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Age-related changes in sleep EEG are attenuated in highly intelligent
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Impaired sleep is a frequent complaint in ageing and a risk factor for many diseases. Non-rapid eye movement
(NREM) sleep EEG delta power reﬂects neural plasticity and, in line with age-related cognitive decline,
decreases with age. Individuals with higher general intelligence are less aﬀected by age-related cognitive decline
or other disorders and have longer lifespans. We investigated the correlation between age and EEG power in
159 healthy human subjects (age range: 17–69 years), and compared an average (IQ < 120; N=87) with a high
(IQ≥120; N=72) intelligence subgroup. We found less age-related decrease in all-night relative NREM sleep
EEG delta power in the high intelligence subgroup. Our results suggest that highly intelligent individuals are
less aﬀected by the sleep-related eﬀects of biological ageing, and therefore potentially less at risk for age-related
cognitive deﬁcits and other diseases.

1. Introduction
Sleep is an indispensable physiological state that has an essential
role in the maintenance and restoration of neural functions underlying
cognitive and aﬀective processes. Ageing is related to increasing sleep
disturbances, which in turn show co-morbidities with many psychiatric
and neurological diseases – not only as a symptom, but in many cases
as a risk factor (Dresler et al., 2014).
Sleep EEG slow waves ( < 4.5 Hz) are an index of sleep pressure and
a hallmark of NREM sleep function (Achermann et al., 1993; Tononi
and Cirelli, 2014). Slow wave activity dissipates during successive sleep
cycles, increases in recovery sleep after sleep deprivation (Borbely
et al., 1981) and exhibits local changes related to experience-dependent
plasticity (Kattler et al., 1994; Huber et al., 2006, 2004) during
preceding wakefulness, all evidence for homeostatic regulation. There
is strong evidence that slow wave activity reﬂects changes in synaptic

⁎

strength in the cortex and can thus be considered an index of synaptic
plasticity (Tononi and Cirelli, 2014).
In line with the hypothesis that slow waves reﬂect cortical homeostatic processes, slow wave activity was shown to correlate with cortical
thickness both during adolescence (Buchmann et al., 2011) and
adulthood (Mander et al., 2013). Within both age ranges, ageing is
characterized by both cortical thinning (Tamnes et al., 2010; Raz,
2000) and a decrease in slow wave activity (Carrier et al., 2001;
Feinberg and Campbell, 2013; Kurth et al., 2010a 2010b). Retained
slow wave sleep at a high age is associated with better neurocognitive
functioning (Anderson and Horne, 2003) as well as lower mortality
(Mazzotti et al., 2014). While probably due to diﬀerent mechanisms,
shorter(Geiger et al., 2010) or optimal length(Kocevska et al., 2016)
sleep and longer N2 sleep duration (Busby and Pivik, 1983) in children
was also found to be associated with higher IQ, highlighting the
importance of sleep among the biological correlates of intelligence.
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and 355 µV amplitude) signals. Machine-speciﬁc amplitude reduction
rates were given as the mean amplitude rate between digital and analog
values at the two (40 and 355 µV) amplitudes (frequency response).
Frequency-speciﬁc reduction was compensated by multiplying power
in each frequency bin by a factor corresponding to the squared inverse
of the frequency response of the ampliﬁer.
Sleep EEG recordings were manually scored by an experienced
rater on a 20 s basis by applying standard criteria (Iber et al., 2007). A
20 second epoch length was chosen to reduce impreciseness due to
mid-epoch changes in sleep stage and to ensure an overlap with the 4 s
artifact epochs (see later in this section). Sleep cycles (NREM-REM
cycles) were deﬁned by using validated criteria (Aeschbach and
Borbely, 1993). A minimum of 15 min of NREM sleep followed by
minimum 5 min of REM sleep was considered a sleep cycle. Exception
for the criteria of the minimum 5 min of REM duration was allowed in
the case of the ﬁrst sleep cycle (containing short REM periods in many
young subjects). Artifacts were removed on a 4 s basis by visual
inspection of all recorded channels. In case of electrode failures data
from the aﬀected electrodes were not analyzed. If excessive artifacts
were continuously seen on an electrode, artifact rejection was not
performed on this electrode, but instead all data was excluded. For 20
subjects (Munich-II setup), some electrodes (Fz, Cz, F7, F8, T3, T4, T5,
T6) were not available by default and they were treated as missing data.
The number of available subjects for each electrode is indicated in
Table 2. In case of ECG artifacts (N=5) EEG data was used after
removing these artifacts using independent component analysis implemented in EEGLAB (Swartz Center for Computational
Neuroscience, San Diego, CA), an add-on to MATLAB (MathWorks,
Natick, MA).

