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Abstract
Individuals with Down syndrome (DS) show high inter-subject variability in cognitive ability and have an ultra-high risk of
developing dementia (90% lifetime prevalence). Elucidating factors underlying variability in cognitive function can inform us
about intellectual disability (ID) and may improve our understanding of factors associated with later cognitive decline. Increased
neuronal inhibition has been posited to contribute to ID in DS. Combining electroencephalography (EEG) with dynamic causal
modeling (DCM) provides a non-invasive method for investigating excitatory/inhibitory mechanisms. Resting-state EEG recordings
were obtained from 36 adults with DS with no evidence of cognitive decline. Theta–alpha activity (4–13 Hz) was characterized in
relation to general cognitive ability (raw Kaufmann’s Brief Intelligence Test second Edition (KBIT-2) score). Higher KBIT-2 was
associated with higher frontal alpha peak amplitude and higher theta–alpha band power across distributed regions. Modeling this
association with DCM revealed intrinsic self-inhibition was the key network parameter underlying observed differences in 4–13 Hz
power in relation to KBIT-2 and age. In particular, intrinsic self-inhibition in right V1 was negatively correlated with KBIT-2.
Results suggest intrinsic self-inhibition within the alpha network is associated with individual differences in cognitive ability in
adults with DS, and may provide a potential therapeutic target for cognitive enhancement.
Key words: alpha, cognition, Down syndrome, dynamic causal modeling, intellectual disability

Introduction
Down syndrome (DS) is caused by an extra copy of chromosome
21 and is the most common genetic cause of intellectual disability
(ID) worldwide, affecting 1 in 800 births (de Graaf et al. 2015).

While almost all individuals with DS have an ID (IQ < 70), there is
a high degree of variation in cognitive ability between individuals
(Startin et al. 2016). Mechanisms underlying differences in cognitive ability in this population are as yet undetermined.
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Methods
Ethical Considerations
Ethical approval for the study was obtained from the North
Wales West Research Ethics Committee (13/WA/0194). Where
individuals had capacity to consent for themselves written
informed consent was obtained. Where individuals did not have
capacity to consent for themselves, a consultee was asked to
sign a form to indicate their decision regarding the individuals’
inclusion based on their knowledge of the individual and his/her
wishes, in accordance with the UK Mental Capacity Act 2005.

Participants
Participants were recruited from an existing pool of the UK
adults (aged 16 and over) with DS who had participated in an
initial cognitive assessment (see Startin et al., 2016 for further
details). All participants taking part in the EEG study detailed
here were aged 16 and over and had genetically conﬁrmed trisomy 21 (two participants with non-trisomy 21 DS were
excluded). Participants with an acute physical or mental health
condition were excluded, as were participants with a clinical
diagnosis of dementia or the presence of noticeable cognitive
decline associated with dementia, and those who were noncompliant with experimental instructions. The presence of
dementia was deﬁned based on informant report of clinical
diagnosis. The presence of noticeable cognitive decline was
determined using information from the Cambridge
Examination of Mental Disorders of Older People with Down
Syndrome and Others with Intellectual Disabilities
(CAMDEX-DS (Ball et al. 2004)), which is considered a valid
and reliable tool for assessing cognitive decline in adults
with DS (Ball et al. 2004). All participants were required to
show no decline on this questionnaire.
In total, 36 participants aged 16–56 years (M = 30.92 years,
SD = 11.03; 19 female) meeting the above criteria were selected
from the databank.

Cognitive Assessment
The Kaufmann’s Brief Intelligence Test second Edition (KBIT-2)
raw test score was used to provide an estimate of general cognitive ability (Kaufman and Kaufman 2004). The KBIT-2 comprises
three subtests, which assess general cognitive abilities through
questions relating to verbal knowledge, pattern completion and
riddle completion. It provides a raw composite score of verbal
and non-verbal abilities, which can then be converted to an ageadjusted IQ score. In the literature, only two tests that measure
both verbal and non-verbal abilities have been used in more than
one study to assess general cognitive ability in adults with DS—
the Wechsler Intelligence Scale for Children Revised (WISC-R;
Wechsler 1974) and the KBIT-2 (see review Hamburg et al., submitted). As the WISC-R is designed for use in children, the KBIT-2
was chosen for this study to ensure items were age appropriate.
Raw KBIT-2 scores were used, as opposed to age-adjusted IQ
scores, due to the high number of participants scoring at ﬂoor
(i.e., the lowest score possible; IQ of 40) when raw scores were
converted to IQ scores. This is a common approach to this issue
in DS research (Edgin et al. 2010; Startin et al. 2016).

EEG Acquisition and Preprocessing Procedure
The initial eyes-closed resting-state EEG paradigm consisted of
continuous recording for 5.5 min (i.e., whole-block recording).
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Additionally, adults with DS are at an ultra-high risk of
Alzheimer’s disease (AD) (lifetime prevalence 90% (McCarron
et al. 2014; Zis and Strydom 2018)) attributed to triplication of
the APP gene which is located on chromosome 21. A more indepth understanding of how variability in brain function in this
group of individuals, who are genetically at risk of AD, is associated with cognitive ability may provide mechanistic insights
linking genetic dementia risk and cognitive impairment.
Electroencephalography (EEG) measurements reveal oscillatory brain activity across distinct frequency bands. These
bands are believed to represent different dynamic network
states and have been associated with a variety of different functions. Alpha oscillations (8–13 Hz) are one of the most prominent and reliably measured signals (Gasser et al. 1985; VázquezMarrufo et al. 2017). Alpha oscillations have been shown to
modulate perception and are associated with feedback control
of sensory information (Jensen et al. 2014; Popov et al. 2017).
Consequently, alpha activity may have utility as a marker of
intact distributed network activity, and may potentially be associated with cognitive ability.
Consistent with this notion, previous research has suggested adults with DS show atypical alpha-band features
compared to adults of the typically-developing (TD) population, including a slower alpha peak frequency (APF), with the
APF within the theta range for some individuals (Gunnarson
1945; Ono et al. 1992; Soininen et al. 1993; Murata et al. 1994;
Locatelli et al. 1996; Velikova et al. 2011). Furthermore, within
adults with DS, individual differences in alpha power and
alpha frequency have somewhat inconsistently been associated with cognitive ability (Soininen et al. 1993; Locatelli
et al. 1996; Politoff et al. 1996; Medaglini et al. 1997; Velikova
et al. 2011), in addition to ageing and cognitive decline
(Johanson et al. 1991; Ono et al. 1992; Soininen et al. 1993;
Murata et al. 1994; Locatelli et al. 1996; Visser et al. 1996;
Medaglini et al. 1997; Katada et al. 2000; Salem et al. 2015).
Thus, EEG characteristics in the alpha band may prove useful
as biomarkers for whole-brain dysfunction in adults with DS,
though further investigation is warranted.
Functionally, alpha band activity may represent modulations of excitatory/inhibitory (E/I) balance of ongoing cortical
activity (Peterson and Voytek 2017). Impairments in E/I balance
have also been purported as a mechanism contributing to cognitive impairment in DS (Martínez-Cué et al. 2014). Bayesian
model inversion schemes, such as dynamic causal modeling
(DCM), allow non-invasive inference on parameters of neuronal
circuitry from EEG signals (Friston et al. 2003; Kiebel et al. 2009),
and have been used to infer E/I parameters from scalp-EEG signals in health and neuropsychiatric conditions (Brown and
Friston 2012; Fogelson et al. 2014; Pinotsis et al. 2014; Cooray
et al. 2015; Chellappa et al. 2016; Ranlund et al. 2016).
In this study, we quantiﬁed whole-scalp resting-state EEG
characteristics associated with cognitive ability in a sample of
adults with DS without a diagnosis of dementia or noticeable
cognitive decline. We used a standard statistical parametric
mapping (SPM) approach, a technique for statistically analyzing
maps of brain imaging data (Kiebel et al. 2005), to ﬁrstly spatially delineate variations in cortical oscillatory activity across
theta–alpha frequency bands that were associated with cognitive ability. We then applied DCM for cross-spectral densities
(Kiebel et al., 2009; Moran et al., 2009) to infer the cortical circuitry changes underlying these oscillatory correlates; thereby
offering insights—at the level of canonical microcircuits (CMCs)
—into the neuronal architectures of adults who present with
both ID and a genetic susceptibility for dementia.

