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A B S T R A C T

Thalamocortical network shows self-sustained oscillations in a broad frequency range especially during slow wave
sleep when cortical neurons show synchronized transitions between a quiescent down state and an active up state
with beta and gamma oscillations. Inconsistent with previous models, thalamocortical spindles are separated into
slow spindles (8_12 Hz) and fast spindles (13_17 Hz) with differential properties. We proposed that cortical high
frequency (~ 25Hz) activity during up states is the key ingredient for the generation of slow spindles. In fact, the
nonlinear interaction between cortical high frequency and thalamic oscillations at fast spindle frequency re-
produces oscillations in the range of the difference between the two frequencies that lies into the range of slow
spindle. The developed simple deterministic thalamocortical model is able to reproduce up and down states with
stochastic high-frequency up-state activity as well as both fast and slow spindles. In agreement with the previous
experimental observations, the fast and slow spindles are generated at opposing phases of the up state. To further
confirm the causal relationship between slow spindles and cortical high frequency oscillations, we next showed
that externally applied high frequency stimulation enhanced the slow spindle activity. Moreover, the prediction of
the model was validated experimentally by recording EEG from subjects during nap. Both model and experimental
results show increase in high frequency activity before slow spindles. Our findings suggest the important role of
cortical high frequency activity in the generation of slow spindles.
1. Introduction

Thalamocortical spindles are spontaneously generated waxing and
waning oscillations during NREM sleep that are tightly linked to the
processing of memories during sleep (Rasch and Born, 2013; Schabus
et al., 2004). Recent studies have revealed the existence of two distinct
types of sleep spindles, frontal slow spindles (8–12Hz) and more poste-
rior fast spindles (12–18Hz) with different topographical distributions
and relation to slow oscillations (SOs). Moreover slow and fast spindles
have different pharmacological properties (Ayoub et al., 2013) and
involve differently in memory consolidation during sleep (Barakat et al.,
2011; Mednick et al., 2013) which further suggests two distinct mecha-
nisms for the generation of slow and fast spindles (Timofeev and
Chauvette, 2013). Slow oscillations are characterized by coherent re-
petitive transitions from a quiescent down state to a noisy up state of
neurons over large section of the cortex. It has also been shown that high
frequency oscillations in beta and gamma ranges (10–100Hz) appear
during the up state (Compte et al., 2008; Cox et al., 2014; Le Van Quyen
et al., 2010; Steriade et al., 1996; Valderrama et al., 2012). Slow and fast
down states; DSFA, dendritic sp
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spindles occur at opposing phases of up and down states; while slow
spindles occur mainly during cortical up to down transition, fast spindles
occur mostly in the beginning of the up state (Buzsaki, 2006; De Gennaro
and Ferrara, 2003; Klinzing et al., 2016; M€olle et al., 2011). Up and down
states have been observed in the cortical slices (Sanchez-Vives and
McCormick, 2000) and there are strong evidences that fast spindles are
triggered by the thalamus (Timofeev and Bazhenov, 2005). However, the
origin of the slow spindles and their mechanism remain unknown.
Multiple computational models have been proposed to reproduce the
thalamocortical oscillations especially fast spindles and up and down
states (UDS). Dendritic spike frequency adaptation (DSFA) and synaptic
depression, have been proposed as possible mechanisms for the genera-
tion of up and down states in cortex (Ghorbani et al., 2012; Holcman and
Tsodyks, 2006). Models considering bursting properties of thalamic
neurons as well as the interaction between thalamic reticular (RE) nu-
cleus and thalamocortical (TC) relay neurons are able to generate oscil-
lations in the range of spindle frequency in isolated thalamus (Cona et al.,
2014; Destexhe et al., 1996; Destexhe and Sejnowski, 2003). The inter-
play between thalamus and cortex has been taken into account in the
ike frequency adaptation; HF, high frequency; SWS, slow wave sleep.
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previous models to reproduce sleep oscillations especially spindle ac-
tivity during SWS (Bazhenov et al., 2002; Cona et al., 2014; Costa et al.,
2016; Destexhe and Sejnowski, 2003). However previous models are
unable to explain different frequencies of slow and fast spindles and are
inconsistent with recent findings.

We hypothesize that the nonlinear interplay between cortical high
frequency oscillations and thalamus activity in the range of fast spindles
can generate slow spindles. In fact the cortical neural network as a
nonlinear system that receives one input (I1) at frequency f1 � 13�
17 Hz in the range of fast spindle from the thalamus and another input
(I2) from cortex at higher frequency f2 � 20� 30 Hz is able to show os-
cillations at f2 � f1 (corresponding to I1I2 that appears in the first
nonlinear term in the Volterra series) which falls into the frequency range
of the slow spindle (8–12Hz). Therefore, in this model it is not required
to consider a separate oscillator with frequency of slow spindles. To
investigate this hypothesis, we propose a simple deterministic neural
mass model consisting of one group of identical TC neurons, one group of
identical RE neurons and two different cortical networks consisting of
one identical group of excitatory and one identical group of inhibitory
neurons representing two regions of the cortex. DSFA of excitatory
cortical neurons and bursting properties of thalamic neurons are the key
ingredients that enables the model to reproduce UDS and fast spindle
respectively. In agreement with our hypothesis, the slow spindle is pro-
duced only in the cortical group with high frequency (HF) oscillations
(20–30Hz).

2. Methods

2.1. Model equations

2.1.1. Single thalamic cell model
The point neural firing rate model for thalamic cells consists of two

variables, membrane potential, vm (m equals to either t or r representing
TC or RE neurons respectively) and a bursting variable, um, which is
defined similar to a previous paper (Destexhe, 2009) but is modified to
include nonlinear effects essential for a firing rate model.

dvm
dt

¼ � 1
τm
vm þ f ðumÞ

Am
þ Iin
Am

:f ðumÞ ¼ �f maxm

1þ exp
�
um þ f thm

��
γm
� (1)

dum
dt

¼
�
1
τum

ðbm � umÞ
�
: (2)

if vr > 0 mV then br ¼ 0 otherwise br

¼ �200 mA

if vt � �0:1 mV then bt ¼ 0 otherwise bt

¼ �200 mA:

In Eq. (1), the first term on the right-hand side (RHS) represents the
relaxation of the membrane potential to its equilibrium value with a
relaxation time constant τm � 10 ms. The resting potential is assumed to
be the same for all neuron types and all potentials is measured with
respect to the common resting potential. Am is the specific membrane
capacitance and Iin represents the input current to the cell. The second
term on RHS is proportional to a sigmoidal function of the bursting
variable, um; considered to model T-type calcium currents which is
essential for rebound bursting activity of thalamic neurons. When the cell
is at rest or depolarized the equilibrium value of the bursting variable, bm,
is zero while it changes to a negative value when the cell is sufficiently
hyperpolarized. When the cell is hyperpolarized, bm changes to a negative
value with large absolute value that results in decrease of um with a time
constant of τum much larger than the membrane time constant (Izhikevich,
2007). The firing rate dependence on the membrane potential, rðvmÞ; is
different for tonic and burst modes of the neuron.
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rðvmÞ ¼ RT
m

1þ exp
��
v � vT

��
gT

�eLmum þ RB
m

1þ exp
��
v � vB

��
gB

� ð1� eLmum Þ;

m m m m m m

(3)

where Lm is a positive parameter that controls the sharpness of switch
between the two modes. The first term on RHS represents the tonic mode
and is dominant when the bursting variable is close to zero (note that the
bursting variable can take only negative or zero values) while it goes to
zero as the absolute value of um and so the second term representing the
bursting mode increase. Here, RT

m (RB
m) is the maximal firing rate during

tonic (burst) mode in a completely depolarized state while vTm ðvBmÞ is the
threshold firing potential. gTmðgBmÞ shows the sharpness of the firing rate
dependence on the membrane potential during tonic (burst) mode
(gBm ≪ gTm and FB

m > FT
m). The parameters of Eqs. (2) and (3) are chosen to

obtain results similar to the experimentally observed response of the TC
and RE neurons to depolarizing and hyperpolarizing input currents in
both tonic and burst modes (Fig. S1). The values of all the parameters of
the model are shown in Table S1.