High intelligence is associated with better outcomes concerning the
adverse eﬀects of ageing. Higher educational status and intelligence are
protective factors against dementia in old age, with intelligence
probably having the greater predictive value (Meng and D’Arcy,
2012; Schmand et al., 1997). High intelligence is associated with
attenuated age-related thinning of the frontal cortex and a more
pronounced cortical thickening over time, with genes inﬂuencing
variability in both intelligence and brain plasticity partly driving these
associations (Brans et al., 2010). In addition, highly intelligent
individuals have greater longevity (Hauser and Palloni, 2011; Batty
et al., 2006) and a lower occurrence of heart disease (Batty et al., 2008)
and cancer (Batty et al., 2009).
The association between ageing, cognition, and sleep, however, still
remains poorly understood (Yaﬀe et al., 2014). Based on protective
eﬀects of intelligence against ageing for other measures, we hypothesized that sleep – especially NREM slow wave activity – is less aﬀected
by ageing in highly intelligent individuals. To test this hypothesis, we
compared full-night sleep EEG recordings of an average intelligence
sample (AIQ: IQ < 120; N=87) with a high intelligence sample (HIQ:
IQ≥120; N=72) across the lifespan (age range: 17–69 years).
2. Materials and methods
2.1. Participants
Across sites (Max Planck Institute of Psychiatry, Munich, Germany;
Institute of Behavioural Sciences of Semmelweis University, Budapest,
Hungary) of this retrospective multicenter study, polysomnography
data from 168 subjects was collected. Nine subjects were excluded from
the analysis due to the excessive presence of artifacts in their recordings. Therefore, the study was performed using a sample of 159
subjects (72 females, 87 males, mean age=29.46 years, age range:
17–69 years). The research protocols were approved by the Ethical
Committee of the Semmelweis University, Budapest, or the Ludwig
Maximilian University, Munich, in accordance with the Declaration of
Helsinki. All subjects signed informed consent for the participation in
the studies. According to a semi-structured interview with experienced
psychiatrists or psychologists, all subjects were healthy, had no history
of neurological or psychiatric disease, and were free of any current drug
eﬀects excluding contraceptives. Consumption of small habitual doses
of caﬀeine (max. 2 cups of coﬀee before noon), but no alcohol was
allowed before the recordings. 6 male and 2 female subjects were light
to moderate smokers (self-reported), while the rest of the subjects were
non-smokers.

2.3. Spectral analysis and spectral bands
Artifact-free epochs of sleep stages N2 and slow wave sleep (SWS)
were analyzed to obtain NREM spectral data, and artifact-free REM
epochs were analyzed to obtain REM spectral data. Spectral analysis
was performed by the mixed-radix FFT method using 4 s Hanningtapered windows with a 2 s overlap and averaging power spectral
densities from all-night 4 s windows for NREM and REM phases
separately. Power spectral densities were calculated for 0.25 Hz bins
from 0 Hz to the Nyquist frequency (sampling rate/2). In addition,
sleep cycle-speciﬁc power spectral analyses on NREM sleep episodes of
the ﬁrst four cycles were performed. We computed EEG band power
spectral power density for the delta (0.5–4 Hz), theta (4–7.5 Hz), alpha
(7.5–11 Hz), sigma (11–15 Hz) and beta (15–30 Hz) bands by
Simpson's rule of numerical integration. Data below 0.5 Hz was not
included in analyses due to frequent contamination with perspiration
artifact. Relative power for these bands was computed by dividing band
power with total power (the sum of band power values in the analyzed
0.5–30 Hz range). Since relative power in the higher bands were
expected to be heavily inﬂuenced by power in the delta band, which
has the highest spectral power, only the delta band was considered for
relative power analyses.