DCM of EEG Activity in Adults with Down Syndrome

Spectral Analysis Procedure
Spectral estimates were obtained using multitaper analysis for
each channel. Multitaper estimates of spectral power were calculated across 2-s windows using a time resolution of 400 ms
with steps of 50 ms and a bandwidth of 3 dB. Estimates were
then averaged to within time windows and across time windows for each subject, and average scalp maps were used to
estimate the SPM results. Scalp maps were generated using a
development version of SPM12 (12.3, updated 03/08/2018) for
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MATLAB and were spatially smoothed to minimize the effects of
spatio-anatomical differences between participants (Gaussian
smoothing kernel 2*2px across the 64*64 pixel scalp map). SPMs
were thresholded with family-wise error correction at P = 0.05.
Mean scalp maps of theta (5 Hz) and alpha (8 Hz) power were
generated to assess their regional distribution and determine
the location of maximum power in each band. We then used
linear regression to examine the relationship between raw
KBIT-2 score and both alpha peak amplitude (i.e., the maximum
power within the 8–13 Hz range) and APF (i.e., the frequency
within the 8–13 Hz range at which peak amplitude occurs) in the
spectra derived from regional electrode averages (occipital E70,
E71, E74, E75, E76, E82, E83; frontal E4, E5, E10, E11, E12, E16, E18,
E19). Finally, a scalp-wide SPM of power in the combined theta–
alpha (4–13 Hz) range was generated, and regression was used
to identify signiﬁcant associations between raw KBIT-2 score
and theta–alpha power across the scalp (P < 0.05, with familywise error correction). This analysis was conducted using a general linear model (Kiebel et al. 2005).

Dynamic Causal Modeling Procedure
The results from the above analyses of scalp (sensor space) data
motivated a DCM of a distributed bilateral alpha network (in
source space). This analysis followed a hierarchical model inversion: (1) for each subject, a network model of coupled neuralmasses (i.e., the CMC model (Moran et al. 2013)) was inverted to
explain the complex cross-spectra of oscillatory activity across
the scalp; that is both power distribution within different frequency bands, and the phase relationship between them; (2)
between-subject effects at the level of the subject-speciﬁc network connectivity (DCM) parameters were estimated using a
parametric empirical Bayesian (PEB) approach (Friston et al.
2016). At this between-subject level, we used KBIT-2 raw score,
age, and their interaction as regressors of interest, in addition to
two noise regressors (counterbalancing order and whether the
paradigm was split block or whole block). DCM for cross-spectral
density—as applied here—enables the inference and estimation,
within a Bayesian framework, of directed coupling (effective
connectivity) among key sources in this network, as well as the
parameters (time constants, intrinsic connection strengths) that
deﬁne local circuitry. This particular form of DCM and has been
validated in a range of studies of distributed networks in EEG
(Boly et al. 2012; Legon et al. 2016; Symmonds et al. 2018).
Nodes of interest were chosen a priori based on imaging literature analyzing EEG activity in combination with functional
magnetic resonance imaging (fMRI) and included bilateral
occipital, parietal, and frontal sources as a putative alpha network. Speciﬁcally, Laufs et al. (2003) examined correlations
between BOLD signal and alpha power. Associations were found
in the primary visual cortex (V1), superior parietal lobule (SPL),
and middle frontal gyrus (MFG). These nodes were selected for
the current study. Although further nodes in the alpha network
have also been identiﬁed (e.g., subcortical structures (Omata
et al. 2013)), the inﬂuence of these sources are accounted for
within the DCM.
Age was orthogonalized to examine variance not explained
by KBIT-2 score in order to increase statistical efﬁciency (a linear
model between raw KBIT-2 score and age was ﬁt and the residuals of this linear ﬁt were retained). Age was chosen as the variable to be orthogonalized because general cognitive ability was
the main outcome of interest in this study.
To optimize prior expectations for the use of the CMC model
generating alpha oscillations, we took a two-step approach: (1)
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We use the term resting state to indicate that participants were
not asked to complete a speciﬁc task (other than closing their
eyes). Due to poor participant compliance (i.e., participants had
difﬁculty sitting still and maintaining eye-closure) an amendment was made after 16 participants had been assessed. This
involved partitioning the 5.5-min recording into 30 s blocks
with a short break (of variable length according to each participant) between blocks, which enabled researchers to reiterate
the instruction to maintain eye-closure and ensure participants
were not asleep. This protocol is referred to as split-block
recording. All recordings were performed as part of a longer
testing session, involving additional EEG paradigms and were
counterbalanced within this.
Data was recorded using appropriately sized EGI hydrocel
high density sensor nets (containing 128 channel silver–silver
chloride electrodes). Electrodes above, below and beside the
outer canthus of each eye recorded vertical (VEOG) and horizontal (HEOG) electro-occulogram, respectively. The EEG signal
was referenced to the vertex during recording, and signals were
recorded using a bandpass ﬁlter of 0.1–100 Hz, ampliﬁed using a
gain of 10 000, and sampled at a rate of 250 Hz. Recordings were
made using NetStation (Electrical Geodesics, Inc., Eugene, OR).
Electrode impedances were maintained below 50 kΩ. Data is
available upon request.
All EEG preprocessing was performed using EEGLAB (Delorme
and Makeig 2004) for MATLAB (MathWorks, Natick, MA). The
continuous EEG signal was digitally ﬁltered using a low pass ﬁlter
of 30 Hz. All data obtained from six channels situated around the
ears were removed due to poor ﬁt of these channels during
recordings as a result of morphological differences in those with
DS. As there was a high degree of variability in blink artifacts
between participants, and as there is no clear validated algorithm approach to artifact removal in DS, movement and/or blink
artifacts were removed manually (i.e., affected data excluded)
based on visual inspection. Bad channels were also identiﬁed
based on visual inspection and were replaced using spherical
spline interpolation (SSI; Perrin et al. 1989); a widely used method
for estimating missing data values in arrays with more than 65
electrodes (Ferree 2006). It estimates missing data using spatially
weighted existing values that are approximated to positions on a
sphere (Ferree 2006; Kang et al. 2015). In this study, the mean
number of channels interpolated per participant was 1.82 (range
0–5). Remaining channels were re-referenced to the average electrode (with the exception of VEOG and HEOG channels, which
were removed from analysis following manual removal of blink
artifacts). Datasets were segmented into 2-s epochs. Participants
with fewer than 12 such epochs were excluded from further EEG
analysis. This threshold was chosen as a pragmatic trade-off
between maximizing the availability of artifact free data, while
attempting to obtain stable power distributions in the frequency
band of interest. The average power spectral densities estimated
from this threshold were conserved at the subject level (see
Supplementary Figs S1 and S2).
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evidence that the data were generated from different “reduced”
models—that is, models that only allow between-subject variation to be caused by speciﬁc subsets of model parameters. In this
(group-level) model comparison, we can successfully identify the
known generative parameter variations. These simulation results
further support the use of computationally efﬁcient estimation of
log-model evidence using Bayesian model reduction, which has
been successfully employed across multiple complex network
analyses in EEG (Friston et al. 2016; Rosch et al. 2018; Symmonds
et al. 2018).

