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in the maps ≥ 1.25  Hz. Based on the response to sleep 
deprivation, low-delta (0.5–1 Hz) and mid-delta activity 
(1.25–2 Hz) were dissociated. Electrical sources within the 
cortex of low- and mid-delta activity were estimated using 
eLORETA. Source localization revealed a predominantly 
frontal distribution of activity for low-delta and mid-delta 
activity. Sleep deprivation resulted in an increase in source 
strength only for mid-delta activity, mainly in parietal and 
frontal regions. Low-delta activity dominated in occipital 
and temporal regions and mid-delta activity in limbic and 
frontal regions independent of the level of sleep pressure. 
Both, power maps and electrical sources exhibited trait-like 
aspects.

Keywords Sleep homeostasis · Sleep slow oscillations · 
Power topography · Source localization

Abbreviations
EEG  Electroencephalogram,
LORETA  Low resolution brain electromagnetic 

tomography,
non-REM  Non-rapid eye movement (sleep),
REM  Rapid eye movement (sleep),
SEM  Standard error of mean,
SWA  Slow-wave activity (EEG power in 0.75–

4.5 Hz range),
SWS  Slow wave sleep

Introduction

Over the last decades, research in humans and animals has 
shown that sleep is homeostatically regulated; a sleep defi-
cit results in a compensatory response, i.e. an increase in 
the intensity and duration of sleep, while naps reduce sleep 

Abstract Slow waves are a salient feature of the electroen-
cephalogram (EEG) during non-rapid eye movement (non-
REM) sleep. The aim of this study was to assess the topog-
raphy of EEG power and the activation of brain structures 
during slow wave sleep under normal conditions and after 
sleep deprivation. Sleep EEG recordings during baseline 
and recovery sleep after 40 h of sustained wakefulness were 
analyzed (eight healthy young men, 27 channel EEG). Power 
maps were computed for the first non-REM sleep episode 
(where sleep pressure is highest) in baseline and recovery 
sleep, at frequencies between 0.5 and 2 Hz. Power maps had 
a frontal predominance at all frequencies between 0.5 and 
2 Hz. An additional occipital focus of activity was observed 
below 1 Hz. Power maps ≤ 1 Hz were not affected by sleep 
deprivation, whereas an increase in power was observed 
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propensity. Slow wave activity (SWA; electroencephalogram 
(EEG) spectral power in the 0.75–4.5 Hz range) represents 
a salient feature of the EEG during non-rapid eye move-
ment (non-REM) sleep and is a marker of sleep intensity 
and homeostasis. Thus, the level of SWA at sleep onset is 
determined by the duration of prior sleep and waking (for a 
review see Achermann and Borbély 2017).

Because slow waves present during non-REM sleep are 
a reliable and well-established marker of sleep homeosta-
sis, they have been widely studied to better understand the 
function of sleep. Furthermore, sleep dependent recovery 
processes have been attributed to sleep slow waves (Tononi 
and Cirelli 2006, 2014). However, the term ‘slow waves’ is 
used in the literature in a rather loose manner and comprises 
different rhythmic components such as slow oscillations 
(< 1 Hz) and delta activity (1–4 Hz).

At the cellular level slow oscillations consist of sequences 
of depolarized (up states; neuronal activity) and hyperpolar-
ized (down states; neuronal silence) components. Similarly, 
at the level of multi-unit activity recorded in the cortex, slow 
oscillations are reflected in sequences of “on” (spiking) and 
“off” (no spike activity) periods (Nir et al. 2011; Vyazovskiy 
and Harris 2013; Vyazovskiy et al. 2009b). Because slow 
oscillations occur synchronously in large neuronal popula-
tions they manifest in EEG recordings as large-amplitude, 
low-frequency waves. Furthermore, micro-physiological 
recordings in the human cortex (Cash et al. 2009; Csercsa 
et al. 2010) have revealed that slow oscillations reflect rhyth-
mic oscillations of widespread cortical activation and silence 
(Csercsa et al. 2010). Slow oscillations have been concep-
tualized as having a cortical origin (Steriade et al. 1993b, 
c), however, a recent review stresses the importance of a 
complex interplay between thalamus and cortex to generate 
slow oscillations (Crunelli et al. 2015).