2.2. Sleep recordings and preprocessing
Sleep was recorded on the second night (after one adaptation night)
by standard polysomnography. Common recording sites across studies
and laboratories were: Fp1, Fp2, F3, F4, Fz, F7, F8, C3, C4, Cz, P3, P4,
T3, T4, T5, T6, O1, and O2, electro-oculography (EOG), bipolar
submental electromyography (EMG), as well as electrocardiography
(ECG). EEG electrodes were re-referenced to the mathematicallylinked mastoids. Impedances for the EEG electrodes were kept below
8 kΩ. Sampling frequency was either 249 Hz, 250 Hz or 1024 Hz,
depending on recording site. All recorded data were corrected for
diﬀerent ﬁlter characteristics across sites (see our previous article
(Ujma et al., 2014) for details, also on sampling frequency) by applying
a ﬁxed-amplitude signal from an analogue signal generator, measuring
the amplitude of the devices’ recorded digital signals and calculating
their amplitudes at 0.05 Hz, every 0.1 Hz between 0.1 and 2 Hz, every
1 Hz between 2 and 20 Hz, every 10 Hz between 10 and 100 Hz,
resulting in the device's individual hardware ﬁlter characteristics
proﬁle. We determined the amplitude reduction rate of each recording
system by calculating the proportion between digital (measured) and
analog (generated) amplitudes of sinusoid waves for both inducing (40

2.4. Intelligence testing
Based on their availability to participate, subjects completed one,
two or three standardized nonverbal intelligence tests. The tests used in
the study were the Culture Fair Test (CFT; (Cattell, 1973)), Raven
Advanced Progressive Matrices (Raven APM; (Raven et al., 2004)) and
the Number Connection Test (Zahlenverbindungstest, ZVT; (Oswald
and Roth, 1987)). ZVT was used because of its available IQ norms
(Oswald and Roth, 1987) and high correlation with other IQ tests
(Mackintosh, 2011; Williams and Pearlberg, 2006) (in our sample rZVTCFT=−0.663 and rZVT-Raven=−0.574, p < 0.001 each). Both the CFT and
Raven APM are nonverbal intelligence tests in which subjects are
required to complete abstract patterns by ﬁnding their organizing rules,
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NeuroImage 146 (2017) 554–560

A. Pótári et al.

coeﬃcients:

while the ZVT is a classical trail making task where numbers have to be
connected as quickly as possible. Performance in these tests was shown
to correlate strongly and to be a particularly good measurement of the
general factor of intelligence (Cattell, 1973; Duncan et al., 2000;
Prokosch et al., 2005). A total of 111 subjects completed the CFT, 81
subjects completed the Raven APM test and 101 subjects completed the
ZVT. All tests yielded compatible IQ scores, which were averaged in
case of multiple available tests for a single subject. Based on their mean
IQ score, the sample was split into an average (AIQ: IQ < 120; N=87)
and a high intelligence (HIQ: IQ≥120; N=72) subgroup. The cutoﬀ
point of IQ=120 was chosen for three reasons: 1) this was in line with
previous studies about the EEG correlates of intelligence (Thatcher
et al., 2007; Thatcher et al., 2005) 2) it was possible to form two
homogeneous (in terms of age and sex), suﬃciently large subsample of
roughly similar sizes on the two sides of this cutoﬀ point 3) an IQ of
120 corresponds to approximately the 75% percent of the distribution
of IQ scores of people working in professions which require college
degrees (Hauser, 2002), realistically suggesting that this IQ level is
representative of people working in the most intellectually demanding
jobs and performing above the average, a practical deﬁnition of ‘highly
intelligent individuals’. There was no diﬀerence between the AIQ
(N=87) and HIQ (N=72) groups in terms of age (MeanAIQ=29.9 years;
MeanHIQ=29.0 years, t=0.54, p=0.59). In the AIQ group, 36 of subjects
(41%) were females, while in the HIQ group, 36 subjects (50%) were
females. This diﬀerence was not statistically signiﬁcant. Detailed
descriptive statistics of age and IQ level (as well as EEG spectral
power) are available in Table 1 and represented in Fig. 1. Fig. 1 also
shows the mean EEG spectrum of each subgroup.