Results
Spectral Analysis Results
Mean raw KBIT-2 score was 54.84 (19.64 SD; 10–102 range).
Average scalp maps and mean power spectra by region for all
participants (n = 36) showed frontal dominance of theta activity
as well as the expected posterior alpha distribution (Fig. 2A,C).
Linear regression revealed peak alpha amplitude at the frontal
region to be signiﬁcantly associated with raw KBIT-2 score (t(34)
= 2.93, P = 0.006; Fig. 2B). The relationship between peak alpha
amplitude at the occipital region and raw KBIT-2 score did not
reach signiﬁcance (t(34) = 1.77, P = 0.085; Fig. 2B). In our sample,
no signiﬁcant association between peak alpha frequency and
KBIT-2 was found for frontal (t(34) = 0.04, P = 0.96), or occipital
electrodes (t(34) = 1.03, P = 0.31) (results not shown).
Whole-scalp SPM analysis of EC spectral estimates revealed
clusters of signiﬁcant positive correlations between estimated
general cognitive ability (raw KBIT-2 score) and power in the
4–13 Hz range. Clusters were located over left occipital and right
temporal scalp regions (Fig. 2D).

Dynamic Causal Modeling Results
We identiﬁed cortical sources that are associated with increased
alpha power from the literature. Speciﬁcally, we used Montreal
Neurological Institute (MNI) coordinates of fMRI clusters reportedly associated with EEG alpha power derived from EEG/fMRI
experiments (Laufs et al. 2003) as priors for the DCM analysis
(Fig. 3B). Based on this literature, we identiﬁed three bilateral
sources: primary visual cortex (V1, MNI coordinates [x,y,z] left:
[−16,−92,0]; right: [12,−92,21]), SPL (MNI coordinates left: [−48,
−56,52]; right: [34,−51,39]), and MFG (MNI coordinates left:
[−46,37,16]; right: [46,18,21]). Coordinates that were reported as
Talairach coordinates in the original report were converted
to MNI coordinates using an online conversion tool (http://
sprout022.sprout.yale.edu/mni2tal/mni2tal.html, accessed 03/07/

Table 1: T1—superﬁcial pyramidal cell time constant; T2—inhibitory interneuron time constant; T3—spiny stellate cell time constant; T4—deep
pyramidal cell time constant; g1—superﬁcial pyramidal cell modulatory self-connection; g2—superﬁcial pyramidal cell to spiny stellate cell
inhibition; g3—inhibitory interneuron to spiny stellate cell inhibition. Note that T and s parameters only have one value that is applied to all
regions.
Parameter

Left V1

Right V1

Left SPL

Right SPL

Left MFG

Right MFG

τ1
τ2
τ3
τ4
g1
g2
g3
s

2.17
2.94
3.81
0.66
−0.39
−0.33
−0.05
−0.63

=
=
=
=
−0.05
0.22
−0.05
=

=
=
=
=
−0.33
0.84
−0.23
=

=
=
=
=
0.18
0.73
−0.54
=

=
=
=
=
−0.14
0.42
−0.31
=

=
=
=
=
−0.03
−0.08
−1.67
=
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based on the simulated spectra of a single CMC, we optimized
several time constants (T1, 2, 3) and decreased population variance (S parameter) in order to allow for power spectra that contain a frequency peak in the alpha range. (2) Using those prior
parameter values, we then inverted all subjects—effectively
scanning the parameter space around the above priors by
inverting different subjects. From this pool of inverted subjects,
we selected the posterior parameter estimates of a representative subject for whom the inversion provided good model ﬁts.
Finally, these values were used as priors for each subject during
a second inversion that was the basis for further analysis. The
ensuing prior used for the model inversion of each subject are
shown in Table 1.
We compared a subset of models with variations in a subset
of the parameters explaining the between-subject model regressors. This model comparison can be done efﬁciently by applying
Bayesian Model Reduction estimates (Penny et al. 2004; Friston
et al. 2015). Although Bayesian model reduction can be employed
to search the model space exhaustively (i.e., compare all possible
combinations of model parameters), we chose here to focus on a
selection of models that were informed by our neurobiological
questions. These models focused on the type of connectivity
(i.e., intrinsic, forward, and backward connections), as these connections are mediated by distinct neurotransmitters (AMPA,
NMDAR, and GABA transmission, respectively, for Forward,
Backward, and Intrinsic connections) in our model. For inference
on this more restricted model space, we are harnessing Bayesian
model reduction for its computational efﬁciency.
Overall candidate models differed in terms of whether
forward, backward, and intrinsic self-inhibitory connections
showed cognitive and age-related effects. The model with the
greatest log-evidence (as approximated by negative free-energy)
was considered the winning model. Connectivity changes associated with KBIT-2 score in the winning model were then examined to quantify the microcircuit correlates of cognitive ability
and thereby explain the observed differences in theta–alpha
power in terms of neuronal excitation–inhibition balance.
We tested the construct validity of using this approach by simulating data from in silico six-node networks, where a betweensubject regressor modulated speciﬁc model parameters (Fig. 1).
We generated a baseline model, and a random between-subject
regressor. Using these, we then generated 36 single-subject
models, where intrinsic inhibitory connections were modulated
according to the weight given by the between-subject regressor
and simulated output cross-spectral densities that would be
observed from the particular model speciﬁcations. Using hierarchical PEB inversion of dynamic causal models described above,
we then inverted models based on these data, and assessed the

DCM of EEG Activity in Adults with Down Syndrome
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Testing modelling validity with simulated data

A

Subset of parameters:
Self-inhibition

B

C

Data simulation:
Subject-specific
cross-spectral densities

D

Model in version:
Hierarchical parametric
empirical Bayes

E

MFG

Model comparison:
Identifying modulated
parameters

700
B

SPL

i

V1
...