The characteristics of slow oscillations depend on the 
level of sleep pressure; increased sleep pressure results in 
larger amplitude waves with steeper slopes and decreased 
number of multi-peak waves (Bersagliere and Achermann 
2010; Esser et al. 2007; Riedner et al. 2007; Vyazovskiy 
et al. 2007). These effects are also region specific, with 
SWA showing a frontal predominance and its increase due 
to increased sleep pressure (recovery vs. baseline sleep; 1st 
vs. 2nd half of sleep) is also most pronounced in frontal 
regions (Finelli 2001; Marzano et al. 2010; Riedner et al. 
2007). Similarly, the slope of slow oscillations, thought to 
reflect synaptic strength (Esser et al. 2007), is steeper in 
the frontal regions providing further evidence of the frontal 
predominance of slow oscillations (Riedner et al. 2007).

An important observation was that sleep deprivation 
results in a redistribution of waves between 0.5 and 2 Hz: 
wave incidence was reduced below 0.9 Hz while it was 
increased above 1.2 Hz, i.e. waves became faster (higher fre-
quency) (Bersagliere and Achermann 2010). Furthermore, 

non-REM sleep EEG power was increased above 1 Hz only. 
Similarly, Vyazovskiy et al. (2007) reported a peak at 1.5 Hz 
in the power density spectrum of local field potentials in rats 
in early sleep (high sleep pressure) and at 0.75 Hz in late 
sleep (low sleep pressure).

Slow waves, as measured by sleep EEG delta power, in 
humans have also been shown to be trait-like. In other words, 
within-subject stability over multiple recordings is higher 
than between subject variability (Adamczyk et al. 2015; 
Buckelmüller et al. 2006; Tarokh et al. 2011, 2015; Tucker 
et al. 2007). This observation is true for baseline and recov-
ery sleep, adding to the utility of slow waves as a measure of 
sleep homeostasis (Tarokh et al. 2015; Tucker et al. 2007).

The aim of the present work was threefold: First, we 
investigated the regional specificity of different low fre-
quency components in the 0.5–2 Hz range. Second, we char-
acterized the effect of increased sleep pressure on the spatial 
distribution of slow waves. Finally, we quantified trait-like 
aspects in the spatial distribution of different low frequency 
components.

Materials and Methods

Subjects and EEG Recordings

We analyzed EEG recordings of eight healthy young right-
handed males (23.0 ± 0.46  years; mean ± SEM) during 
baseline and recovery sleep after 40 h of sustained wakeful-
ness (within-subject design, data from a previous study; for 
details see (Finelli et al. 2001a, 2000, b)). The institutional 
ethical committee approved the study protocol and written 
informed consent was obtained from all participants. The 
study has been performed in accordance with the ethical 
standards as laid down in the 1964 Declaration of Helsinki 
and its later amendments.

Participants were right-handed, non-smokers, and 
reported a moderate consumption of alcohol and caffeine-
containing beverages, and no drug use. Questionnaires about 
their sleep habits revealed adherence to regular bedtimes and 
no sleep disturbances. Furthermore, prior to being selected 
for the study, they underwent a screening night in the sleep 
laboratory. Exclusion criteria were the presence of sleep 
disturbances (such as sleep apnea, nocturnal myoclonus, 
prolonged sleep latency, low sleep efficiency).

Prior to the baseline recording, participants performed 
their usual daily routine, which included waking up at a 
specified time, attending classes, and going to be bed at a 
predetermined time. The sleep deprivation period was con-
ducted in the sleep laboratory and its surroundings. During 
this time, participants were under constant surveillance by 
a member of the experimental team and were engaged in 
studying, playing games, watching films, and occasionally 
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taking a walk outside the laboratory. Meals were scheduled 
at 07:30, 12:00 and 18:00, and they took a shower at 08:00.

Twenty-seven EEG leads (Supplementary Online 
Resource 1 Fig. S1; extended 10–20 system; reference elec-
trode placed 5% rostral to Cz; ground electrode placed in the 
middle of the forehead) were recorded by a polygraph ampli-
fier and sampled with 128 Hz (high-pass filter at 0.16 Hz; 
anti-aliasing low-pass filter at 30 Hz). Sleep stages were 
scored according to the criteria of Rechtschaffen and Kales 
(1968) in 20-s epochs.

We limited our analysis to the first non-REM sleep epi-
sode where sleep pressure is highest. All analyses were con-
ducted for both non-REM (stages 2, 3 and 4) and slow wave 
sleep (SWS; stages 3 and 4). Stage 2 sleep was not further 
analyzed due to an insufficient number of artifact free epochs 
in some subjects. Furthermore, we only illustrate the results 
of non-REM sleep because analysis performed only on SWS 
yielded comparable results.

