncx UDS. Despite decoupling from the afferent

Ncx UDS, the duration of these MECL3 persiditdtates was quantized in units of the Ncx
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UDS cycles. These persisteiitstates were not seen in LECL3 rans, and could not be

evoked by current injection. Further, the decoupled UDS of MECL3 neurons was found to
influence the downstream hippocampal LFP. These results provide a major dissociation
between the spontaneous activity of MECL3 and LECL3 eellsupport growing evidence of

their differential functiond258]. The quantized persistent activity of MECL3 neurons could play
an important role in mediating cortichippocampal interactions during sleep, and may be

critical for EQlependent longterm memory consolidation.

Methods

Experimental Methods
Methods wereas described in Chapter Experimental Method®ata were obtainedrbm 32
C57BL6 mice aged postnatal day2@ip p42 (p31.40.73, mearSEM weighing betweeri3.8
and29.2¢g(17.6t0.599. Mice were anesthetized with urethang.p-2.0g/kg i.p.).There were no
significant differences between the age, weight, or anesthetic dosage for mice where MECL3 or

LECLS3 cells were recorded.

Visualization of biocytin filled neurons allowed the determination of cell type, layer and
recording site in medialr lateralentorhinal cortex L3pyramidal neurons used in this study are
distinguished from other excitatory neurons and interneurons by a prominent apical dendrite
and characteristic dendritic branchingeurons that were not clearly identifiedr neuronsfor
which the layeideterminationwasambiguouswvere excluded from analysigve further made

3D reconstructions of the dendritic tree and of the initial axonal segment from neurons with a
Neurolucida system (Microbrightfield, Williston, VT), from whiahittsesin Figure3-3AB are

taken.
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Local field potentials (LFP) were recorded with a sisglnk multisite probe (NeuroNexus
Technologies, Ann Arbor, Mijserted 2.0mm posterior to bregmand 1.5mmlateral from
midline. The most superficial electrode was located in layer 2/3 of posterior parietal cortex
while a deeper contact was targeted to the cell body layer of the CAL region of the dorsal
hippocampus LFP$rom frontal and prefrontal cortices (upper layensgre recorded with a
guartz/platinumtungsten glass coated microelectrode (Thomas Recording GmbH, Giessen,
Germany)nsertedlto 1.5mm anterior and 1 to 1rbm lateral (frontal) or around 3 mm

anteriorand 1 to 1.5 mm lateral (prefrontap) bregma.

Relative to bregma, the craniotomy for the MP recordings was made around 4.5mm posterior
and 4mm lateral for MEC neurons, and 4maosterior, 4.5mm lateral, and 4mm ventral for LEC
neurons The average inil series resistance was#29Mm. MP values werecorrected for the
estimatedjunction potential of approximately7mV. Both LFP and MP were recorded
continuously on an eighthannel Cheetaacquisition system (NeuralyrRpzeman, MYfor at
least600s perexperiment(1160+41s) That complete recording was used for subsequent

analysisas described below

Data Analysis

Statistics and Hypothesis Testing

All central tendencies and variability are reported as megandard error of the mean (SEM).
Unless stated otherwise, all hypothesis tests were performed usinestdad twesample t
tests, with paired {tests where applicable. pwvalue of less than 0.05 was considered to be

significant.
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Data Preprocessing

Allanalysis was restricted to subthreshold fluctuations in the MP to obtain the MP in the UDS
range that is not influenced by spikes, and has similar spectral content to the LFP. Hence, spikes
were removed from the MP in the following way. The MP was bargifiléared between 100Hz

and 8kHz using a@dole Butterworth filter. The approximate derivative of this filtered signal

was then calculated by differentiation of adjacent values, and converted to unitsaire.

Times where the derivate of the filterezsignhal exceeded a fixed threshold (10z) were taken as
spike times. Spikes were then removed from the MP by replacing 3ms of data following the

onset of each spike by linear interpolation.

In order to determine the absolute amplitude of the MP signal inst fligned the D&€oupled
data(recorded with either Instrutech or CED hardware) with thecAGpled data (recorded
with Neuralynx hardware)Such alignment was necessary becasmmeof the DCcoupled data
were recorded in discontinuous sweeps of 7 or 10s separated by $ r@spectively, and thus,
UDS detection was performed on the continuously recordé&toupled data.To align the
signals both the D€and AGcoupled MP signals wefest high-pass filered above 2Hz using a
2-pole Butterworth filter. The D€oupled signal wadown-sampledto have the same sampling
frequency as the A€oupled signal (201B8z)usinglinear interpolation. The D@nd AG
coupled MP signals were then aligned by finding lbcation of the maximal value of the cress

correlogram.