Between subject effects:

ΔF = 38

ΔFree energy

F

...

0

...

F B FB i Fi Bi FBi

Figure 1. Assessing construct validity of the parametric empirical Bayesian (PEB) approach. (A) A baseline model parameterization is combined with a betweensubject random effects regressor by allowing modulation of speciﬁc subsets of parameter (here, intrinsic self-inhibitory connections) by the weight given in the
between-subject effect regressor. (B) This produces 36 different DCM models, that differ in their intrinsic connectivity in a way that is affected by the between-subject
regressor. (C) These models are used to generate synthetic cross-spectral densities (of which the ﬁrst three eigenmodes are shown here) that vary systematically with
the regressor. (D) These data are used as input for DCM model inversion. This approach compares subsets of models where between-subject effects are expressed
only in a subset of parameters. (E) Using the free-energy measure of model likelihood for each of these models, we can then compare how good an explanation these
models offer for the data, and successfully identify the model with changes in intrinsic self-inhibition as the winning model.

B

Raw KBIT-2 and alpha power

Theta frequency (5Hz)

1.5

Frontal electrodes
p < 0.01

[log µV2]

peak alpha power

15

10

KBIT raw score

100

Occipital electrodes

Statistic parametric map of raw KBIT-2 score

8
4
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scalp location

right

posterior scalp location

[log µV2]
0

KBIT raw score

100

T-value

10
600

3.80

13

anterior

16

power [µV2]

30

Scalp-frequency maps
0

Low alpha frequency (8Hz)

0

20
frequency [Hz]

600

peak alpha power

frontal

0

D
power [µV2]

occipital

1.0

10
0

Regional power spectra

C

frequency [Hz]

Scalp power distribution

mean power
[103 µV2]

A

b

a
3.45

13
8
4
frequency [Hz]

Figure 2. A. Mean scalp map of power distribution for theta (5 Hz, top) and low-alpha (8 Hz, bottom) activity. The frequencies shown here are exemplary and chosen
for their complementary distribution across the scalp (all statistical inference is made across the whole theta–alpha spectrum). B. Linear relationship between peak
alpha amplitude at frontal and occipital regions (eight channel average frontal; seven channel average occipital) and raw KBIT-2 score. C. Mean regional power spectra
at frontal and occipital regions (regional channel average). D. T-statistic scalp map showing voxels with a signiﬁcant relationship between raw KBIT-2 score and
power in theta–alpha (4–13 Hz) range; voxels were located over left occipital (a) and right temporal (b) scalp regions.

2018), which itself is based on a previously published conversion
(Lacadie et al. 2008).
Each node was modeled as an EEG dipolar source, with
activity being generated by a CMC neural mass model (Fig. 3A).

This model was ﬁtted to complex cross-spectral density summaries of ongoing EEG oscillations that preserved both amplitude and phase relationships. The priors of the CMC were
tuned to generate alpha oscillations and were identical for each
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Canonical microcircuit model of cortical sources
Source 1

2

Inihibtory
interneurons

τ2
τ3

Spiny stellate
interneurons
Deep
pyramidal cells

τ4

intrinsic inhibitory connectivity
intrinsic self-inhibition

Alpha-generating resting state network
(mixed frequency input driving each node)

Middle
frontal
gyrus

lateral
connections
MFG
backward
connection

Superior
parietal
lobule

forward
connection

2

2
2

5

1

1

2

1

2

2

5
2

2

2

1
5

2
5

2

5

1

1

1

2

2

1

.5

1

2
1

2

SPL

4

2
Occipital
(primary visual)
cortex

2

V1
intrinsic
self-inhibition

2
0
Frequency [Hz]

30

0

30

0

30

Mode 1 (observed)

Mode 1 (fitted)

Mode 2 (observed)

Mode 2 (fitted)

Mode 3 (observed)

Mode 3 (fitted)

Figure 3. A. Schematic illustrating the canonical microcircuit (CMC) neural mass model, which comprises four distinct neural-masses mapped onto speciﬁc cortical
layers. The model includes between-population (local, intrinsic) excitatory (black) and inhibitory (red) connections and within-population intrinsic self-inhibition; as
well as between-source (long-range, extrinsic) excitatory connections. B. Diagram showing the bilateral network model, including nodes within the primary visual
cortex (V1), superior parietal lobule (SPL), and middle frontal gyrus (MFG), also indicating extrinsic forward, backward, and lateral connections; as well as intrinsic
self-inhibition. C. Individual subject model ﬁts showing the top three eigenmodes decomposed from whole-scalp data alongside the model ﬁts for each of the 36
participants.

participant. The model ﬁts for individual DCMs inverted to
subject-speciﬁc spectra are shown in Figure 3C; speciﬁcally, the
DCM principal eigenmode summary of the whole-scalp data
from each participant (here, with eight eigenmodes—this is
standard practice in DCM and provides a well-tested balance
between the richness of the dataset (preserving components
for analysis) and allowing model inversion (reducing the
dimensionality of multi-channel recordings)). This ﬁgure shows
the top three eigenmodes of the empirical recordings versus
those generated by the DCMs (Fig. 3C), illustrating an almost
universally excellent ﬁt in the <15 Hz spectra (faster frequencies have not been captured as accurately because the model
was optimized to generate <15 Hz activity).
We then compared seven candidate models (Fig. 4A), where
between-subject effects were only allowed to affect a subset of
possible model parameters (combinations of extrinsic and
intrinsic connectivity parameters). Bayesian model selection
identiﬁed the model allowing for intrinsic self-inhibition alone
as having the greatest model evidence. This model had a negative free-energy difference to the next highest model of 9.1 (corresponding to a Bayes Factor of over 100) (Fig. 4B), which is