Data analysis and Artifact Removal

All 27 derivations were re-referenced to an average refer-
ence, and power density spectra were computed for con-
secutive 4-s epochs (FFT, Hanning window), resulting in 
a frequency resolution of 0.25 Hz. Frequency bins are ref-
erenced by their mid-frequency (e.g. 0.5 Hz encompassing 
0.375 –0.625 Hz). Frequency bands are defined by their lim-
iting bins, e.g. 0.5 –1 Hz comprising the bins centered at 0.5, 
0.75 and 1 Hz. Analysis was focused on the frequency range 
of 0.5–2 Hz. Artifact exclusion was performed carefully in 
order to exclude low frequency artifacts which are often seen 
in frequencies below 1 Hz. Artifacts were identified in three 
steps: (1) by visual inspection of the derivations C3A2, Fz, 
Cz, Pz and Oz; (2) semi-automatically, whenever power in 
the 0.75–4.5 Hz or 20–30 Hz band in any of the deriva-
tions exceeded a threshold based on a moving average deter-
mined over 15 20-s epochs; (3) semi-automatically, based on 
selected channels after visual inspection of the power maps, 
whenever power in the 0.5–0.75 Hz band of a 4-s epoch 
exceeded mean power over all channels in the corresponding 
epoch, multiplied by a subject-specific threshold. The same 
artifact-free epochs were used for calculating power maps 
and current sources.

Maps

Power maps were illustrated with the function ‘topoplot’ of 
EEGLAB (Delorme and Makeig 2004), based on 27 EEG 
derivations (average reference; extended 10–20 system). 
Values were color coded and plotted at the corresponding 
position on the planar projection of a hemispheric scalp 
model. Values between electrodes were interpolated.

Source Localization

The distribution and strength of the intracranial sources 
of scalp electric potential differences were estimated with 
eLORETA (exact low resolution electromagnetic tomog-
raphy, Pascual-Marqui 2007, 2009; Pascual-Marqui et al. 
2011). This method is a discrete, three-dimensional (3D) 
distributed, linear, weighted minimum norm inverse solu-
tion. The unique property of this linear inverse solution 
is that the weights are appropriately derived, achieving 
exact localization to any test point source. Due to the 
principles of linearity and superposition, this property 
ensures that the method localizes correctly any distributed 
source, albeit with blurring, i.e. low resolution. Previous 
attempts to decrease localization errors by “depth weight-
ing” schemes were not successful (Lin et al. 2006). This 
was demonstrated quantitatively by Pascual-Marqui et al. 
(2011).

In the current implementation of eLORETA (available 
as free academic software from http://uzh.ch/keyinst/
loreta), the solution space was restricted to cortical gray 
matter, corresponding to 6239 voxels at 5 mm spatial reso-
lution. The Montreal Neurologic Institute average MRI 
brain (Mazziotta et al. 2001) was used as a realistic head 
model for which the lead field was computed (Fuchs et al. 
2002).

Based on the improvement attained by eLORETA, its 
validation partly rests upon the validation for the previous 
LORETA and sLORETA methods ( Pascual-Marqui et al. 
1994; Dierks et al. 2000; Pascual-Marqui 2002; Mulert 
et al. 2004; Plummer et al. 2010; Vitacco et al. 2002; Wor-
rell et al. 2000; Yang et al. 2011; Zumsteg et al. 2006a, b, 
c, 2005). More recent, independent, direct validation of 
eLORETA can be found in e.g. (Tan et al. 2015; Cao et al. 
2017; Clancy et al. 2017; Liu et al. 2017).

The eLORETA method can be used for the identifica-
tion of the cortical generators of oscillatory activity, by 
simply taking the average source distribution over a certain 
time interval (in our case 4-s epochs) for the appropriately 
filtered EEG recordings. This procedure is equivalent to a 
very efficient implementation based on frequency domain 
data, which involves the computation of the Hermitian 
cross-spectral matrices as an intermediate step, the details 
of which can be found in (Frei et al. 2001).

Based on the results of the analysis of the power maps, 
we defined two frequency bands of interest. They differed 
with respect to their topographical change in response to 
sleep deprivation: low-delta activity encompassing fre-
quencies between 0.5 and 1 Hz, and mid-delta activity 
between 1.25 and 2 Hz. eLORETA solutions were esti-
mated in the two frequency bands for each artifact-free 
4-s epoch of non-REM sleep (same epochs as for power 
maps).

http://uzh.ch/keyinst/loreta
http://uzh.ch/keyinst/loreta
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Statistical Analysis

Statistical analysis of power maps was performed using 
Matlab (The Math Works Inc, Natick, MA, USA) while 
the built-in statistical toolbox of LORETA was used to 
compare sources.

For the power maps, significant differences between 
baseline and recovery sleep of the different frequency 
bands were estimated by non-parametric paired tests on 
log-transformed power values using a bootstrap statistic, 
which accounts for multiple comparisons (Maris and Oos-
tenveld 2007).