Explicit-duration Hidden Markov Model Detection of U P and DOWN States

QX

{AYOS FOGADGAGE dzy RSNJ dINBGKEYS FySaAGKSAAL A

FOGAGAGREQ ¢ KSKBandtz &l., 2008 K lementzetSaly, A00&e located such
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epochs and excluded them from all analysigis was accomplishég first computing the
spectrogram of the signal in 15s overlapping windows using ftaydér methods (Chronux

Matlab toolbox[254]; http://chronux.org) with a timebandwidth product of 4, and 7 tapers

[31]. The maximum power in the range 0-PBz and the integral of the log power in thel@Hz

range were then used to locate desynchronized epochs in the data.

UDS of both MPs and LFPs were detected as descriligithipter 2.Briefly, MP and LFRgsals
were first filtered in the lowfrequency (0.082Hz) range using4pole Butterworth filter. We

then fit a two-state Gaussiaobservation hidden Markov model (HMM) to the filtered signal.
Because the amplitudes of théPand DOWNSstates could vargubstantially over the course of

an experiment, we allowed the means of the statenditional Gaussians to be slowly varying
functions of time by introducing timcalized window functions (rectangular windows of

length 50s) into the parameter festimation procedure. After computing the most likely

W+ AGSNDAQ &l dS aSljdzSy0S FNRY GKS NBadzZ GAy3
durations of the detecteddPandDOWNstates. These fits, along with tihdL parameter

estimates from the HMM, we used to initialize the parameters of an exptditration HMM
(EDHMM). This model improves on the geometric state duration model implicitly assumed by
the standard HMM, which was determined to produce poor agreement with the empirical
distributions ofboth UPand DOWNstate durations. After findinghaximum likelihood

parameter estimates of the EDHMM, the Viteskate sequence was computednd was used to
define UDSor all analysis In order to more accurately determine the precise times of state
transitions, we aliged theseinitially detected state transition timet® the lessfiltered (0.05

20Hz)signal by maximizing the likelihood of the broadband signal with respect to a set of
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perturbations (in the range ofL50 to 150ms) on the state transition times. This allowed our
initial detection of state transitions to be more robust towards higtguency fluctuations in

the data, while avoiding biases due to the lpass filtering ofhe signal. Based on
simultaneous cortical MRFP recordings, we found that this algorithm produced very good
agreement betweemeaocortical MP and LFP UDS (median Hamming distance 8.8%, QR 6.6

9.1%).

Persistent Activity
Persistent activity was defindd two ways. Type 1 persistent activity was defined as artudP
state that lasted longer than the concurreNtcxUPstate. Type 2 persistent activity was defined
as anUPstate of the MP lasting longer than one entire cycle of exUDS (the concurrenticx
UPstate plus the subsequeMMcxDOWNstate). The concurrent corticblPstate was defined
by finding theUPtransition in the LFP that was nearest in time to the Wi®ransition. In order
to make our definition of type 2 persistent activity moreotst to false detection of bridficx
DOWNstates, weexcludedMP UPstates whichwere found to skipny NcXDOWNstate that
lasted less than 0.5s (which constituted only 18 cxDOWNstates,Figure3-1). All results

were qualitatively very similar withoumposingthis criterion.
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Figure3-1: Average cumulative distribution of LFP DOWN state durations.

Thethreshold of 0.5s used to rule out spuriously detected type 2 persistent states was ch
to exclude the shortest 10% of LFP DOWN states.

To compute the duration of each MFPstate in unitsof NcxUDS cycles, the LFP signal was first
shifted so that the concurrent/Ptransitions in the MP and LFP were aligned. This removed any
fixed temporal delay between the LFP and MP. Each comidietelPor DOWNstate was then
treated as 0.5 cycles, drthe fraction of the nexNcxstate completed before the MBOWN

transition was added to get the duration of the NfPstate (Figure3-2).

MP UPtransition lags wex computed relative to the concurretNcxLFPUPtransition, as
defined above. MBOWNtransition lags were computed relative to whichever occurred later
between the previous LHPOWNtransition, or the first LF®DOWNtransition after the

concurrentUPtransition.
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Figure3-2: Determination of MP UP state duration in units of Ncx UDS cycles.