considered very strong evidence for the model compared to its
alternatives (Kass and Raftery 1995).
The variation of connectivity parameters best explained by
KBIT-2 scores in the winning model architecture (i.e., restricting
between-subject effects to intrinsic self-inhibition) is shown in
Figure 5A. The biggest effect (which was also estimated with
the greatest certainty) was seen in right V1, where a higher raw
KBIT-2 score was associated with less intrinsic-inhibition (i.e.,
disinhibition). This negative linear relationship between (mean
bilateral) V1 self-inhibition and KBIT-2 raw score is further
illustrated in Figure 5B, showing mean V1 intrinsic inhibition
versus raw KBIT-2 score plotted for each subject. Note the
Bayesian conﬁdence intervals delimit the certainty with which
each parameter is estimated. This shows that individually
some parameters are more identiﬁable during the model inversion (i.e., their exact value can be estimated more precisely
than others). However, the statistical test of our hypotheses
was performed during the Bayesian model selection (i.e., by
comparing models where different sets of parameters were
included to explain the variation between subjects, we identiﬁed an optimum model that balances complexity and model
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Figure 4. A. Diagram showing the seven network-level candidate models, which differed in terms of which forward (F), backward (B), and intrinsic self-inhibitory (i)
connections were affected by between-subject differences in cognitive ability and age. Red box denotes the (intrinsic self-inhibition) model with the greatest model
evidence B. (Log) model evidence (negative free-energy) for each of the seven candidate models. Model 0i (model 4; intrinsic self-inhibition alone) shows the highest
negative free-energy, with a negative free-energy difference to the next highest model of 9.1 (top diagram) and a posterior probability of ~1 (bottom diagram).
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Figure 5. A. Bar chart showing the linear (between-subject) effect of raw KBIT-2 score on intrinsic self-inhibition for each node in the network of the winning model
(allowing for changes in intrinsic self-inhibition alone; shown bottom right). Bayesian conﬁdence intervals indicate that the effects estimated with most certainty are
located at right V1. B. Scatter graph showing inverse correlation between raw KBIT-2 score and mean V1 (left V1 and right V1 average) intrinsic inhibition of the winning model (i.e., the model with the highest model evidence in model space).

accuracy). This means that there is strong statistical evidence
for the inclusion of all the parameters shown, even where the
individual parameter values cannot be estimated with high certainty (as indicated by larger Bayesian conﬁdence intervals).
There were no effects of age or the interaction between KBIT2 raw score and age that survived Bayesian Model Reduction.

Discussion
We show that general cognitive ability in adults with Down syndrome (DS) is associated with particular, distributed signatures in

scalp activity across theta–alpha frequency ranges. Furthermore,
DCM indicates that across our model space, between-subject differences in intrinsic self-inhibition producing the differing EEG
spectra are associated with individual differences in general cognitive ability. In particular, we demonstrated that higher cognitive
ability was associated with higher alpha peak amplitude at frontal electrodes and higher theta–alpha band power in distributed
regions across the scalp. Within a generative model of a distributed alpha generating network, these changes were associated
with lower intrinsic self-inhibition in bilateral V1 and an implicit
loss of E/I balance maintained by inhibitory interneurons.
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progenitor cells have failed to ﬁnd evidence of over-inhibition
in DS and have instead indicated under-inhibition may be present. The indication in frontal regions of a positive relationship
between inhibition and cognitive ability in this study, as
opposed to the negative relationship in V1, is suggestive of
potential regional differences in E/I. It is possible such differences contribute to inconsistencies in the literature and suggest the over-inhibition narrative in DS may in fact be more
complex, with regional differences also being important to consider. It follows that MRS studies may prove useful for examining E/I mechanisms in DS further, with studies focusing on
different brain regions. The nodes identiﬁed in this study may
inform targets for this.
Mechanistically, the parameter of intrinsic inhibition identiﬁed here describes recurrent self-connections that dampen the
excitability of the large projection neurons in the circuitry of
the CMC (Fig. 3A). This is a population level summary of intralaminar local inhibitory populations that connect pyramidal
cells within the supragranular, or infragranular cortical layers.
Less intrinsic inhibition, as seen in V1 with higher KBIT-2
scores, therefore releases the self-suppression of ongoing activity, and results in more excitable cortical sources. It could be
hypothesized that reduced inhibition at a cellular level would
lead to increased electrophysiological activity in this region;
manifesting as release of synchronous alpha activity across the
network as measured by EEG (a desirable outcome during eyeclosure and indicative of efﬁcient network-level control).
Conversely, increased V1 intrinsic inhibition (as seen in individuals with lower KBIT-2 scores) may therefore attenuate the
alpha that can be measured in the EEG across the whole scalp.
It is noteworthy that adults with DS show reduced alpha
power when compared to age-matched TD controls (Ono et al.
1992; Murata et al. 1994; Locatelli et al. 1996; Babiloni et al.
2009). The relationship between alpha and general cognitive
ability in adults with DS reported here therefore indicates that
within individuals with DS, those with an EEG spectrum closer
to that of individuals from the TD population (i.e., higher alpha
peak amplitude) are also closer to individuals from the TD population in terms of general cognitive ability.
This is the ﬁrst study to examine parameters of E/I in
humans with DS. Our results suggest regionally speciﬁc modulation of intrinsic self-inhibition as a potential therapeutic target for cognitive enhancement in DS. Recent research has
demonstrated the utility of transcranial direct current stimulation in modulating local E/I balance in order to enhance memory through reducing local GABA levels in the TD population
(Barron et al. 2016). The localized nature of these ﬁndings,
although problematic for pharmacological manipulation, lends
itself to such targeted approaches. A further potential practical
implication of this study is the use of non-invasively measured
V1 intrinsic-inhibition as a biomarker of general cognitive ability, which drug trials in DS may ﬁnd useful.
It is important to note, however, that the differences in
intrinsic inhibition between adults with DS reported here may
be compensatory responses to a backdrop of altered neurobiology, rather than a direct consequence of trisomy 21. For some
individuals, it may be the case that excess inhibition provides
an advantage of some form (for example, reducing seizure-like
activity, which is more common in DS (Pueschel et al. 1991)).
Caution should therefore be taken when considering intrinsic
inhibition as a potential therapeutic target in this population.
In the current study, age was not identiﬁed as an important
factor associated with theta–alpha activity. Despite this, agerelated changes in alpha activity are commonly reported in DS
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The importance of alpha activity in cognition is highlighted
by work in the TD population relating alpha oscillations to
attention and memory processes (Klimesch 1999; Richard Clark
et al. 2004; Palva and Palva 2007; Samaha and Postle 2015;
Foster et al. 2016; Oswald et al. 2017; Voytek et al. 2017). Within
the DS population, a limited number of studies have reported
associations between alpha power and cognitive ability. Similar
to ﬁndings of the present study, Medaglini et al. (1997; 45 adults
with DS) reported a signiﬁcant positive correlation between
alpha power (8–12 Hz) and cognitive ability (attention and
memory test performance, as measured by the Cancellation
Task and the Rivermead Behavioural Memory Task, respectively). In contrast, a smaller study by Politoff et al. (1996; 13
adults with DS) reported a signiﬁcant negative correlation
between low-alpha power (8.8 Hz) and cognitive ability (as measured by the Picture Absurdities Test). This study, however,
was restricted to higher functioning participants and may
therefore not be comparable to the present study. Interestingly
Velikova et al. (2011; 25 individuals with DS) reported cognitive
ability (as measured by the Wechsler Adult Intelligence Scale
and the Rivermead Behavioural Memory Task) was positively
associated with power at the high-alpha range (11–12 Hz) and
negatively associated with power at the low-alpha range
(7–8 Hz). Individuals with cognitive decline were not excluded
from this study, however, which may be a potential source of
inconsistency between the low-alpha ﬁndings reported here. A
particular strength of our study is the exclusion of adults with
noticeable cognitive decline, which allows pre-decline relationships between oscillatory correlates and cognitive ability to be
determined. Cognitive decline and dementia represent disease
processes that warrant future speciﬁc investigation.
The association between higher general cognitive ability and
lower intrinsic self-inhibition demonstrated here is in keeping
with animal model literature demonstrating markers of overinhibition in the Ts65Dn mouse (a commonly used mouse
model of DS) compared to wildtype mice (see Contestabile et al.
(2017) for review). This has included an increased number of
GABAergic interneurons, enhancement of interneuron excitability, and reduced glutamatergic transmission (Chakrabarti et al.
2007; Hernández et al. 2012; Tyler and Haydar 2013; HernándezGonzález et al. 2015; Contestabile et al. 2017). Treatment of
Ts65Dn mouse models with pharmacological agents that reduce
inhibition has also been shown to improve memory deﬁcits in
these animals (Braudeau et al. 2011). Based on ﬁndings from the
mouse model literature, over-inhibition has also been the target
of recent human drug trials aimed at improving cognition in
individuals with DS. Thus, far these trials have either been
unsuccessful (Roche; ClinicalTrials.gov Identiﬁer: NCT02024789)
or are ongoing (Balance Therapeutics). The unsuccessful study
by Roche was a phase II placebo-controlled trial of an inverse
agonist of α5 subunit-containing GABAA receptors (basmisanil).
No improvement in cognitive function was observed over 26
weeks in participants (aged 12–30). Importantly, different inhibitory pathways across the brain express different GABAA receptor subunits—α5 containing receptors are highly expressed in
the adult hippocampus but have low expression in other brain
areas (Vargas-Caballero et al. 2010). As atypicalities in the brains
of individuals with DS are not localized to the hippocampus,
alternative targets of over-inhibition require investigation. The
ﬁndings of our study—indicating a relationship between localized cortical over-inhibition and cognitive ability—further support this.
It is of further interest that human studies using postmortem tissue, magnetic resonance spectroscopy (MRS), and neural
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used here speciﬁcally accommodates random between-subject
effects. Larger studies may therefore help interpret this further.
Future studies would also beneﬁt from using participant MRIs to
localize nodes at an individual level.
A general aspect of Bayesian model inversion is the reliance on
a set of prior assumptions (i.e., the activity generated by the model
arises from CMC optimized to generate activity of interest within
predeﬁned nodes of interest). Despite optimizing the model with
Bayesian model reduction, other factors not accounted for by the
structure of the models entertained may also be important—and
potentially result in models with greater evidence.
Oscillatory correlates of individual differences in cognitive
ability in other forms of ID do not appear to have been studied;
however, atypical connectivity in theta and alpha bands have
been demonstrated in adults with fragile X syndrome (van der
Molen et al. 2014). It therefore remains to be seen whether the
ﬁndings reported here are unique to individuals with DS or are
related to ID in general. Future research with non-DS ID populations are necessary to clarify this.
Future studies would beneﬁt from recruiting older individuals in order for relationships between ageing and model
parameters to be fully examined. During this study, we found
practical difﬁculties related to traveling to our testing location
were common in older individuals with DS. The use of portable
EEG equipment may therefore increase participation of older
adults. Furthermore, larger or targeted studies will enable associations between Apolipoprotein E (APOE) genotype and EEG
activity to be explored, with associations with APOE genotype
being of particular interest due to the known increased risk of
AD in those possessing the APOE ε4 allele. As these ﬁndings are
based on a single EEG paradigm, modeling EEG activity using
DCM for other paradigms (e.g., the auditory oddball) would help
improve the validity of conclusions. Finally, DCM can also be
used to model the effects of speciﬁc pharmacological compounds on the network and parameters identiﬁed here. Such
an approach may aid in drug discovery.