LORETA images were compared using the statistical 
non-parametric mapping (SnPM, Nichols and Holmes 
2002) methodology on log transformed data. This method 
is based on the non-parametric randomization of the 
maximum-statistic over all voxels, providing an estimator 
for the empirical probability distribution under the null 
hypothesis (“no difference between conditions”), which 
does not need to rely on Gaussianity, and at the same time 
corrects for multiple comparisons.

Differences in the 3D-distribution of the sources 
between baseline and recovery sleep were assessed sep-
arately for low- and mid-delta activity. To compare the 
distribution of sources in the two bands, LORETA solu-
tions were first normalized: current density at each voxel 
was divided by the sum over all voxels, such that the total 
normalized current density over the whole brain equalled 
one. This type of “normalization or scaling” of images 
is commonly used in functional localization studies (e.g. 
Frackowiak 2004).

Comparisons were performed separately for baseline 
and recovery sleep. Furthermore, differences between the 
two bands of normalized sources in baseline and recovery 
sleep were compared.

To assess ‘trait-like’ aspects in the topographic distri-
bution of power and 3D-distribution of sources, normal-
ized maps (power at each electrode divided by the sum 
across all electrodes) and sources (see above for normali-
zation) of baseline and recovery sleep were subjected to 
hierarchical cluster analysis using MATLAB functions 
PDIST and LINKAGE. The cluster analysis for topo-
graphic power maps was performed on 27-dimensional 
vectors based on log-transformed normalized power and 
on 6239-dimensional vectors based on log-transformed 
normalized squared magnitude of the current density. 
Vectors were then grouped into a hierarchical cluster tree 
according to their proximity (Euclidean distance, average 
aggregation strategy). A dendrogram was used to depict 
the cluster trees and is composed of inverted U-shaped 
lines, where the height of the U represents the distance 
between objects. Cluster analysis was performed for low- 
and mid-delta activity, respectively.

Results

We performed the analyses for the first non-REM sleep epi-
sode where sleep pressure was highest in both conditions. 
Sleep deprivation did not alter the length of the first non-
REM sleep episode (baseline 58.2 ± 3.7 min; mean ± SEM; 
recovery sleep 58.6 ± 5.6 min; paired t-test; not signifi-
cant) but resulted in an increased amount of SWS (baseline 
33.6 ± 7.5 min; recovery sleep 47.1 ± 15.2 min; p < 0.05) and 
a decrease in stage 2 (baseline 16.0 ± 6.1 min; recovery sleep 
8.0 ± 3.9 min; p < 0.05).

Power Maps and Effect of Increased Sleep Pressure

The spatial distribution of non-REM sleep EEG power of 
baseline and recovery sleep is illustrated in Fig. 1. The 
power maps represent subject-averaged values (n = 8) in 
0.25 Hz steps between 0.5 and 2 Hz. The maps of all fre-
quency bins examined showed a similar topographical dis-
tribution in both, baseline and recovery sleep with a fron-
tal predominance of power. Below 1 Hz, a second focus in 
occipital areas was observed. This focus resulted from activ-
ity in SWS (data not shown).

At 1 Hz and higher, the topographic distribution of power 
differences between baseline and recovery nights was very 
similar to the distribution of power in baseline and recov-
ery nights. Thus, sleep deprivation resulted in an increase 
of power that was strongest in frontal areas. Below 1 Hz, 
however, the changes induced by sleep deprivation were 
less homogeneous. Statistical evaluation (non-parametric 
paired test at each derivation; see "Materials and Methods") 
revealed sleep deprivation related topographic changes only 
at frequencies above 1 Hz (Fig. 1, right column). Interest-
ingly, only at 2 Hz was a significant increase present in 
all derivations. At 1.25–1.75 Hz, no significant difference 
between recovery and baseline were observed over frontal 
regions. Based on the observation that topographic differ-
ences due to increased sleep pressure were observed only 
above 1 Hz, we defined two bands for further analysis: they 
were designated as “low-delta activity” (0.5–1 Hz; 3 bins) 
and “mid-delta activity” (1.25–2 Hz; 4 bins).

Trait‑Like Features of Low‑ and Mid‑Delta Activity

Figure 2 illustrates the individual power maps of low- and 
mid-delta activity, in both baseline and recovery sleep. We 
observed a high similarity of power distribution in baseline 
and recovery sleep within a subject. Within-subject simi-
larity between maps was assessed by hierarchical cluster 
analysis (see Materials and Methods). The normalized maps 
of baseline and recovery sleep clustered in both frequency 
bands (Fig. 2, bottom), pointing to fingerprint-like features 
of the maps.
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Electrical Sources of Low‑Delta and Mid‑Delta Activity 
and The Effect of Sleep Deprivation

Since power maps provide only a rough estimate of regional 
characteristics, we were interested in the localization of the 
intracranial sources underlying low- and mid -delta activity 
measured at the scalp.