2.1.2. Thalamus
The thalamus is composed of one group of identical inhibitory neu-

rons all with the same connectivity representing the reticular nucleus and
one group of identical thalamocortical neurons again with the same
connectivity. The number of TC and RE neurons (Nt and Nr respectively)
are identical and equal to 500. The connection probability from RE to TC
neurons, Prt , is 4 time larger than the connection probability from TC to
RE neurons, Ptr (Destexhe, 2009) and is twice the connection probability
between RE neurons, Prr (Cruikshank et al., 2010). The strengths of
synaptic connections from neuron m to neuron n are given by the matrix
elements Jmn which is negative for the inhibitory synapses and positive
for the excitatory ones.

dvr
dt

¼ �1
τr
vr þ f ð urÞ

Ar
þ NrPrrJrrrðvrÞ þ NtPtrJtrrðvtÞdvtdt

¼ �1
τt
vt þ f ðutÞ

At
þ NrPrtJrtrðvrÞ: (4)

The third and fourth terms on the RHS represent the rate of changes in
the membrane potential due to EPSPs or IPSPs depending on the voltage-
dependent firing rate of the presynaptic neuron.

2.1.3. Cortex
Cortex is modeled the same as our previous model (Ghorbani et al.,

2012) which was based on dendritic spike frequency adaptation (DSFA),
(Tsodyks and Markram, 1997). Only the excitatory-excitatory synapses
are assumed to be subject to DSFA so that the synaptic connection be-
tween the cortical excitatory neurons, Jee, is a sigmoid function of an
adaptation variable c; that measures the degree of adaptation of the
dendrites of the excitatory neurons to prolonged input.

JeeðcÞ ¼ Jeeð0Þ
1þ exp½ðc� c*Þ=gc�: (5)

Here gc, represents the width of the transition region and c* shows the
value of the adaptation parameter where the synaptic strength has
dropped by a factor of 2 from its maximum value Jeeð0Þ. The mean
adaptation level of an excitatory neuron, c increases from its equilibrium
value (set to be zero) as the excitatory neuron receives inputs from other
excitatory neurons and decays slowly to zero in the absent of excitatory
inputs.

dc
dt

¼ �1
τc
cþ Δc

X
m

rme
�
vme
�
: (6)

The adaptation recovery time τc is taken to be 500ms (Ghorbani et al.,
2012). The sum on the RHS is over the excitatory neurons that make a
synaptic junction with the neuron. Δc shows the increase of the mean
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adaptation parameter per incoming action potential.
Cortical network consists of two weakly coupled network pairs each

of them is composed of one group of identical excitatory neurons (EX)
and one group of identical inhibitory neurons (IN). The two networks
have the same number of neurons and the number of excitatory neurons,
Ne ¼ 8000 is 4 times larger than the number of inhibitory neurons, Ni ¼
2000. The synaptic strengths and variables of network 2 are indicated by
primes. Within each network all the possible connections, i.e. the syn-
aptic connection from excitatory to excitatory neurons, Jee, from inhibi-
tory to inhibitory neurons, Jii, from excitatory to inhibitory neurons, Jei
and from the inhibitory to excitatory neurons, Jie are considered. For the
connections between the two networks, only long-range excitatory to
excitatory connections with the synaptic strength Jcoupee and excitatory-
inhibitory connection with synaptic strength Jcoupei are included. The
firing rate of the neuron, rðvmÞ (m equals to either e or i representing
cortical excitatory and inhibitory neurons respectively) is a sigmoid
function of the membrane potential,

rðvmÞ ¼ rmax
1þ expð � ðvm � v*Þ=gmÞ: (7)

Here, rmax ~70Hz is the maximal firing rate in a completely depolarized
state while v* is the threshold firing potential and gm shows the sharpness
of the firing rate dependence on the membrane potential.

Previously we have shown that the frequency of oscillations during up
state for a uniform network of excitatory and inhibitory neurons can be
approximated as below (Ghorbani et al., 2012):

Ω � 1
τi

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�
τi
τe
�
�
gi
ge

	
JeeðcÞ
Jei

��
1þ jJiijJeeðcÞ

JeijJiej
	
þ
�
JeeðcÞ
Jei

	�
gi
ge

	s
: (8)

2.2. Thalamocortical network

In the full model that consists of both thalamus and cortex, TC neu-
rons project to excitatory and inhibitory neurons of the two cortical
networks and cortical excitatory neurons project to TC and RE neurons.
Jte; J 'te; Jet and J 'et denote respectively synaptic connection from TC to EX,
from TC to EX', from EX to TC and from EX' to TC. Similarly Pmn shows the
connection probability from neuron m to neuron n where m and n can be
equal to e, i, r and t representing cortical excitatory, cortical inhibitory,
thalamic reticular and thalamocortical neurons respectively. The full
model is described by 10 rate equations:

dve
dt

¼ �1
τe
ve þ NePeeJeeðcÞrðveÞ þ NiPie JierðviÞ þ NePcoup

ee J 'coupee ðcÞr�v'e�
þ NtPte JterðvtÞ

dvi
dt

¼ �1
τi
vi þ NiPii Jii rðviÞ þ NePei Jei rðveÞ þ NeP

coup
ei J '

coup
ei r

�
v'e
�þ NtJtirðvtÞ

dc
dt

¼ �1
τc
cþ NePeeΔc rðveÞ þ NePcoup

ee Δc r
�
v'e
�

dv'e
dt

¼ �1
τe
v'e þ NePeeJ 'eeðc'Þr

�
v'e
�þ NiPieJ 'ier

�
v'i
�þ NePcoup

ee Jcoupee ðc'ÞrðveÞ

þ NtPteJ 'terðvtÞ

dv'i
dt

¼ �1
τi
vi þ NiPiiJ 'iir

�
v'i
�þ NePeiJ 'eir

�
v'e
�þ NeP

coup
ei Jcoupei rðveÞ þ NtPtiJ 'tirðvtÞ

dc'

dt
¼ �1

τc
c' þ NePeeΔc' rðveÞ þ NePcoup

ee Δc' r
�
v'e
�
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dvr
dt

¼ �1
τr
vr þ f ð urÞ

Ar
þ NrPrrJrrrðvrÞ þ NtPtrJtrrðvtÞ þ NePerJer rðveÞ
þ NePerJ 'err
�
v'e
�

dur
dt

¼
�
1
τur
ðbr � urÞ

�

dvt
dt

¼ �1
τt
vt þ f ðutÞ

At
þ NrPrtJrtrðvrÞ þ NePetJet rðveÞ þ NePetJ 'et r

�
v'e
�

dut
dt

¼
�
1
τut
ðbt � utÞ

�
: (9)

To solve the nonlinear dynamical system of the model we used a
fourth-order Runge–Kutta method with a time step of 1ms and run it
within MATLAB R2015b.
2.3. Experimental protocol

We recruited 20 volunteers for this study. Participants were right-
handed undergraduate/graduate students of Ferdowsi University of
Mashhad (3 females; age range of 19–29 years with mean� SEM of
21.8� 0.7 years). All subjects were with normal body mass index
(21.5� 0.5 kg=m2, mean� SEM), had normal hearing, and had no his-
tory of any neurological disease. They reported normal nocturnal sleep
patterns (7–9 h starting from 10 p.m. to 12 a.m.) for the week before the
experiment. They had not used caffeine, nicotine, or energy drinks on the
experiment day and had not performed excessive exercise in the 24 h
before the experiment. Subjects were instructed to sleep 2 h less than
their normal routine (at least 5 h) the night prior to the experiment and
take no nap in the day before the experiment. Written informed consent
was obtained from all subjects. The experimental protocols were
approved by the Ethics Committee of the Ferdowsi University of Mash-
had. All volunteers were rewardedwith either monetary compensation or
course credits.