Supplementary Material
Supplementary material is available at Cerebral Cortex online.
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literature (e.g., Johanson et al. 1991; Soininen et al. 1993; Katada
et al. 2000). It is possible that age was not an important factor
in the current study because of the relatively young mean age
of adult participants (30.92 years), before substantial ADassociated pathology in adults with DS is likely to occur (AD
pathology is present in the brains of almost all adults with
DS over the age of 30 (Wisniewski et al. 1985; Mann 1988)).
Orthogonalizing age with respect to KBIT-2 score may have
also reduced a possible relationship. Alternatively, it is possible
that when cognitive decline is controlled for (as in the present
study), age is not an important factor associated with theta–
alpha activity.
Other studies using neural mass computational models to
investigate resting-state alpha activity have highlighted the
importance of inhibitory interneurons within the Lateral
Geniculate Nucleus of the thalamus (Bhattacharya et al. 2016).
Research suggests these neurons play a role in maintaining
homeostatic balance within the network by suppressing any
instability that may arise from anomalous synaptic activity
(e.g., dysrhythmia or slowing) (Bhattacharya et al. 2016). It is
therefore possible that the parameter of intrinsic self-inhibition
in this study may play a similar role in maintaining homeostatic balance within the alpha network. It could be argued that
maintaining excitation–inhibition balance within this network
may be a greater challenge for the DS brain, where numerous
sources (from biochemical to a gross anatomical) may contribute to anomalous syntactic activity.
In order to achieve good model ﬁts, we adjusted CMC parameters so that individual CMC sources would provide a frequency peak in the alpha range. This approach means that we
may have already “explained away” some of the whole-scalp
observations through adjustment of local parameters, meaning
that long-range connectivity may be less likely to emerge as a
true experimental effect in the results. However, the DCM for
cross-spectral densities largely relies on the complex component
of the cross-spectra and thus the phase relationship between
sources to infer underlying long-range effective connectivity
between sources. As this was not included in the optimization of
the priors, we would not have biased against the main data features that allows inference on long-range connections.
It remains unclear why alpha peak amplitude was signiﬁcantly associated with KBIT-2 score in frontal regions, yet for
DCM analysis both the effect size of—and the conﬁdence in—
the association of KBIT-2 score and intrinsic inhibition were
highest in the occipital regions. Because there is a non-linear
mapping between model parameters and EEG spectral features,
whilst non-intuitive, this does nevertheless reﬂect the evidence
in the data. The dynamics of the network of sources—as modeled here—depends not only on the dynamics of isolated
microcircuits, but also of the integrated and distributed dynamics of all coupled sources. Thus, a source level change in intrinsic connectivity in the occipital nodes may have little effects on
the observable node dynamics (because of the nonlinear mapping); yet, a slight change in the input from occipital sources to
frontal sources may yield larger observable effects in sensor
space.
This highlights the fact that it is difﬁcult to interpret sensor
space (scalp) effects in terms of the underlying causes in source
(brain) space. It is possible that our ﬁndings were inﬂuenced by the
large extent of inter-individual variability in EEG measures and
network parameters reported here; however, the PEB approach

Hamburg et al.