The intensities of the electrical generators (the squared 
magnitude of the current density) of low-delta activity are 

illustrated in Fig. 3. Sources of low-delta activity were 
predominant in frontal areas in both conditions. Compar-
ing baseline and recovery sleep revealed that the strong-
est increase occurred in frontal areas (Fig. 3, bottom row, 
yellow areas) and the strongest decrease in occipital areas 
(blue areas). However, similar to the power maps, these dif-
ferences were not significant.

The effect of increased sleep pressure on mid-delta activ-
ity is illustrated in Fig. 4. Sources of mid-delta activity were 

Fig. 1  Topographic distribution 
of EEG power between 0.5 and 
2 Hz in the first non-REM sleep 
episode. Rows from top to bot-
tom correspond to consecutive 
0.25 Hz frequency bins. The 
center frequency is indicated 
on the left. Columns from left 
to right: average power maps 
(n = 8) in baseline [μV2] and 
recovery sleep [μV2]; maps of 
difference between recovery 
and baseline sleep [μV2]; maps 
of non-parametric statistics 
[p-values] comparing recovery 
and baseline sleep. Maps are 
based on 27 derivations and 
values between electrodes were 
interpolated. Each power map 
was scaled separately between 
minimal and maximal values. 
At the top right of the maps, 
maxima (max) and minima 
(min) of the maps are indicated. 
Non-parametric statistic was 
performed on log-transformed 
absolute power values. Black 
areas in the p-maps indicate that 
the difference was not signifi-
cant (p ≥ 0.05). (Color figure 
online)
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predominant in frontal areas during both conditions. Sleep 
deprivation resulted in an overall increase of activity which 
was significant mainly in brain areas belonging to the frontal 
and parietal lobe (significant increase in 19.5% of all voxels, 
of which 47.2% were in the frontal and 42.7% in the parietal 
lobe; Fig. 4, yellow areas in bottom row). A left–right asym-
metry in the effect of sleep deprivation was observed: the 
increase was spread over larger areas mainly in the left fron-
tal lobe (frontal lobe: 33.9% left, 13.2% right hemisphere; 
parietal lobe: 21.2% left, 21.5% right hemisphere; values are 
expressed in percentage of the total number of significant 
voxels).

We were interested in within-subject similarity of 
sources in baseline and recovery sleep. Therefore, hierar-
chical cluster analysis based on normalized current density 
distributions was performed (see Materials and Methods). 
For low-delta activity, baseline and recovery sleep of six 
of the eight subjects (except subject s07 and s10) formed 
a cluster (Fig. 5); for mid-delta activity, the two recordings 
clustered in seven of eight (except subject s07). This again 
points towards trait-like aspects in the spatial distribution of 
sources underlying the electrical activity of the brain.

Differences in the Spatial Distribution of Electrical 
Sources between Low‑Delta and Mid‑Delta Activity

We were interested whether sources underlying low- and 
mid-delta activity show a different spatial distribution. Thus, 
we normalized LORETA sources prior to statistical com-
parison in the two frequency bands.

The difference between normalized low- and mid-delta 
activity is illustrated in Fig. 6 (top row). Red and yellow 
areas indicate regions where sources underlying low-delta 
activity were stronger than those of mid-delta activity, and 
blue areas where they were weaker than those of mid-delta 
activity. Statistical comparisons revealed a predominance 
of low-delta activity in occipital and temporal lobes (Fig. 5, 
bottom row, yellow areas; significant voxels: 2.6% of all vox-
els, of which 72.6% were in the occipital and 27.4% in the 
temporal lobe) with a marked asymmetry (occipital lobe: 
12.2% left, 60.4% right hemisphere; temporal lobe: 27.4% in 
right hemisphere only). Mid-delta activity was significantly 
stronger in frontal and limbic lobes (Fig. 6, bottom row, blue 

areas; significant voxels: 3.6% of all voxels, of which 34.4% 
were in the frontal and 65.6% in the limbic lobe) without a 
clear right-left asymmetry.

Comparing the difference in the spatial distribution of 
the sources in the two bands between baseline and recovery 
sleep did not reveal any significant difference, indicating 
that the spatial differences between the two bands were not 
altered by sleep deprivation.