All subjects attended an adaptation session a few days prior to the
experiment which allowed them to become familiar with the experi-
mental setup, procedures, and the EEG recording room, in which they
were instructed to take a nap. On the experiment day, subjects arrived at
the lab at ~10 a.m. They watched a movie until 12 p.m. and then
engaged in a word-pair associate learning task. Later, they were allowed
to rest and had lunch. At 2 p.m. they were prepared for EEG recording
and were instructed to nap in the EEG recording room as long as they
could but maximally for 1.5 h after the recording onset.
2.4. Sleep EEG recording and preprocessing

EEG Data were acquired using a g. USBamp (g.tec Medical Engi-
neering GmbH, Austria) from 28 active electrodes located at F3, F1, Fz,
F2, F4, FC5, FC3, FC1, FCz, FC2, FC4, FC6, C5, C3, C1, Cz, C2, C4, C6,
CP5, CP3, CP1, CPz, CP2, CP4, CP6, P3, P4, according to the 10–20
system, with a sampling frequency of 512Hz. Horizontal and vertical
electrooculography (EOG) and chin electromyography (EMG) were
monitored throughout the nap. A band pass 0.1–60Hz filter was applied
to remove low and HF artifacts from the EEG signals. A notch 50 Hz filter
was used to remove the powerline noise. Movement artifacts were
removed through visual inspection of the data. For reduction of artifacts
corresponding to high frequencies, EEG data were excluded whenever
within a 50ms sliding window the STD of filtered EEG above 20 Hz
exceeded a threshold determined by visual inspection for each subject.
EEG electrodes FCz, Cz, and PCz along with EOGs and chin EMG were
used for sleep staging. For each subject, 30 s epochs of sleep EEG were
visually scored according to the AASM standard (Berry et al., 2012) into
stages 1, 2, 3 and REM sleep, with stage 2 corresponding to light
non-REM sleep, and stages 3 corresponding to SWS. Average timing of
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stages during the afternoon nap for the subjects is given in Table S2. The
first 22min of SWS was used for further processing. Data from four
subjects (out of 20 subjects) were discarded; one due to the high content
of noise and three with SWS duration of less than 22min. Some of the
analyses were performed on an ROI consisting of the fronto-central
electrodes FCz and Cz with pronounced spectral peaks in the frequency
ranges of interest; slow oscillation (SO), 0.5–2 Hz, slow spindle and fast
spindle, 8–12Hz and 12–16Hz, respectively as well as HF oscillations,
20–30 Hz (see Fig. S2 for the scalp map of power distribution over the
aforementioned frequency ranges).

2.5. Slow oscillations and spindles detection

The algorithm employed for detecting slow oscillations from the re-
sults of the model was the same as what was previously employed by
Klinzing et al. (2016) except for the threshold used during the identifi-
cation phase. Briefly, the membrane potential was filtered into the
bandwidth 0.5–2 Hz using FIR filters from the EEGLAB toolbox (Delorme
and Makeig, 2004). Next, the negative peak of slow oscillations was
determined if the amplitude of the negative peak was larger than 1.4
times the averaged negative peak.

Detection of spindles was the same in details for the EEG signals and
the results of the model unless stated otherwise. For spindle detection a
previously introduced approach (Klinzing et al., 2016) was employed.
EEG signals corresponding to SWS were bandpass filtered with FIR filters
between 8-12 Hz and 12–16Hz for detecting slow and fast spindles,
respectively, using FIR filters from the EEGLAB toolbox. For the results of
the model, bandpass filters of bandwidth 4 Hz were centered at the peak
frequency of slow and fast spindles corresponding to 8–12 Hz for slow
spindles and 13–17 Hz for fast spindles. Next, the root mean square
(RMS) of the filtered signals was calculated and smoothed using amoving
average window of length 0.2 s. After computing the STD of the filtered
signals a threshold was defined as 1.5� STD (1� STD for the results of
the model). A spindle was detected if the RMS signal remained above the
defined threshold for 0.5–3 s. Once the spindles were detected the time
point of spindle event was defined as the time of maximum peak. The
details of detected events for each subject are presented in Table S3. For
slope calculation, in the signal filtered below 30Hz, the spindles were
averaged over a 4 s window centered at the event time point and
smoothed using a 300ms moving average. Next, the instantaneous slope
was computed and averaged over �150ms.

2.6. Spectral analysis

Spectral power analysis was performed using fast Fourier transform
(FFT) and a Hanning window of length 10 s with 50% overlap. For each
subject, average power spectra corresponding to the first 22min of SWS
was calculated. We clustered the subjects based on their HF power
(20–30Hz); subjects were ranked based on their HF power and the fourth
and fifth octiles (8-quantiles) were discarded, to create two clusters of
subjects with relatively large and small HF power. Each cluster included
six subjects. The power spectra of the two aforementioned clusters were
then statistically compared over a moving window of length 4 Hz with
90% overlap.

We investigated the time-varying oscillatory brain activity by means
of wavelet based time-frequency analysis (Klinzing et al., 2016; Tal-
lon-Baudry et al., 1997). We used a complex Morlet wavelet with a
Gaussian shape both in time and in frequency domains (Mallat, 1999).
The value of η which determines the relationship between the center

frequency and the bandwidth, η ¼ f
σf
, and also affects both the temporal

and frequency resolutions was set to 12 based on the frequency range of
interest. The power spectra at each time and frequency bin was then
computed as the wavelet energy over frequency as well as time steps.

The HF (20–30 Hz) power content was investigated �1 s around the
slow and fast spindle events. The mean power around the slow/fast
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spindle event, Peventslow=fastðt; f Þ, was calculated for each subject. Moreover,
for each subject 200 fragments of length 2 s were randomly selected from
SWS. The mean power over time as well as fragments was then calculated
and noted as Pnon�event

slow=fast ðf Þ. We made sure that the non-event fragments did
not include any of the corresponding slow/fast spindle events. The
normalized event related power corresponding to each subject was then

calculated as Peventslow=fastðt;f Þ ¼ Peventslow=fast ðt;f Þ�Pnon�event
slow=fast ðf Þ

Pnon�event
slow=fast ðf Þ . The same method is used

to find the HF power content around spindles for the result of the model.
To find the peak frequency of each spindle event, first the spindle

events were detected with the same method explained above by using a
broad frequency range of 8–16Hz. Next the spectrum in an interval of
10s around the spindle event was computed using 95% overlapping
windows of 1.5 s and the frequency corresponding to the maximum
power was identified with a frequency resolution of 0.5 Hz.
2.7. Statistical analysis

Wilcoxon signed-rank tests were used for model data which were not
normally distributed. Student's t-tests were used for experimental data
which were normally distributed. We checked whether the data were
normally distributed using the Lilliefors modification of the Kolmogorov-
Smirnov test (P> 0.05). Differences in the HF power before fast and slow
spindle event were tested by mean of Mann-Whitney U– tests. The
Friedman tests followed by Dunn-Sidak post hoc tests were used to
investigate the difference between control, 25 Hz STIM and 35 Hz STIM
conditions. The relationship between slow/fast spindle power/frequency
and HF power were investigated via Pearson's correlation.