1 ⎛1 + r ⎞
Z(r) = Fisher(r)/ (1/(N−3) = ln ⎜
⎟
2 ⎝1 − r ⎠

(1/(N − 3)

(2)

and calculated the z-score of the diﬀerence of the normalized correlation coeﬃcients:

ZAIQ − ZHIQ = Fisher (rAIQ ) − Fisher (rHIQ )/
1/((NAIQ − 3) + (1/(NHIQ − 3))

(3)

Multiple comparison correction of these comparative statistics was
performed using the Benjamini-Hochberg method for false discovery
rate correction (Benjamini and Hochberg, 1995). Besides calculating
the correlations between age and all-night spectral power, we also
computed these statistics for the NREM phase of sleep cycles 1–4 to
investigate the potentially unequal contributions of diﬀerent sleep
cycles to subgroup diﬀerences.
3. Results
3.1. Sleep macrostructure
In the average intelligence (AIQ) subgroup, wakefulness after sleep
onset (WASO) and relative N1 sleep duration correlated positively,
while relative SWS duration correlated negatively with age. In the high
intelligence (HIQ) subgroup, only WASO correlated positively with age
while the other eﬀects were not signiﬁcant after correcting for multiple
comparisons (see Table 2).

2.5. Statistics

3.2. NREM sleep EEG spectral power and age

We computed Spearman's rank correlation coeﬃcients between
age, sleep macrostructure variables and relative as well as logarithmized (10-base) absolute EEG band power spectral density independently for the average and high IQ groups. We calculated the
diﬀerences between correlation coeﬃcients using the following formulas (with r indicating correlation coeﬃcients and N indicating
sample size).
First, we used Fisher's r-to-z method to normalize the distribution
of r values:

A negative association between age and relative NREM sleep EEG
delta power was seen in both subgroups (Supplementary Table 1).
Statistically signiﬁcant diﬀerences between age-dependent changes in
the sleep EEG spectral density of the AIQ and HIQ groups were present
in case of relative delta: the HIQ group exhibited a smaller age-related
loss of relative delta power (Fig. 2) with a maximum at the coronal
midline (Fig. 3). After correction for multiple comparisons, the group
diﬀerences in age-dependent decreases of relative NREM sleep EEG
delta power remained signiﬁcant on all except frontopolar and occipital
derivations. Table 3 shows subgroup diﬀerences in the correlations of
age vs. relative EEG delta power.
For absolute NREM sleep EEG power spectral density, a negative
association between age and delta, theta and sigma log power was

1 ⎛1 + r ⎞
Fisher(r)= ln ⎜
⎟
2 ⎝1 − r ⎠

(1)

then calculated the z-scores for the Fisher z-transformed correlation

Table 1
Detailed descriptive statistics of absolute (log 10 μV2) and relative spectral power (proportion) on C4, age and IQ (upper section). Distribution of IQ scores among participants (lower
section).
AIQ

HIQ

Mean

Min.

Max.

SD

SE

Mean

Min.

Max.

SD

SE

Log Delta Power C4
Relative Delta Power C4
Log Theta Power C4
Log Alpha Power C4
Log Sigma Power C4
Log Beta Power C4
Age
IQ

2.116
0.875
0.966
0.573
0.509
−0.004
29.874
107.029

1.564
0.744
0.490
0.093
0.063
−0.414
17.000
88.667

2.654
0.959
1.453
1.029
1.007
0.402
69.000
119.667

0.228
0.042
0.177
0.216
0.205
0.182
11.346
8.466

0.024
0.005
0.019
0.023
0.022
0.020
1.216
0.908

2.126
0.860
1.017
0.690
0.574
0.064
28.958
130.452

1.441
0.696
0.459
0.050
0.023
−0.426
18.000
120.000

2.691
0.947
1.628
1.411
1.194
0.516
58.000
155.500

0.271
0.046
0.239
0.310
0.250
0.208
9.453
8.688

0.032
0.005
0.028
0.037
0.029
0.024
1.114
1.069

Number of available IQ tests (by type and combination)