A single MP UP state is depicted (blue trace) along with the corresponding LFP signal (re
aligned to the MP UP transition (and with 1 standard deviation subtracted for ease of visu
comparison). The beginning and end of the MP UP state are denotedibghblack lines.
Individual Ncx UP states are depicted as red shaded regions. In this case, the total durat
the MP UP state was 3.8 NCX UDS cycles. The threshold durations for type 1 and type Z
persistent activity are indicated by the lavended orange vertical lines respectively.

Spectral Analysis

Powerspectraand coherence spectraere estimated using multaper methodgChronux

Matlab toolbox[254]; http://chronux.org). Power spectra were computed in naverlapping

50s windows using a timeandwidth product of 3 and 5 tapel81], and the average across
time windows and tapers was takef.he coherence spectrum between two signaindy was
given by:

-1

sy 0f

ny( f) -
SHQIENQ)
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Whencomputing coherence spectra a tinandwidth product of 7 and 13 tapers was used.
Power spectra and coherence spectra estimates were corrected for finite sample size biases

according td259]:

log(S( ) =log(X ) ¥ (¢/2) t( &2) (3-2)

tanh* C (f )= tanh® C @) le (3-3)

Where é( f)and C( f) are the biascorrected power spectrum and coherensgectrum, and
u =2NK (whereNis the number of data windows, arkis the number of tapers) is the
degrees of freedom, equal to twice the number of independent estimates of the spe¢2ijm
Partial coherence specttaetween signalg andy, controlling for signat, were computed

according to:

Cy(F)- C(HC L
(14cn(nfx1{cﬂujﬂ (3-4)

ny‘ z(

Results

A recentstudyshowed UDS oscillations in all layers of EC in the urethaasthetized rat,
although itdid not differentiatebetween lateral and medi&C anddid not document
persistent activityf149]. Consistent with this studyhe MP ofMECL3n=22)(Figure3-3A) and
LECL3 (n=14)igure3-3B) pyramidal neuronshowed clear, spontaneous UDS oscillatigrable
3-1). While the LECL3 MP showed UDS which were very similar tdcttigDS the MP of
MECL3 neurons often persisted in td@state while the afferentNcxactivity corinued to

fluctuate between thdJPand DOWNstates(Figure3-3C,D).
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Figure3-3 URDOWN states in example MECL3 and LECL3 pyramidal cells.

A) Sagittal brain slicehowing the region where the example MECL3 neuron was recorded (
box). The whitenisetshows a3D reconstruction of the example neur@endrites in red, axon
in blue)B) Same as A, but with a coronal section showing an LECL3 n€udidS in the
membrane potential of the exampMECL3euron.Simultaneously recorded Ncx LFP is sho
in red.Amplitudes arein units of zscore to allow comparison acrosslls and with the.FP.D)

Same as C, but for the LECL3 cell.

Toallow comparison across different neurqasd between the MP and simultaneously
recorded local field potential (LFP), all data were convetteahits of z-score Due to the
relative stability of the UDS, and the rapid transitions between states, the average distribution

of the MP for alMECL3andto a lesser extent ECL3)yramidal cells wakimodal Figure3-4A).
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Averaged across all the data, thstates in theMECL3eurons but not LECL3 neurorasted

significantly longer than the)Pstates of theNcxLFP Figure3-4B).

Figure3-4: Persistent UP states in MECL3, but not LECL3 cells.

A) Average of alamplitudedistributions showing bimodalityf the Ncx LFP (red), MECL3 MP
(blue), and to a lesser extent the LECL3 MP (green). Uncertainty is reported as the interv
(meantSEM)depicted as a shaded region around thean in all subsequent figureB)
Distributionof UPstate duratiors averaged acrosal recording session$he average duration
of UP states was larger in the MECL3®1B+0.149 than in theNcxLFP §.98+0.023s,
p=1.0x10/, paired ttest), but not between the LECL3 MP (8®@a55s) and Ncx LFP (p = 0.07
Furthermore, the MECL3 MP BlRtes lasted significantly longer than the LECL3 MP UP ste
(p = 1.3x10). C)Histogram otthe percentige of MPUPstatesshowing type 2 persistent
activity. Averaged across all neurons, MECL3 UP states wdimé® more likely to have type
2 persisént UP states (28.8%) than LECL3 UP states$0.39%,p=7.2x10). D) Same as B
for DOWN state durations. Both MECL3{Q.66s; p=0.46) and LECL3 {0.21s; p=0.18)
DOWN state durations were not significantly different than Ncx DOWN state$ (111§.
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