10

|

Cerebral Cortex

Appendix

References
Babiloni C, Albertini G, Onorati P, Vecchio F, Buffo P, Sarà M,
Condoluci C, Pistoia F, Carducci F, Rossini PM. 2009. Interhemispheric functional coupling of eyes-closed resting
EEG rhythms in adolescents with Down syndrome. Clin
Neurophysiol. 120(9):1619–1627. https://doi.org/10.1016/j.
clinph.2009.06.017.
Ball SL, Holland AJ, Huppert FA, Treppner P, Watson P, Hon J.
2004. The modiﬁed CAMDEX informant interview is a valid
and reliable tool for use in the diagnosis of dementia in
adults with Down’s syndrome. J Intellect Disabil Res. 48(Pt
6):611–620. https://doi.org/10.1111/j.1365-2788.2004.00630.x.
Barron HC, Vogels TP, Emir UE, Makin TR, O’Shea J, Clare S,
Jbabdi S, Dolan RJ, Behrens TEJ. 2016. Unmasking latent
inhibitory connections in human cortex to reveal dormant
cortical memories. Neuron. 90(1):191–203. https://doi.org/10.
1016/j.neuron.2016.02.031.
Bhattacharya BS, Bond TP, O’Hare L, Turner D, Durrant SJ. 2016.
Causal role of thalamic interneurons in brain state transitions: a study using a neural mass model implementing
synaptic kinetics. Front Comput Neurosci. 10:115.
Boly M, Moran R, Murphy M, Boveroux P, Bruno MA, Noirhomme
Q, Ledoux D, Bonhomme V, Brichant JF, Tononi G, et al. 2012.
Connectivity changes underlying spectral EEG changes
during propofol-induced loss of consciousness. J Neurosci.
32(20):7082–7090. https://doi.org/10.1523/JNEUROSCI.3769-11.
2012.
Braudeau J, Delatour B, Duchon A, Pereira PL, Dauphinot L, de
Chaumont F, Olivo-Marin J-C, Dodd RH, Hérault Y, Potier MC.

Downloaded from https://academic.oup.com/cercor/advance-article-abstract/doi/10.1093/cercor/bhz043/5382204 by University College London user on 20 March 2019

Glossary
Adult: used in this study to refer to individuals aged 16 and
over (i.e., not a child).
Age-adjusted IQ score: when a raw score on a general cognitive ability test is converted to a standardized score (using population norms) according to participant age to provide an
estimate of intelligence quotient (IQ).
Bayesian model selection (BMS): a method for determining
the most likely hypothesis (among a set of competing hypotheses) about the mechanisms that generated observed data.
Dynamic causal modeling (DCM): a framework for ﬁtting differential equation models of neuronal activity to brain imaging
data using Bayesian methods.
Eigenmode: a frequency component of a signal. Principal
eigenmodes represent the main components of the signal and
can be used to summarize data.
Free-energy: the function that is optimized during model
inversion in DCM. Log-evidence (as approximated by negative
free-energy) is used to determine the winning model.
KBIT-2 score: Kaufmann’s Brief Intelligence Test second
Edition (KBIT-2) raw test score (Kaufman and Kaufman 2004).
Used to provide an estimate of general cognitive ability.
Model inversion: method for ﬁtting the data to the model to
estimate model parameters. The method involves minimizing
free-energy/maximizing negative free-energy in order to maximize the model evidence or marginal likelihood.
Posterior probability: within Bayesian statistics, posterior
probability is the statistical probability that a hypothesis is
true, given the relevant evidence.
Typically developing (TD): used in this study to refer to individuals who do not have a neurodevelopmental disorder.

2011. Speciﬁc targeting of the GABA-A receptor α5 subtype by
a selective inverse agonist restores cognitive deﬁcits in
Down syndrome mice. J Psychopharmacol. 25(8):1030–1042.
https://doi.org/10.1177/0269881111405366.
Brown HR, Friston KJ. 2012. Dynamic causal modelling of
precision and synaptic gain in visual perception - an EEG
study. Neuroimage. 63(1):223–231. https://doi.org/10.1016/j.
neuroimage.2012.06.044.
Chakrabarti L, Galdzicki Z, Haydar TF. 2007. Defects in embryonic
neurogenesis and initial synapse formation in the forebrain
of the Ts65Dn mouse model of Down syndrome. J Neurosci.
27(43):11483–11495. https://doi.org/10.1523/JNEUROSCI.340607.2007.
Chellappa SL, Gaggioni G, Ly JQM, Papachilleos S, Borsu C,
Brzozowski A, Rosanova M, Sarasso S, Luxen A, Middleton B,
et al. 2016. Circadian dynamics in measures of cortical excitation and inhibition balance. Sci Rep. 6:33661. https://doi.
org/10.1038/srep33661.
Contestabile A, Magara S, Cancedda L. 2017. The GABAergic
hypothesis for cognitive disabilities in Down syndrome.
Front Cell Neurosci. 11:54. https://doi.org/10.3389/fncel.2017.
00054.
Cooray GK, Sengupta B, Douglas P, Englund M, Wickstrom R,
Friston K. 2015. Characterising seizures in anti-NMDA-receptor
encephalitis with dynamic causal modelling. Neuroimage. 118:
508–519. https://doi.org/10.1016/j.neuroimage.2015.05.064.
de Graaf G, Buckley F, Skotko BG. 2015. Estimates of the live
births, natural losses, and elective terminations with Down
syndrome in the United States. Am J Med Genet A. 167A(4):
756–767. https://doi.org/10.1002/ajmg.a.37001.
Delorme A, Makeig S. 2004. EEGLAB: an open source toolbox for
analysis of single-trial EEG dynamics including independent
component analysis. J Neurosci Methods. 134(1):9–21. https://
doi.org/10.1016/j.jneumeth.2003.10.009.
Edgin JO, Mason GM, Allman MJ, Capone GT, Deleon I, Maslen
C, Reeves RH, Sherman SL, Nadel L. 2010. Development and
validation of the Arizona Cognitive Test Battery for Down
syndrome. J Neurodev Disord. 2(3):149–164. https://doi.org/
10.1007/s11689-010-9054-3.
Ferree TC. 2006. Spherical splines and average referencing in
scalp electroencephalography. Brain Topogr. 19(1–2):43–52.
https://doi.org/10.1007/s10548-006-0011-0.
Fogelson N, Litvak V, Peled A, Fernandez-del-Olmo M, Friston K.
2014. The functional anatomy of schizophrenia: a dynamic
causal modeling study of predictive coding. Schizophr Res.
158(1–3):204–212. https://doi.org/10.1016/j.schres.2014.06.011.
Foster JJ, Sutterer DW, Serences JT, Vogel EK, Awh E. 2016. The
topography of alpha-band activity tracks the content of spatial working memory. J Neurophysiol. 115(1):168–177.
https://doi.org/10.1152/jn.00860.2015.
Friston KJ, Harrison L, Penny W. 2003. Dynamic causal modelling. Neuroimage. 19(4):1273–1302.
Friston KJ, Litvak V, Oswal A, Razi A, Stephan KE, van Wijk
BCM, Ziegler G, Zeidman P. 2016. Bayesian model reduction
and empirical Bayes for group (DCM) studies. Neuroimage.
128:413–431. https://doi.org/10.1016/j.neuroimage.2015.11.
015.
Friston K, Zeidman P, Litvak V. 2015. Empirical Bayes for DCM: a
group inversion scheme. Frontiers in Systems. Neuroscience.
9:164. https://doi.org/10.3389/fnsys.2015.00164.
Gasser T, Bächer P, Steinberg H. 1985. Test-retest reliability of
spectral parameters of the EEG. Electroencephalogr Clin
Neurophysiol. 60(4):312–319. https://doi.org/10.1016/0013-4694
(85)90005-7.