Raven only
CFT only
ZVT only
CFT & ZVT
Raven & CFT
Raven & ZVT
All 3

26
5
0
25
0
0
31

Raven only
CFT only
ZVT only
CFT & ZVT
Raven & CFT
Raven & ZVT
All 3

22
3
1
36
0
0
10
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Fig. 1. Panel A: detailed descriptive statistics of age, absolute log power on C4 and relative log power on C4. Boxplots indicate the medians and distribution quartiles, while whiskers
indicate the outlier range. Markers indicate data points. Additionally, mean values of absolute power (log 10 μV2) on Fz (panel B) and C4 (panel C) are shown by subgroup.

F3 and F4 (uncorrected p-values 0.049 and 0.029, respectively). The
negative correlation between age and log sigma power was weaker in
the HIQ group on Fz (uncorrected p=0.045). The correlation between

found (Supplementary Table 2.). The correlation between age and
alpha/beta log power was not signiﬁcant. The negative correlation
between age and log delta power was smaller in the HIQ subgroup on

Table 2
Sleep architecture and its IQ level-dependent correlation with age. Correlations which are significant after correction for multiple comparisons are marked with an asterisk. The last two
columns contain Fisher's Z value for the comparison of the two corresponding correlation coefficient and the corresponding p-value, respectively. The comparison of correlation
coefficients did not reach statistical significance after correcting for multiple comparisons.
AIQ

Sleep duration (min)
Sleep eﬃciency (%)
Relative wake duration (%)
WASO (after ﬁrst not N1 sleep) (min)
Sleep latency (ﬁrst not N1 sleep)(min)
Relative NREM duration (%)
Relative N1 duration (%)
Relative N2 duration (%)
Relative SWS duration (%)
Relative REM duration (%)
REM latency (from ﬁrst sleep)(min)

HIQ

Diﬀerence

Mean

SD

r

p

Mean

SD

r

p

zr

p

429.12
88.42
9.19
28.75
30.90
76.22
4.14
53.93
18.15
23.78
91.17

35.86
7.41
7.47
27.68
20.22
4.71
4.13
7.20
6.15
4.71
38.72

−0.189
−0.203
0.156
0.321*
−0.095
0.087
0.359*
0.160
−0.362*
−0.087
−0.070

0.078
0.060
0.149
0.002
0.384
0.421
0.001
0.139
0.001
0.421
0.523

427.73
88.14
9.98
29.66
30.24
75.42
3.68
53.06
18.68
24.58
86.65

38.70
7.93
7.87
26.84
22.93
4.71
3.29
7.49
7.28
4.71
30.31

−0.252
−0.245
0.224
0.343*
−0.010
0.005
0.000
0.111
−0.111
−0.005
−0.055

0.032
0.039
0.056
0.003
0.880
0.877
0.932
0.363
0.317
0.877
0.658

0.399
0.274
−0.436
−0.150
−0.522
0.508
2.316
0.306
−1.649
−0.508
−0.090

0.690
0.783
0.662
0.880
0.601
0.611
0.020
0.759
0.099
0.611
0.928
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Fig. 2. Panel A: Scatterplot of the Spearman rank correlation of age and relative NREM delta power in AIQ (N=87) and HIQ (N=72) subjects on C4. Regression lines represent the
Spearman rank correlation (deﬁned as the Pearson correlation of ranks) of age and relative spectral power. Ranks in the HIQ group were multiplied by the NAIQ/NHIQ proportion in
order to correct for the diﬀerent rank range due to diﬀerences in subgroup size. Panel B: Scatterplot of absolute values of age and relative NREM delta power in AIQ (N=87) and HIQ
(N=72) subjects on C4. Regression lines represent the Pearson correlation of age and relative spectral power (rAIQ=−0.282 rHIQ=−0.623, signiﬁcantly diﬀerent at Z=2.71, p < 0.001).