MATLAB was used for all statistical analysis. The data and code will
be available from the corresponding author on request.

3. Results

3.1. Oscillations with the fast spindle frequency in the isolated thalamus

The interaction between RE and TC neurons in the isolated thalamus
generates self-sustained oscillations only in the fast spindle frequency
range (Fig. 1, by varying the synaptic strength the network produces
oscillations only in the range of 14–20 Hz). Two identical groups of TC
neurons (TC and TC') with different initial conditions are assumed which
burst once every two cycles in agreement with the experimental obser-
vations (Kim et al., 1995). The thalamic model and the mechanism of
oscillations in the fast spindle frequency range is similar to the one
explained in a previous paper (Destexhe, 2009). In brief, the hyperpo-
larization of TC neurons caused by the inhibitory input form the RE
neurons in one cycle, produces bursting activity of TC neurons in the next
cycle. The excitatory post-synaptic potential (EPSP) from TC neurons in
turn results in the firing of RE neurons in the next cycle. The inhibitory
post-synaptic potential (IPSP) from the RE neurons and the inactivation
of bursting variable reduce the membrane potential of TC neurons to-
ward the resting potential which is followed by the decrease in the
membrane potential of RE neurons. The IPSP from RE neurons also hy-
perpolarizes TC' neurons resulting in bursting of these neurons in the next
cycle and the activity of neurons repeats again.
3.2. Cortical high frequency activity during up state

As we explained in a recent paper (Ghorbani et al., 2012), isolated
cortex consisting of uniform networks of coupled excitatory and inhibi-
tory neurons with excitatory-excitatory synapses subject to DSFA gen-
erates up and down states. An important problem with the uniform
network is that the produced up state activity is much more regular than
the experimentally observed noisy up-state. As we explained in a recent
paper (Ghorbani et al., 2012), this problem is resolved by considering
two weakly-coupled networks of excitatory and inhibitory neurons



Fig. 1. Thalamus generates oscillations in the spindle frequency range. (A)
Thalamus consists of two identical groups of thalamocortical neurons (TC, TC')
and one group representing thalamic reticular neurons (RE). Excitatory synaptic
connections are shown by arrows while inhibitory connections are indicated as
lines ending in a dot. (B) Self-sustained oscillations in the fast spindle frequency
range are generated in the thalamus. RE neurons fire at spindle frequency while
TC neurons fire once every two cycles.
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(network 1 and network 2) representing two regions of the cortex. This
simple deterministic model produces UDS with stochastic high-frequency
up-state activity due to partial synchronization of two UDS oscillators
(Ghorbani et al., 2012). While the two cortical networks undergo syn-
chronized transition between the two states they show uncorrelated HF
fluctuations during the up state. This partial synchronization takes place
when the strength of excitatory coupling between the two cortical net-
works is one order of magnitude less than the strength of the excitatory
coupling between the excitatory neurons of each network resembling a
small world network. The HF activity during the up state of the uniform
network depends on the strength of the synaptic connections as is ob-
tained in Eq. (8). Especially during the up state, progressively increase in
the adaptation parameter, c, due to DSFA, reduces the strength of
excitatory-excitatory connections which in turn decreases the frequency
of oscillations (Fig. 2A). The oscillation frequency during the up state is
also a decreasing function of the strength of inhibitory-inhibitory
connection in the non-uniform model (Fig. 2B). As we later want to
investigate the role of HF activity, the synaptic strength between the
inhibitory neurons of network 1 is around half of the one of network 2
(Table S1) so that the neurons of network 1 show more HF activity
compared to neurons of network 2.

3.3. Fast spindle activity during UDS in the thalamocortical network as a
result of bursting activity of thalamocortical neurons

In the full model the two UDS cortical oscillators are coupled to the
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thalamic oscillators consisting of one group of identical TC neurons and
one group of identical RE neurons (see Methods, Fig. 3A. For simplicity
here we consider only one group of TC neurons). As explained above,
bursting activity of TC neurons which is controlled by the bursting
parameter b (defined in Eq. (2)), is essential for the generation of fast
spindles. Bursting parameters were chosen to obtain results similar to the
experimentally observed response of the TC and RE neurons to depola-
rizing and hyperpolarizing input currents in both tonic and burst modes
(Fig. S1) and b was set to be �200mA. However, to investigate the effect
of bursting, we progressively increased the bursting ability of TC neurons
by changing the bursting parameter b, from zero to �300mA. We next
calculated and analyzed the power spectrum of only cortical excitatory
neurons of network 1 and network 2 (EX and EX' respectively) which is
more comparable with scalp-recorded EEG (Buzs�aki et al., 2012; Sotero
and Trujillo-Barreto, 2008) (Fig. 3B). At b¼ 0 the thalamic input to the
cortex was very small and hence the cortical power spectrum was similar
to the isolated cortex with a broad peak at HF range. As the absolute
value of b increased (b is a nonpositive parameter) a distinct peak at fast
spindle frequency range appeared in both cortical groups. Further
increasing of jbj resulted in the emergence of another peak at slow
spindle frequency range only in the power spectrum of neurons of
network 1 which is the network with higher HF activity. At larger values
of jbj, the peak at fast spindle frequency range increased while the peak at
slow spindle frequency range diminished. The changes in the mean
power of both fast and slow spindles (13–17Hz and 8–12Hz respec-
tively) as a function of b value is shown in Fig. 3B. While reducing the
bursting activity of thalamic neurons from b¼�200mA to zero reduced
the fast spindle power considerably (from 1.6� 0.0204 mV2,
mean� SEM at b¼�200mA to 0.85� 0.0116mV2at b¼ 0), slow spin-
dle power remained less affected (from 1.30� 0.0152mV2, mean� SEM
at b¼�200mA to 1.44� 0.0183 mV2, mean� SEM at b¼ 0). This
result is in a good agreement with a recent study showing differential
effect of reducing the efficacy of Ca2þ channels for slow and fast spindles
(Ayoub et al., 2013).

At around b¼�200mA, EX neurons show two distinct peaks at both
slow and fast spindle frequency ranges (Fig. 3C) and the thalamocortical
network reproduces oscillations similar to up and down states during
slow wave sleep as well as spindle activity (Fig. 3D). Due to nonlinear
interaction of multiple weakly coupled oscillators, the oscillations are
highly irregular with stochastic duration of up state and spindle activity.
The power spectrum of the two cortical groups has a distinct peak at fast
spindle frequency range (peak frequency¼ 15Hz). The fast spindles are
generated within the thalamus but the beginning and termination of
them are controlled by the excitatory cortical input. When RE neurons
start to fire as a result of the down to up transition of cortical neurons, the
inhibitory input from the RE neurons which is dominant to the cortical
excitatory input produces hyperpolarization in TC neurons. The bursting
parameter decreases from zero to its new negative equilibrium value as a
result of this hyperpolarization which leads to bursting activity of TC
neurons. Next the interaction between TC and RE neurons produces os-
cillations with the fast spindle frequency. On the other hand, due to
Fig. 2. HF oscillations of the isolated cortical network.
(A) The oscillation frequency during the up state as a
function of the adaptation variable, c, for a uniform
network consisting of one excitatory and one inhibi-
tory neuron, obtained from Eq. (8) with parameters of
cortical network 1 (Table S1). (B) The power spectrum
of the excitatory neuron of network 2 for different
values of the strength of inhibitory-inhibitory con-
nections in the non-uniform model (Right). HF power
(20–30 Hz) as a function of the strength of inhibitory-
inhibitory connections (Left).