Discussion

In this study, we investigated the effect of sleep depriva-
tion on slow waves in non-REM sleep by analyzing EEG 
power maps and intracranial sources of the electric potential 
differences measured at the scalp. We observed that power 
maps at frequencies up to 1 Hz were not altered by increased 
sleep pressure, whereas power of frequencies between 1.25 
and 2 Hz was increased. This increase, however, was not 
present in prefrontal regions. Only at 2 Hz a global increase 
over all regions was observed. Source imaging of low-delta 
activity (0.5–1 Hz) did not reveal any change in the distri-
bution of electrical sources due to increased sleep pressure. 
On the other hand, mid-delta (1.25–2 Hz) sources displayed 
an increase, prevalent in parietal and frontal regions. We 
also found differences in the spatial distribution of sources 
in the two frequency ranges: low-delta activity was more 
prominent in occipital and temporal regions and mid-delta 
activity in limbic and frontal regions. These differences were 
independent of sleep pressure, i.e. similar in baseline and 
recovery sleep. Furthermore, the spatial distribution of low- 
and mid-delta activity showed clear trait-like features both at 
the level of power maps and in the source space.

Low‑Delta Versus Mid‑Delta Activity

Slow oscillations are commonly considered to encompass 
waves with frequencies below 1 Hz (Steriade et al. 1993a, 
b). However, there is no clear physiological evidence to draw 
a sharp border at 1.0 Hz (Dang-Vu et al. 2008). Based on 
the duration of up and down states in cats, slow oscillations 
showed frequencies in the range of 0.65–1.3 Hz (Amzica and 
Steriade 1998), based on the duration of “on” and “off” peri-
ods in rats, 1.1–1.6 Hz (Vyazovskiy et al. 2009a), and using 
cycle duration in humans 0.7–1.7 Hz (Csercsa et al. 2010). 
We investigated the frequency range of 0.5–2 Hz and distin-
guished low- (0.5–1 Hz) and mid-delta activity (1.25–2 Hz) 
based on their differential response to sleep deprivation. 
We previously observed (based on a single derivation) that 
slow components above and below 1 Hz behave differently 
(Achermann and Borbély 1997). Whereas power above 1 Hz 
declined from the first to the second non-REM sleep epi-
sode, this was not the case for power below 1 Hz. Recently, 

Fig. 2  Trait-like features in power maps of low-delta activity 
(0.5–1 Hz, left two columns) and mid-delta activity (1.25–2 Hz, right 
two columns). Power maps [μV2] in baseline and recovery sleep of 
the first non-REM sleep episode are represented for the eight individ-
uals (subject ID is indicated on the left). Each map is scaled between 
minimum and maximum values, indicated at the top right of each 
map. Cluster analysis of power maps in the two frequency bands rep-
resented as a dendrogram (bottom). Maps of baseline and recovery 
of single individuals form a cluster indicated by the different colors. 
(Color figure online)

◂
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Mander et al. (2015) investigated the relationship between 
the β-amyloid burden in the medial prefrontal cortex and 
slow waves during sleep. They observed a negative correla-
tion of the β-amyloid burden and hippocampus activation 
with relative power in the 0.6–1 Hz range, and a positive 
correlation for the 1–4 Hz range. These results suggest that it 
might be physiologically meaningful to dissociate low- and 
mid-delta activity.

Power Maps and the Effect of Increased Sleep Pressure

Power maps revealed a frontal predominance of power in all 
frequency bins and a second focus in occipital areas below 
1 Hz. Since we applied a spectral approach based on 4-s 
epochs, we image average activity occurring within epochs. 
A significant increase of power due to increased sleep pres-
sure was only observed at frequencies between 1.25 and 
2 Hz. The absence of an effect below 1.25 Hz may be related 
to the reported increase in the frequency of slow oscillations 
with increased sleep pressure (Bersagliere and Achermann 

2010; Vyazovskiy et al. 2007). Thus, increased sleep pres-
sure might affect sleep EEG topography only above 1 Hz. 
Interestingly, this increase did not involve the prefrontal 
regions, where the highest power was observed, indicating 
that the variability was very high in these regions.