but the negative correlation coeﬃcient between age and log power was
weaker in the HIQ subgroup on all electrodes in case of the delta range
and all electrodes except for T6, O1 and O2 in case of the sigma range.
Supplementary Fig. 1 presents subgroup diﬀerences in the association between age and EEG power with a higher resolution in the

age and log alpha power on T6 was weakly positive in the AIQ subgroup
and weakly negative in the HIQ subgroup, resulting in a signiﬁcant
diﬀerence (uncorrected p=0.048). These associations did not survive
correcting for multiple comparisons. Other subgroup correlation
diﬀerences did not reach statistical signiﬁcance in case of log power,

Fig. 3. Age-related changes of the all-night NREM sleep EEG spectrum. Topographical maps represent z-scores of Spearman correlation coeﬃcients between age and relative NREM
delta power in AIQ (panel A) and HIQ (panel B) subjects. Panel C shows topographical maps of the z-score diﬀerences between AIQ and HIQ subjects. The z-scores of the Spearman
correlation coeﬃcients between age and relative delta power on C4 (panel D) as well as absolute delta power on F3 (panel E) are also shown for each subgroup and each 0.25 Hz
frequency bin included in the analysis. Red letters on panels A-C indicate derivations where correlations (panels A and B) or subgroup diﬀerences in the magnitude of the age-power
correlation (panel C) were signiﬁcant after correcting for multiple comparisons. Black or white electrode labels both indicate non-signiﬁcant associations and were colored only to
improve visibility.
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reﬂected by NREM slow wave activity, and sleep EEG is an index of
the degree of this eﬀect. In line with reports about stronger age-related
NREM sleep slow wave loss during the ﬁrst half of the night (Carrier
et al., 2001; Dijk et al., 1989), we found the strongest modulating eﬀect
of intelligence on the age-sleep association during the ﬁrst two sleep
cycles, suggesting that in ageing HIQ subjects the overnight course of
slow wave activity indeed resembles that of younger subjects, instead of
a compensation in later sleep cycles.
Importantly, eﬀects were present both with absolute (log-transformed) and relative delta power. Individual variations in absolute EEG
voltage due to the eﬀects of skull and scalp thickness can inﬂuence
absolute, but not relative power. Therefore, relative power is a more
sensitive measure of individual diﬀerences in EEG spectral density, and
it is unsurprising that the strongest subgroup diﬀerences emerged in
measures of relative band power. However, one of the shortcomings of
relative power is that slower frequencies always dominate the sleep
EEG spectrum, and relative power measures in other frequency bands
partially reﬂect inverted delta band eﬀects. For this reason, our study of
relative (normalized) power was limited to the delta band. In our
methodology, normalization of spectral power was performed by two
methods: ﬁrst, by calculating the relative power across the frequency
domain in order to remove individual diﬀerences in baseline spectral
power and second, by also using sleep cycles-wise, eﬀectively calculating power over a minor time interval. However, future studies may
consider using other methods of normalization, such as normalizing
spectral power across derivations.
Socioeconomic status (SES) is a potential confounding factor of our
results. Higher SES is associated with better education, higher income
and better overall health, including sleep quality (Moore et al., 2002;
Lampert et al., 2013), likely mediating the eﬀects of IQ even though we
excluded subjects with serious sleep complaints and/or chronic illnesses and we did not have subjects with IQ scores below one standard
deviation from the mean. Further studies may investigate the additional predictive power of IQ on sleep quality in ageing subjects beyond
the eﬀect of common health risk factors and/or SES, as it was shown
before in case of malignant tumors and heart conditions(Batty et al.,
2008, 2009). Another limitation of our study is its cross-sectional
design: since IQ scores and sleep recordings were obtained from all
subjects at the same age, we cannot reveal whether high performance in
IQ tests is a cause or a consequence of retained NREM delta power in
ageing subjects. Of further note is that volunteers were recruited also
via Mensa Germany and Mensa Hungary to increase the number of
highly intelligent individuals. Members of Mensa are aware of their
intelligence and might be more aware of factors that contribute to
healthy cognitive aging.
Overall, our results show that highly intelligent individuals show
less prevalent age-related changes in their sleep EEG than average
intelligence control subjects from a similar age range. These subgroup
diﬀerences are apparent in sleep macrostructure, especially strong in
the delta band of NREM sleep, which are the most prominently aﬀected
by ageing, but they are also present in higher frequencies. Although
intelligence exhibits a large heritable component, interventions targeting age-related cognitive decline might thereby also ameliorate agerelated sleep impairments, which in turn might promote general
mental health in the elderly.