Fig. 3. Slow and fast spindles during up and down states in the thalamocortical network. (A) Tow cortical networks (Left) and thalamus network (Right) are
recurrently connected in the full thalamocortical model. Thalamus network consists of one group of identical TC neurons and one group of identical RE neurons. Each
cortical network consists of one group of identical excitatory (EX) neurons and one group of identical inhibitory (IN) neurons. The variables and parameters of network
2 are shown by primes. Different networks are connected only by long-range excitatory synapses (dotted lines). (B) Power spectrum of EX and EX' neurons (orange and
red respectively) for four different values of bursting parameter, b (Top). Mean power of EX neurons at slow and fast spindle frequency range (8–12 Hz, filled circles,
and 13–17 Hz, empty squares, respectively) as a function of bursting parameter, b (Down). (C) Power spectrum of cortical excitatory neurons at b¼�200mA. The
peak of slow spindle appears only in the power spectrum of network 1 with larger amplitude at HF (orange). (D) Self-sustained oscillations including UDS, slow and
fast spindles are reproduced in the thalamocortical network. The amplitude of HF oscillations is higher in network 1 (orange and cyan curves corresponding to
membrane potential of EX and IN) compared to network 2 (red and blue curves corresponding to the membrane potential of EX' and IN'). Slow spindles are generated
only in network 1 mostly at the end of the up states. The line shows the resting potential which is set to zero.
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DSFA, the synaptic activity in the up state progressively reduces the
ability of cortical excitatory neurons to respond to depolarizing synaptic
inputs. Hence the activity of cortical excitatory neurons and so the RE
neurons decrease towards the end of the up state which finally results in
the termination of the fast spindle. The average membrane potential of
TC neurons locked to the maximum peak of the fast spindle activity
detected in EX neurons indicates synchronous spindle activity with slight
but significant shift towards the negative time (�7� 0.1ms,
mean� SEM, p< 0.000001, Wilcoxon signed-rank test) which is ex-
pected because of the thalamic origin of fast spindles (Fig. 4A).
3.4. Generation of slow spindles as a result of interplay between cortex and
thalamus

We hypothesized that the superposition of thalamic fast spindles and
cortical HF activity could produce slow spindles in the full thalamo-
cortical network. In addition to the fast spindle, the power spectrum of
the neurons in network 1 has a distinct peak at slow spindle frequency
range (peak frequency¼ 10.6 Hz, Fig. 3C). This peak in the slow spindle
frequency range is absent in the power spectrum of neurons in network 2
which has less HF power compared to network 1. Moreover, while the
power spectrum of network 1 at HF is larger than the one of network 2,
the peak in the power spectrum at low frequencies (~1Hz) corre-
sponding to SO activity, is larger in network 2 compared to network 1.
The average membrane potential of TC neurons locked to the maximum
peak of the slow spindle activity detected in EX neurons indicates syn-
chronous slow spindle activity (Fig. 4A). However, it seems that the
oscillation frequency of TC neurons is larger than the oscillation fre-
quency of EX neurons during the slow spindle. To show this behavior
Fig. 4. Distinct properties of fast and slow spindles. (A) Average activity of TC neuron
neurons, n ¼ 2858. The average slow spindle activity of Ex neurons is shown in o
maximum peak of fast spindles detected in EX neurons, n ¼ 2867. The average fast
membrane potential of EX neuron across all detected slow (Left, n ¼ 2867) and fast (
maximum peak of the detected slow and fast spindles. Asterisks (and arrows) show a
slow spindles, respectively, in the interval between 150 ms before to 150 ms after
(Bottom) neurons during slow (Left) and fast (Right) spindles with reference to the m
To show the distinct coupling of slow and fast spindles with HF activity more clearly, H
power in a window of 1 s before the event of slow and fast spindles. (D) Time-frequenc
excitatory neuron of group 1, EX, during a time window of �1.5 s around the negati
membrane potential of EX neuron filtered below 30 Hz over all detected slow osci
tions (Bottom).
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more clearly, we next calculated the average wavelet-power of TC neu-
rons during slow spindle detected in EX neurons (� 1 s) around its
maximum peak (Fig. 4B) which indicated that while EX neurons oscil-
lated dominantly at slow spindle frequency range, TC neurons oscillated
with dominant frequency in the range of fast spindles.
3.5. Distinct coupling of slow and fast spindles with SO and HF oscillations

We assume that the interaction between HF oscillations of network 1
and the excitatory input from the thalamus produces the slow spindles. In
order to further investigate the association between HF oscillations and
slow spindles, the average wavelet-power of EX neurons during both slow
and fast spindles (� 1 s) around their maximum peak were plotted
(Fig. 4B). We found that only for slow spindles, HF power significantly
(p< 0.001, Wilcoxon signed-rank test, compared to non-event, see
Methods) increased before the maximum peak of spindle event (there is
another increase in power around zero time for both slow and fast
spindles which occurred at frequencies corresponding to harmonic of
slow and fast spindle frequencies respectively). Moreover, by comparing
the averaged HF power in a 1 s interval before the spindle event we found
that HF activity was significantly larger before the slow spindle compared
to the fast spindle (Fig. 4 C, p< 0.001, Mann-Whitney U– test,
35.2� 0.03 dB, mean� SEM for slow spindle and 34.1� 0.04 dB for fast
spindle).

During the up state, as a result of increasing the c value due to DSFA,
the frequency of cortical HF oscillations decreases towards the end of the
up state (Fig. 2 A). Hence while fast spindles occurred mostly in the
beginning of the up state, slow spindles were mainly produced towards
the end of the up state (Fig. 3D). This trend was also observed in the
s (black) locked to the time of the maximum peak of slow spindles detected in EX
range (Top). Average activity of TC neurons (black) locked to the time of the
spindle activity of Ex neurons is shown in orange (Bottom). (B) Averages of the
Right, n ¼ 2858) spindles (Top). Averaging was performed with reference to the
significant (*p < 0.05, ***p < 0.000001) negative and positive slope of fast and
the spindle. Wavelet power of the membrane potential of TC (Middle) and EX
aximum peak of the detected spindles in EX neurons, averaged over all spindles.
F wavelet power for frequencies 20–30 Hz is shown separately. (C) Averaged HF
y representation of average wavelet power of the membrane potential of cortical
ve peak of down state for frequencies 5–20 Hz (Top, n ¼ 3767). Average of the
llations in a time window of �1.5 s around the negative peak of slow oscilla-
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average signal time-locked to fast as well as slow spindles (using the
maximum peak of the filtered data, Fig. 4B). On averaged slow spindles
were on top of a downward background signal with significant negative
slope (�0.32� 0.06mV/s, mean� SEM, p¼ 0.02, Wilcoxon signed-rank
test) while the background signal during the fast spindles increased
around zero time showing a significant positive slope (0.55� 0.05mV/s,
mean� SEM, p< 0.000001, Wilcoxon signed-rank test). To show this
coupling more clearly the average wavelet-power around the trough of
down state (� 1.5 s) was plotted for the excitatory neurons of cortical
network 1 (Fig. 4D). In a very good agreement with the previous
experimental observations, the slow spindle power strongly increased at
the end of the up state while fast spindle power was stronger in the
beginning of the up state. Both fast and slow spindle powers suppressed
during the down state and only for the slow spindle the suppression
remained after the transition to the up state. This further confirms the
temporal relationship between UDS and spindles that has been reported
experimentally.