Our observation is in contrast with the data of Marzano 
et al. (2010) who reported a significant increase in power in 
prefrontal areas in the 0.5–1 Hz band after sleep deprivation. 
They stated however, that activity below 1 Hz revealed a rel-
atively smaller increase and a less prominent fronto-central 
gradient. Some important differences need to be taken into 
account when comparing the two studies. First, Marzano 
et al. (2010) used linked mastoids whereas we used average 
reference. The topographic distribution of power is strongly 
dependent on the reference (see Finelli 2001, Chap. 2.4, 
p. 73). Second, we restricted our analysis to the first non-
REM sleep episode where sleep pressure was highest in both 
conditions, while Marzano et al. (2010) analyzed all-night 
data. Third, Marzano et al. (2010) had a much larger sam-
ple size (40 vs. 8 subjects) which may have an impact on 

Fig. 3  LORETA source estimation of low-delta activity (0.5–1  Hz) 
in the first non-REM sleep episode. The views are indicated in the 
lower right corner of the panels. Rows from top to bottom: baseline 
sleep; recovery sleep; difference between recovery and baseline sleep. 
The squared magnitude of the current density is color coded [µA2/

(mm4·Hz)]. Note that activity in baseline and recovery sleep is plotted 
on the same color scale. The non-parametric statistics did not reveal 
any significant difference between the two conditions. L left, R right, 
A anterior, S superior. (Color figure online)
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the statistical power. The last difference concerns the use 
of parametric versus non-parametric (bootstrap approach) 
statistics in comparing the two conditions.

Electrical Sources of Slow Waves and the Effect of Sleep 
Deprivation

We estimated intracranial current density sources by apply-
ing a spectral approach that allows the differentiation of 
activity in the frequency domain. Thus, sources of average 
activity within 4-s epochs in a specific frequency band are 
estimated. Nir et al. (2011) using intracerebral recordings in 
humans showed that most sleep slow waves occur locally. 

Our observations that electrical generators of slow waves 
displayed a variable strength in different brain regions and 
the frequency-specific spatial distribution of sources is com-
patible with the local occurrence of slow waves.

Topographic aspects of slow wave sources have been 
assessed in other studies using source estimation procedures 
(Massimini et al. 2004; Riedner et al. 2007; Murphy et al. 
2009; Saletin et al. 2013). Source modeling of individual 
slow waves revealed diffuse hot spots of their origins cen-
tered on the lateral sulci and their propagation along the 
antero-posterior axis mediated by a cingulate highway (Mur-
phy et al. 2009). However, these approaches were based on 
the detection of single waveform events, which are tracked 

Fig. 4  LORETA source estimation of mid-delta activity (1.25–2 Hz) 
in the first non-REM sleep episode. The squared magnitude of the 
current density is color coded [µA2/(mm4·Hz)]. Rows from top to 
bottom: baseline sleep; recovery sleep; difference between recovery 

and baseline; significant log of F ratio at p < 0.05 (yellow areas corre-
spond to recovery > baseline). Activity in baseline and recovery sleep 
is plotted on the same color scale. L left, R right, A anterior, S supe-
rior. (Color figure online)
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with respect to their origin (Riedner et al. 2007; Murphy 
et al. 2009; Saletin et al. 2013) and direction of travel (Mas-
simini et al. 2005; Murphy et al. 2009). Because of the dif-
ferent methodologies, the approach used in this paper and 
previous approaches cannot be directly compared.

Similar to the results of power maps, we observed a 
prefrontal predominance of activity for both low- and mid-
delta oscillations. Increased sleep pressure did not affect 
sources of low-delta activity. Mid-delta activity showed 
the strongest increase after sleep deprivation in prefron-
tal areas. However, mainly brain areas in the frontal and 
parietal lobe (Fig. 4, yellow areas in bottom row) were 
significantly affected. The fact that the significant increase 
did not involve the prefrontal regions could point to a large 
inter-individual variability in the response to sleep depri-
vation in prefrontal areas with the highest activity and sig-
nificant increases are only observed in brain areas showing 
the most consistent change.

Interestingly, an inter-hemispheric asymmetry in 
the effect of sleep deprivation was observed with larger 
brain areas affected in the left hemisphere. We previously 
reported that sleep deprivation enhanced the anterior pre-
dominance of delta activity in the left hemisphere but not 
in the right one (Achermann et al. 2001). Furthermore, 
Coatanhay et al. (2002) observed that the maximum of 
the relative activity in the delta band (0.5–3.5 Hz), was 
localized predominantly in the left anterior inferior tem-
poral lobe. In our sample only right-handed subjects were 
included which may be related to the observed asymmetry. 
Since subjects were engaged in rather broad type of activi-
ties under both conditions, it is not possible to relate our 
findings to memory consolidation or other specific effects. 
Future studies need to address whether such an asymmetry 
might be of functional relevance.