Table 3
Subgroup differences (HIQ–AIQ) in the correlations between age and band-limited
NREM sleep EEG relative delta power. r-difference indicates the difference of Fisher ztransformed correlation coefficients. z-difference indicates the normalized difference of
Fisher z-transformed correlation coefficients (see Formula (3) for details). Asterisks
indicate significant differences (Benjamini-Hochberg corrected p < 0.05) between the
correlations of the two subgroups.

Fp2
F8
T4
T6
O2
Fp1
F7
T3
T5
O1
F4
C4
P4
F3
C3
P3
Fz
Cz

AIQ

HIQ

Delta

N

N

r diﬀ.

z-diﬀ.

p

87
71
72
72
86
81
72
72
72
87
85
87
87
86
86
87
72
72

70
67
68
68
72
67
66
67
66
72
72
72
72
72
72
72
68
68

−0.278
−0.401
−0.445
−0.467
−0.298
−0.274
−0.442
−0.511
−0.302
−0.293
−0.435
−0.457
−0.499
−0.43
−0.376
−0.378
−0.457
−0.445

−1.695
−2.302
−2.576
−2.704
−1.827
−1.622
−2.537
−2.946
−1.733
−1.803
−2.66
−2.815
−3.069
−2.639
−2.308
−2.327
−2.646
−2.576

0.09
0.021*
0.010*
0.007*
0.068
0.105
0.011*
0.003*
0.083
0.071
0.008*
0.005*
0.002*
0.008*
0.021*
0.020*
0.008*
0.010*

frequency domain.
The correlation between age and logarithmized (absolute) as well as
relative NREM delta power was strongest in the ﬁrst sleep cycle, and
diminished in further sleep cycles. Subgroup diﬀerences were also most
prominently seen in the ﬁrst sleep cycle, and almost completely gone by
the 3rd and 4th cycles (see Supplementary Fig. 1 for details). In REM
sleep, no group diﬀerences were signiﬁcant after correcting for multiple
comparisons.
4. Discussion
Alterations in sleep EEG oscillations were repeatedly hypothesized
to play a crucial role in cognitive aging (Fogel et al., 2012; Dijk et al.,
1989), with decreasing slow wave activity arguably being the most
important age-related change in the sleep EEG. Our ﬁndings conﬁrm
ageing eﬀects on sleep; however, this relationship is strongly modulated by general intelligence. When dividing our sample into individuals with average vs. high intelligence, we observed less age-related
decline in objective indicators of sleep quality and a strikingly
attenuated age eﬀect on slow wave activity in the high intelligence
subgroup.
NREM slow wave activity is an index of cortical thickness (Mander
et al., 2013; Tamnes et al., 2010), therefore retained slow wave activity
reﬂects retained cortical structure and function, and possibly more
retained synaptic plasticity. The fact that slow wave activity was more
retained in the HIQ subgroup suggests that age-related structural and
functional changes in the cortex of these subjects are attenuated,
potentially entailing a greater degree of cortical plasticity. This may
result in a greater ability of HIQ subjects to retain their cognitive
abilities to a higher age, resulting not only in better neuropsychological
functioning, but potentially also enabling a more active lifestyle and
facilitating better health behavior. Such an eﬀect would be in line with
previous results about more retained health in highly intelligent
individuals (Batty et al., 2006, 2008, 2009), as well as studies which
showed that sleep is a particularly strong index of neurocognitive and
general health (Anderson and Horne, 2003; Mazzotti et al., 2014).
Combined, our ﬁndings suggest that high intelligence is associated
with a lower degree of the detrimental eﬀects of cerebral ageing,
speciﬁcally concerning cortical thickness and plasticity which is
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