3.6. The dependence of the slow spindle peak on cortical parameters

In order to further show the distinct mechanism of slow and fast
spindles we investigated the changes of two peaks corresponding to fast
and slow spindles in the power spectrum of the excitatory neurons of
network 1 by varying three cortical parameters. We found that the in-
crease of the adaptation parameter, Δc (from 3.4 to 5.5 � 10�3, see
Methods), changed the frequency of the peak corresponding to slow
spindle towards lower frequencies while had a minor effect on the fre-
quency of fast spindle (from 11.5 to 9.5 for slow spindle and from 15.2 to
15.5 Hz for fast spindle, Fig. 5A). The increase in Δc also decreased the HF
activity defined as the mean power between 20 and 30Hz (from 0.75 to
0.48mV2, Fig. 5B). We next calculated the changes in slow spindle power
(from 2.1 to 1.42mV2, Fig. 5B) as a function of HF activity caused by
varying Δc (Fig. 5B). In agreement with our hypothesis, the power at slow
spindle range was positively correlated with HF activity. Next, to inves-
tigate the effect of cortical excitatory to excitatory connections, we
multiplied the strength of all of these connections (both short and long
range) by a constant, k (changing from 0.86 to 1.06), and found that the
HF power as well as the slow spindle power increased by increasing the
strength of cortical excitatory to excitatory connections (from 0.3 to
1.7 mV2 for slow spindle and from 0.14 to 0.7mV2 for HF power,
Fig. 5C). There is also a positive correlation between fast spindle power
and HF power (Fig. 5B and C). In addition, the increase of the excitatory
input from network 2 to excitatory neurons of network 1, J 'coupee (from
0.35 to 0.51mV), enhanced the peak amplitude of fast spindle (from 1.9
to 2.6 mV2) while it reduced the peak amplitude of slow spindle (from
1.71 to 1.5 mV2) and finally at large value of J 'coupee , the peak of slow
spindle disappeared (Fig. 5D). These results further support the distinct
mechanism for the generation of slow and fast spindles and show that
unlike the fast spindle peak, the presence of slow spindle peak depends
on the cortical parameters.

3.7. Slow to fast spindle transition as a result of increasing the strength of
cortico-thalamic connections

We next studied the changes in the slow and fast spindle activity by
varying the strength of the connection between cortical excitatory neu-
rons and TC neurons (Fig. 6). We hypostatized that the changes in the
strength of this cortico-thalamic connectionmight explain the differences
in the relative slow and fast spindle activity at different cortical regions
especially from frontal to parietal lob. For low values of J 'et the power
spectrum of EX neurons has a dominant peak at slow spindle frequency
range with no considerable peak at fast spindle frequency range (con-
dition 1). Interestingly for the same value of J 'et , power spectrum of TC
neurons and the excitatory neurons of the cortical network with less HF
activity (EX') only have a peak at fast spindle frequency range. By
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increasing J 'et the power of EX neurons at HF and slow spindle frequency
ranges increases (Fig. 6B). At J 'et ~1.5mV a transition occurs so that the
dominant peak in the power spectrum of EX neurons shifts from slow
spindle to fast spindle frequency range. Around this threshold value both
slow and fast spindle activity are considerable (condition 2). Further
increasing of J 'et increases the power at fast spindle frequency range
while decreases the power at slow spindle frequency range as well as HF
power (condition 3). Finally at larger values of J 'et only the fast spindle
peak remains and the slow spindle peak disappears (condition 4). It is
important to mention that this slow to fast spindle transition is absent in
the power spectrum of TC and EX' neurons so that always their power
spectrum only has a peak at fast spindle frequency range. This slow to fast
spindle transition is similar to the previously reported (Andrillon et al.,
2011; M€olle et al., 2011) changes in the relative slow and fast spindle
activity from frontal to parietal lobe suggesting that conditions 1, 2, 3 and
4 might correspond to frontal, frontocentral, central, centropar-
ietal/parietal lobes respectively.

3.8. Emergence of slow spindles by HF stimulation

To directly investigate the causal role of HF oscillations on slow
spindle activity, we next studied the effect of HF stimulation on the result
of the model. We hypothesized that applying external stimulation with
dominant frequency of f2 ~25Hz to cortical neurons could interact with
the thalamic input at fast spindle frequency range (f1 � 13� 17 Hz) and
result in the oscillations with frequency in the range of the difference
between the two frequencies of the two inputs (f2 � f1 � 8� 12 Hz) that
lies in the frequency range of slow spindles. The external stimulation was
pink 1/f noise with a frequency range of 25–35Hz (25 Hz STIM) applied
only to the excitatory neuron of network 2 (EX'), i.e. the network with
less HF activity. Whenever a slow spindle was detected only in the
excitatory neuron of network 1 (no slow spindle was detected in the
excitatory neuron of network 2 in a duration of 1 s before and after the
onset of slow spindle of EX neurons), the stimulation was applied for a
duration of 400ms from 200ms before the onset of the detected slow
spindle of EX neurons (Fig. 7A). This HF stimulation significantly
increased the slow spindle power (averaged over 800ms window after
the onset of stimulation, from 0.0095� 0.005 mV2, mean� SEM corre-
sponding to Control condition to 0.05� 0.0014 mV2, p¼ 0.002, Wil-
coxon signed-rank test) and so enhanced the probability of slow spindle
occurrence (Fig. 7B). Moreover, slow spindle power increased as the
amplitude of stimulation enhanced (Fig. 7C). We next investigated the
effect of stimulation frequency by applying another stimulation with a
dominant frequency of 35 Hz (1/f noise with a frequency range of
35–45Hz with the same amplitude of 25 Hz STIM). We found a signifi-
cant difference among the three groups (Fig. 7D, Friedman test, Chi-
sq¼ 15.2, p< 0.001). While 25 Hz STIM significantly increased slow
spindle power (p¼ 0.02, Friedman test with Dunn-Sidak post hoc test),
35 Hz STIM did not change the slow spindle power significantly
(0.01� 0.0011 mV2, mean� SEM, p¼ 0.65, Friedman test with Dunn-
Sidak post hoc test). Moreover, comparing the effect of 35 Hz STIM
with 25Hz STIM, we found that slow spindle power was significantly
larger for 25 Hz STIM (p¼ 0.0005, Friedman test with Dunn-Sidak post
hoc test, Fig. 7D). These results are in a very good agreement with our
proposed mechanism since the difference between fast spindle frequency
range and a dominant frequency of 35 Hz corresponding to the second
stimulation lies out of the frequency range of slow spindle.

3.9. The relationship between HF oscillations and slow sleep spindles in
human EEG

We have shown that this simple model is able to capture the experi-
mentally observed different modulation of slow and fast spindles with
UDS. Moreover, this model predicts that slow spindles are associated
with cortical HF oscillations. To check this prediction experimentally, we