Fig. 5  Trait-like features in LORETA sources of low-delta activity 
(0.5–1  Hz) and mid-delta activity (1.25–2  Hz). Cluster analysis of 
normalized LORETA sources in the two frequency bands are repre-
sented as a dendrogram. Sources of baseline and recovery of single 
individuals form a cluster indicated by different colors. (Color figure 
online)

Fig. 6  Difference in source distribution of low-delta activity 
(0.5–1 Hz) and mid-delta activity (1.25–2 Hz) in the first non-REM 
sleep episode. Sources in the two bands were normalized (activity 
across all voxels equals one) and the difference between low- and 
mid-delta activity was calculated (top row). Bottom row: significant 

log of F ratio at p < 0.05 (yellow areas correspond to low-delta > mid-
delta activity; blue areas correspond to mid-delta activity > low-delta 
activity). Please note that the first panel of the statistics is a view 
from bottom and not from top. L left, R right, A anterior, S superior. 
(Color figure online)
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Differences in the Spatial Distribution of Electrical 
Sources of Slow Oscillation and Low‑Delta Activity

With our spectral approach, we were able to compare the 
spatial distribution of sources of low- and mid-delta activ-
ity. We compared normalized activity in the two frequency 
ranges (Fig. 6).

Low-delta activity was prevalent in occipital and tem-
poral lobes, whereas mid-delta activity prevailed in frontal 
and limbic lobes, independent of the level of sleep pres-
sure. This differential distribution could be related to distinct 
functional roles of the two oscillatory activities.

Future studies should be address slow waves at the intra-
cortical level in humans. This may be achieved with intra-
cerebral recordings in epileptic patients investigated prior to 
surgery (Moroni et al. 2007; Nir et al. 2011).

Fingerprint‑Like Features of Low Delta and Mid‑Delta 
Activity

Finelli et al. (2001a) reported trait-like features in topog-
raphy of individual power maps in the delta, theta, alpha, 
sigma and beta range. This was statistically quantified based 
on normalized maps of baseline and recovery sleep by cal-
culating the distance between all pairs of maps within and 
between individuals. In the present work, we extend these 
findings to lower frequencies, i.e. to very-low- and low-delta 
activity. To quantify trait-like features we applied cluster 
analysis. Hierarchical cluster analysis is an objective math-
ematical measure of similarity where the number of clusters 
formed is not determined a priori but was derived intrinsi-
cally from the distances between the maps or intra-cerebral 
distributions of activity. We observed fingerprint-like fea-
tures for both frequency ranges and in both, power maps and 
source space. Although prolonged waking enhanced power 
in the low-delta range, the individual topography and spatial 
distribution was unaffected.

Interestingly, trait-like aspects of the sleep EEG are 
observed in studies of a single derivation based on the spec-
tral composition (Buckelmüller et al. 2006; Geiger et al. 
2011; Tarokh et al. 2011, 2015; Adamczyk et al. 2015) 
and also at the level of regional spatial distribution (this 
paper, Finelli et al. 2001a). De Gennaro et al. (2008) dem-
onstrated in a twin study that these EEG fingerprints of sleep 
are genetically determined. Taken together, these findings 
strongly support the suitability of the spectral composition 
of the sleep EEG for defining endophenotypes (Ambrosius 
et al. 2008; Adamczyk et al. 2015).

Limitations

A limitation of our analyses is the relatively small and 
homogenous sample of eight healthy good sleepers included 

in the study. Although significant topographic alterations 
after sleep deprivation were reported in the original papers 
(Finelli et al. 2000, 2001a, b), it cannot be excluded that 
statistical power was insufficient. In particular, the fact that 
sleep deprivation did not affect low-delta activity and that 
the observed increase of mid-delta activity did not involve 
the prefrontal regions could be due to large inter-individual 
variability in the response to sleep deprivation in prefrontal 
areas and might indicate that a lager sample size would be 
needed to detect the effects of sleep deprivation. Nonethe-
less, we observed consistent changes induced by increased 
sleep pressure both in the power maps and the underlying 
sources.

As our analyses were based on 4-s epochs. Thus, e.g. slow 
waves occurring in long sequences (stable non-CAP non-
REM sleep) could not be separated from those occurring 
in short bouts (cyclic alternating pattern, CAP) as reveled 
by analyzing the CAP (Terzano et al. 2002). Sleep depri-
vation alters these patterns by prolonging stable non-CAP 
non-REM sleep (Parrino et al. 1993; Poryazova et al. 2011) 
but we are not able to capture such changes with our short 
analyses intervals that basically averages activity within 4 s.

Concluding Remarks

In the present study, power maps and sources revealed a 
similar picture. An effect of increased sleep pressure on 
EEG topography (maps and sources) was only present at 
frequencies above 1 Hz. Interestingly, this coincides with 
the frequency range of 1–2 Hz in which coherent activity 
was observed (Achermann and Borbély 1998a, b). Distinct 
differences in the spatial distribution of sources of low- and 
mid-delta activity were present and these spatial distribu-
tions of activity within individuals resemble a trait.
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