Fig. 5. The dependence of slow spindle peak on cortical parameters. (A) Changes in the power spectrum of EX neurons as a result of the variation of the adaptation
parameter, Δc (Right). The spindle peak frequency versus Δc is plotted for slow (Middle) and fast (Left) spindles. (B) HF (20–30 Hz) power versus Δc (Right). Changes
in the slow (Middle) and fast (Left) spindle power (8–12 Hz and 13–17 respectively) versus changes in HF power as a result of the variation of Δc. (C) Changes in the
power spectrum of EX neurons as a result of the variation of all (both short and long range) cortical excitatory to excitatory connections by multiplying a constant, k. k
¼ 1 corresponds to the values of the parameters shown in Table S1 (Right). HF (20–30 Hz) power versus k (Middle). Changes in slow and fast spindle power versus
changes in HF power as a result of the variation of k (Left) (D) Changes in the power spectrum of EX neurons as a result of the variation of long range excitatory
connection from EX' to EX, J 'coupee (Right). The spindle peak amplitude versus J 'coupee is plotted for slow (Middle) and fast (Left) spindles.
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Fig. 6. Slow to fast spindle transition by increasing the strength of the connection from cortical excitatory neurons to thalamocortical neurons ( J 'et). (A) The power
spectrum of EX (Left), EX' (Middle) and TC neurons (Right) for four conditions corresponding to different values of J 'et . The power spectrum corresponding to the
empty circles in not shown. (B) Slow spindle power versus HF power for different values of J 'et (Left). Slow spindle power (Middle) and HF power (Right) versus J 'et .
(C) Slow spindle (Left), fast spindle (Middle) and HF (Right) power compared between four conditions (1, 2, 3, 4 corresponds to J 'et ¼ 0.55, 1.58, 1.82 and 2.05mV
respectively).
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recorded EEG from subjects during nap (seeMethods). We first calculated
the power at slow (8–12 Hz) and fast (12–16Hz) spindle frequency bands
and plotted them versus HF (20–30 Hz) power for all subjects (Fig. 8A,
analyses were performed on an ROI consisting of the fronto-central
electrodes FCz and Cz with pronounced spectral peaks in the frequency
ranges of interest, see Fig. S2). In agreement with the model result
(Fig. 5B and C), there was a significant positive correlation between HF
power and both slow and fast spindles (Pearson's correlation coefficient
r¼ 0.7, p¼ 0.003 for slow spindle and r¼ 0.7, p¼ 0.001 for fast spin-
dles). We then grouped the subjects into two groups of subjects with
relatively high and low HF power (Fig. 8B) and compared the spectral
content of each group at other frequencies (Fig. 8C). The slow and fast
spindle frequency powers were significantly larger for the group with
more HF power (for slow spindle frequency, p¼ 0.043, unpaired t-test;
7.3� 1.24 μV2 mean� SEM for low HF group and 12.94� 2.1 mV2 for
high HF group; for fast spindle p¼ 0.026, Mann-Whitney U– test,
6.33� 0.84 μV2 mean� SEM for low HF group and 11.53� 2.46mV2 for
high HF group). Topographies of slow spindle density and duration
showed that their values were higher in high HF power group especially
over frontal electrodes (Fig. S3). These results are in a very good agree-
ment with the results of the model (Fig. 3C).

Moreover, calculating the average signal time-locked to spindles, we
found that, on average slow spindles were on top of a downward back-
ground signal with significant negative slope (�55� 13.6 μV/s,
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mean� SEM, p¼ 0.001, Wilcoxon signed-rank test, this slope was not
significantly different from zero for fast spindles, p¼ 0.1, paired t-test).
To investigate the temporal relationship between sleep spindles and HF
oscillations, the same as model, we calculated the HF power content�1 s
around the maximum peak of slow and fast spindles. In agreement with
the prediction of the model, HF power significantly increased before the
maximum peak of slow spindles (Fig. 8D, p< 0.05, paired t-test,
compared to non-event, see Methods, there is another increase in power
around zero time for both slow and fast spindles which occurred at fre-
quencies corresponding to harmonic of slow and fast spindle frequencies
respectively). Moreover, by comparing the averaged HF power in a 1 s
interval before the spindle event we found that similar to model pre-
diction (Fig. 4 C) HF activity was significantly larger before the slow
spindle compared to the fast spindle (Fig. 8 E, p< 0.001, paired t-test,
45.1� 0.5 dB, mean� SEM for slow spindle and 41.6� 0.4 dB for fast
spindle). This temporal correlation between slow spindles and HF power
is supportive of the essential role of cortical HF activity in the generation
of slow spindles.

To investigate more directly the association between HF power and
the frequency of spindles, we detected all the spindles in a broad fre-
quency range of 8–16Hz and computed the frequency of each spindle
event. Interestingly, we found a significant negative correlation between
spindle frequency and HF power in a 1 s interval before the spindle event
(Fig. 8 F, r¼�0.6, p¼ 0. 03, Pearson's correlation).



Fig. 7. The changes in the slow spindle activity of EX'
neurons as a result of HF stimulation (A) Whenever a
slow spindle was detected only in excitatory neuron of
network 1, EX, (no slow spindle was detected in the
excitatory neuron of network 2, EX', in a duration of
1 s before and after the onset of slow spindle of EX),
the stimulation was applied for a duration of 400 ms
from 200 ms before the onset of the detected slow
spindle of EX. Membrane potential of EX (orange) and
EX' (red) neurons for a time when without any stim-
ulation (control), the slow spindle was generated only
in EX neurons and not in EX' neurons. The membrane
potential of EX' neuron filtered in the range of slow
spindle is shown in black (Top). Membrane potential
of EX' neuron after applying stimulation (Middle).
Stimulation is a 1/f noise with a frequency range of
25–35 Hz (25 Hz STIM) and amplitude (root mean
square) of 35 mA (Bottom). (B) Mean slow spindle
power with 25 Hz stimulation versus the one without
the stimulation (p ¼ 0.002, Wilcoxon signed-rank
test). The power was calculated over 800 ms win-
dow after the onset of stimulation and shown for 56
trials (C) Mean slow spindle power with 25 Hz stim-
ulation averaged over 56 trials divided by the mean
slow spindle power without stimulation as a function
of the amplitude of the stimulation. (D) Slow spindle
power for control, 25 Hz STIM and 35 Hz STIM (1/f
noise with a frequency range of 35–45 Hz) conditions.
The amplitude of the two stimulations is the same as A
and B (*p < 0.05, ***p < 0.001, Friedman test with
Dunn-Sidak post hoc test). Error bars represent stan-
dard error of the mean.
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We next investigated the differences in the slow spindle, fast spindle
and HF powers between frontal, frontocentral, central and centroparietal
electrodes corresponding to Fz, FCz, Cz and CPz respectively. In agree-
ment with the previous studies and model predictions, the slow spindle
power was larger over Fz and FCz electrodes while fast spindle power was
more centrally distributed (Fig. 9, Fig. S2). Moreover, the changes in the
HF power from frontal to parietal regions was in a very good agreement
with the model prediction by increasing the connection from cortical
excitatory neurons to TC neurons (Fig. 6C).

4. Disscusion

While growing evidences indicate different features for slow and fast
spindles during SWS, previous models of spindle generation are not able
to explain these results. In addition to distinctive differences in frequency
and topological distribution, recent studies (Klinzing et al., 2016; M€olle
et al., 2011) reported that slow and fast spindles occur at opposing phases
of the slow oscillations so that only fast spindles are dominant during
down to up transition. The occurrence of slow spindles during up to down
transition challenges the classical hypothesis that the transition to the up
states facilitates the emergence of spindles. Moreover recently Ayoub
et al. (2013) showed that reduction of Naþ channel efficacy had an
opposite effect on slow and fast spindles. Using Ca2þ antagonist they also
found reduction in the fast spindle while slow spindle remained unaf-
fected which raise a question relative to the hypothesis that
low-threshold Ca2þ -dependent spike burst (LTS) is essential for spindle
generation.

Overall, these findings suggest distinct mechanism for slow and fast
spindles and a possible role of cortex in initiating of slow spindles. This
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simple thalamocortical model we propose here, spontaneously re-
produces UDS as well as both fast and slow spindles. Due to DSFA, the
frequency of cortical oscillations reduces during the up state. This results
in higher slow spindle power at the end of the up state while fast spindles
occur mostly in the beginning of the up state which is in a very good
agreement with the previous experimental observations. In consistent
with the Ayoub et al. experimental observations (Ayoub et al., 2013) we
also showed that reducing the ability of TC neurons to burst largely
decreased the fast spindle activity while the slow spindle activity
remained less affected. In this model the oscillations in the fast spindle
frequency range are produced in the thalamus but the beginning and end
of spindles are controlled by cortical input to the thalamus. Moreover, the
nonlinear interaction between thalamic oscillators at fast spindle fre-
quency and cortical HF oscillators produces the slow spindles. To
investigate the causal role of cortical HF activity on the generation of
slow spindles we applied external HF input to the cortical group with
lower HF activity and found a significant increase in the slow spindle
activity of this group. Moreover, the average wavelet-power of cortical
neurons during slow spindle revealed that HF activity increased before
the maximum peak of slow spindle. This prediction of the model was
further confirmed by recording and analyzing EEG from subjects during
nap. We also divided the subjects into two groups of low HF activity and
high HF activity and supportive to our hypothesis we found that slow and
fast spindle powers were higher for the high HF group compared to low
HF group.

While our model is the first model, to our knowledge that can produce
both fast and slow spindles during UDS, previous computational models
investigated the mechanism of fast spindles as well as UDS. Previous
models of spindle showed that LTS properties of thalamic cells as well as



Fig. 8. Relationship between sleep oscillation and HF power over the ROI consisting of electrodes FCz and Cz. (A) Slow (8–12 Hz) and fast (12–16 Hz) spindle powers
plotted versus HF (20–30 Hz) power for EEG data. Each point corresponds to a subject (the data of 16 subjects were totally used). Significant correlations (p < 0.005)
were observed between the two pairs of variables. (B) The HF power of all 16 subjects. The red and blue dots show subjects with high and low high-frequency power
during SWS, respectively while grey dots represent the excluded subjects. The dashed lines represent the fourth and fifth octiles. (C) Mean spectral power of subjects
with high and low HF power are shown in red and blue, respectively. Shaded areas illustrate the frequency intervals with significant difference (p < 0.05) in the
spectral power obtained using sliding 4 Hz windows with 90% overlap. The power at both fast and slow spindle frequency is significantly higher for the group with
larger HF power (red) (D) Mean EEG (filtered below 30 Hz) time-locked to the maximum peak of slow (Left) and fast (Right) spindles (Top). A significant negative
slope verified (p < 0.005) for the slow spindles. Slow (Left) and fast (Right) spindle event related wavelet power averaged over spindle events and subjects (Middle). t-
values of the statistical comparison to baseline (Bottom, see Methods). Only values with p < 0.05 are shown. (E) Averaged HF power in a 1 s interval before the event
of slow and fast spindles (***p < 0.001). (F) Spindle frequency versus averaged HF power in a 1 s interval before the spindle event (see Methods).

Fig. 9. Changes in the spindle and HF power from frontal to parietal electrodes. Slow spindle (Left), fast spindle (Middle) and HF (Right) power at Fz, FCz, Cz and
CPz electrodes.
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their interaction are sufficient to reproduce oscillations in the spindle
frequency range in the isolated thalamus (Destexhe, 2009; Destexhe
et al., 1996; Destexhe and Sejnowski, 2003; Timofeev and Bazhenov,
2005). Nevertheless, other mechanisms like Ca2þ -mediated slow regu-
lation of the Ih current (Destexhe et al., 1993; Timofeev et al., 2001) and
cortico-thalamic feedback (Bonjean et al., 2011) are necessary to take
into account in order to obtain the waxing and waning envelope of
spindles. Moreover, two RE and two TC recurrently connected neurons
are needed to make TC neurons to generate burst of spikes every two
cycles (Destexhe et al., 1996) which has been observed experimentally
(Kim et al., 1995). In our model, bursting property of thalamic cells,
especially TC neurons enables the isolated thalamus to generate oscilla-
tions in the frequency range of fast spindles as a result of the interaction
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between TC and RE neurons. This part of the model is similar to previous
models (Destexhe, 2009; Izhikevich, 2007) but modified for a firing rate
model. In addition, in our model, the waxing and waning envelope of fast
spindle is due to cortical input to thalamic neurons. The oscillations of
the order of 1 Hz representing the UDS are generated as a result of slow
dynamic of DSFA similar to our previous model (Ghorbani et al., 2012).
In this model the interaction between cortical inhibitory and excitatory
neurons of one cortical group generates weakly underdamped harmonic
oscillations during up states with a frequency roughly equal to the
geometrical mean of the excitatory and inhibitory membrane time con-
stants, which is in the range of 10–100 Hz. However, these regular os-
cillations change to noisy variable HF oscillations with variable duration
of up and down states when two weakly coupled cortical networks are
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considered instead of one uniform cortical network. Interestingly this
chaotic-like dynamic is produced in the absent of any external noise or
stochastic parameter, solely as a result of nonlinear interaction of weakly
coupled oscillators at different frequencies. Moreover, due to DSFA, the
frequency of oscillations decreases towards the end of the up state which
results in higher probability of slow spindle occurrence at the end of the
up state in the full thalamocortical model.

While previous studies have verified the existence of cortical beta and
gamma oscillations during sleep and UDS (Compte et al., 2008; Cox et al.,
2014; Le Van Quyen et al., 2010, 2016; Steriade et al., 1996; Valderrama
et al., 2012), the role of these oscillations remains largely unexplored. In
a relevant study, Ayoub et al. (2012) reported that EEG fast spindles were
associated with MEG power in gamma frequency. However, they didn't
study slow spindles and did not consider frequencies between 20 and
30 Hz. We also found distinct association of slow and fast spindles with
HF oscillations by calculating the spindle event-locked power at HF and
validated this prediction experimentally. The increase in the HF power
before the time of slow spindle event in both model and experiment
further suggests the important role of HF oscillations in the slow spindle
generation. We also showed that external HF stimulation with a domi-
nant frequency around the sum of slow and fast spindle frequencies (~
25 Hz) boosted the slow spindle activity while HF stimulation with larger
frequency did not change significantly the slow spindle activity. Future
studies are required to validate this prediction of the model experimen-
tally by applying HF stimulation during SWS. Unlike fast spindles, a
distinct peak for slow spindle might be absent in the power spectrum of
some subjects during SWS (M€olle et al., 2011). Our experimental results
revealed that the lower slow spindle activity in these subjects was asso-
ciated with lower HF power. In addition, the model predicts that the
previously reported (Andrillon et al., 2011; M€olle et al., 2011) changes in
the slow and fast spindle power from frontal to parietal lobe can be
explained by increasing the strength of cortical excitatory neurons to
thalamocortical neurons and the associated changes in the HF power.
Specifically, by recording intracranial EEG in humans, a transition in
slow/fast spindle activity from pSMA to SMA has been shown (Andrillon
et al., 2011). In agreement with these results we also found a transition in
slow/fast spindle activity around a threshold value of the strength of
cortico-thalamic connections.

In our model the emergence of slow spindles is a result of the
nonlinearity of the system (thalamocortical network). The nonlinearity
processing at different regions of the brain has been shown in previous
studies; by applying two or more stimuli with different frequencies
intermodulation responses corresponding to sum or differences of the
stimulus frequencies have been observed (Grossman et al., 2017; Norcia
et al., 2015). While these studies focused on the intermodulation re-
sponses of external stimulus, here for the first time to our knowledge, we
investigated the intermodulation frequencies of two endogenous brain
oscillations, i.e. thalamic fast spindles and cortical HF oscillations.

In conclusion, we proposed a novel mechanism of slow spindle and
validated it by developing a deterministic neural mass model that
reproduced different experimentally observed features of both fast and
slow spindles during up and down states. We further investigated the
prediction of the model about the correlation between slow spindle and
HF activity by recording EEG in subjects during nap. Our findings shed
light on the mechanism of slow spindles by suggesting the important role
of cortical HF activity in the generation of slow spindles.
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