DCM of EEG Activity in Adults with Down Syndrome Hamburg et al.

11

selective inverse agonists. Neurosci Biobehav Rev. 46(Pt 2):
218–227.
McCarron M, McCallion P, Reilly E, Mulryan N. 2014. A prospective 14-year longitudinal follow-up of dementia in persons
with Down syndrome. J Intellect Disabil Res. 58(1):61–70.
https://doi.org/10.1111/jir.12074.
Medaglini S, Locatelli T, Fornara C, Alberoni M, Comola M,
Franceschi M, Canal N, Comi G. 1997. P300 and EEG mapping
in Down’s syndrome. J Psychophysiol. 11(1):48–58.
Moran R, Pinotsis DA, Friston K. 2013. Neural masses and ﬁelds
in dynamic causal modeling. Front Comput Neurosci. 7:57.
https://doi.org/10.3389/fncom.2013.00057.
Moran RJ, Stephan KE, Seidenbecher T, Pape HC, Dolan RJ,
Friston KJ. 2009. Dynamic causal models of steady-state
responses. Neuroimage. 44(3):796–811. https://doi.org/10.
1016/j.neuroimage.2008.09.048.
Murata T, Koshino Y, Omori M, Murata I, Nishio M, Horie T,
Isaki K. 1994. Quantitative EEG study on premature aging in
adult Down’s syndrome. Biol Psychiatry. 35(6):422–425.
Omata K, Hanakawa T, Morimoto M, Honda M. 2013.
Spontaneous slow ﬂuctuation of EEG alpha rhythm reﬂects
activity in deep-brain structures: a simultaneous EEG-fMRI
study. PLoS One. 8(6):e66869. https://doi.org/10.1371/journal.
pone.0066869.
Ono Y, Yoshida H, Momotani Y, Yoshimasu F, Higashi Y. 1992.
Age-related changes in occipital alpha rhythm of adults
with Down syndrome. Jpn J Psychiatry Neurol. 46(3):659–664.
Oswald V, Zerouali Y, Boulet-Craig A, Krajinovic M, Laverdière C,
Sinnett D, Jolicoeur P, Lippé S, Jerbi K, Robaey P. 2017.
Spontaneous brain oscillations as neural ﬁngerprints of working memory capacities: a resting-state MEG study. Cortex. 97:
109–124. https://doi.org/10.1016/j.cortex.2017.09.021.
Palva S, Palva JM. 2007. New vistas for alpha-frequency band
oscillations. Trends Neurosci. 30(4):150–158. https://doi.org/
10.1016/j.tins.2007.02.001.
Penny WD, Stephan KE, Mechelli A, Friston KJ. 2004. Comparing
dynamic causal models. Neuroimage. 22(3):1157–1172. https://
doi.org/10.1016/j.neuroimage.2004.03.026.
Perrin F, Pernier J, Bertrand O, Echallier JF. 1989. Spherical
splines for scalp potential and current density mapping.
Electroencephalogr Clin Neurophysiol. 72(2):184–187.
Peterson EJ, Voytek B 2017. Alpha oscillations control cortical
gain by modulating excitatory-inhibitory background activity. BioRxiv, 185074.
Pinotsis DA, Brunet N, Bastos A, Bosman CA, Litvak V, Fries P,
Friston KJ. 2014. Contrast gain control and horizontal interactions in V1: a DCM study. Neuroimage. 92:143–155. https://
doi.org/10.1016/j.neuroimage.2014.01.047.
Politoff AL, Stadter RP, Monson N, Hass P. 1996. Cognitionrelated EEG abnormalities in nondemented Down syndrome
subjects. Dementia. 7(2):69–75.
Popov T, Kastner S, Jensen O. 2017. FEF-controlled alpha delay
activity precedes stimulus-induced gamma-band activity in
visual cortex. J Neurosci. 37(15):4117–4127. https://doi.org/10.
1523/JNEUROSCI.3015-16.2017.
Pueschel SM, Louis S, McKnight P. 1991. Seizure disorders in
Down syndrome. Arch Neurol. 48(3):318–320.
Ranlund S, Adams RA, Díez Á, Constante M, Dutt A, Hall MH,
Maestro Carbayo A, McDonald C, Petrella S, Schulze K, et al.
2016. Impaired prefrontal synaptic gain in people with psychosis and their relatives during the mismatch negativity.
Hum Brain Mapp. 37(1):351–365. https://doi.org/10.1002/hbm.
23035.

Downloaded from https://academic.oup.com/cercor/advance-article-abstract/doi/10.1093/cercor/bhz043/5382204 by University College London user on 20 March 2019

Gunnarson S. 1945. Electro-encephalographic examinations of
imbeciles; regarding the alpha frequency in spastics and
mongoloid idiots. Acta Paediatr. 32(3–4):426–434.
Hernández S, Gilabert-Juan J, Blasco-Ibáñez JM, Crespo C,
Nácher J, Varea E. 2012. Altered expression of neuropeptides
in the primary somatosensory cortex of the Down syndrome
model Ts65Dn. Neuropeptides. 46(1):29–37. https://doi.org/
10.1016/j.npep.2011.10.002.
Hernández-González S, Ballestín R, López-Hidalgo R, GilabertJuan J, Blasco-Ibáñez JM, Crespo C, Nácher J, Varea E. 2015.
Altered distribution of hippocampal interneurons in the
murine Down Syndrome model Ts65Dn. Neurochem Res. 40
(1):151–164. https://doi.org/10.1007/s11064-014-1479-8.
Jensen O, Gips B, Bergmann TO, Bonnefond M. 2014. Temporal
coding organized by coupled alpha and gamma oscillations
prioritize visual processing. Trends Neurosci. 37(7):357–369.
https://doi.org/10.1016/j.tins.2014.04.001.
Johanson A, Gustafson L, Brun A, Risberg J, Rosén I, Tideman E.
1991. A longitudinal study of dementia of Alzheimer type in
Down’s syndrome. Dement Geriatr Cogn Disord. 2(3):159–168.
https://doi.org/10.1159/000107191.
Kang SS, Lano TJ, Sponheim SR. 2015. Distortions in EEG interregional phase synchrony by spherical spline interpolation:
causes and remedies. Neuropsychiatr Electrophysiol. 1(1):9.
https://doi.org/10.1186/s40810-015-0009-5.
Kass RE, Raftery AE. 1995. Bayes factors. J Am Stat Assoc. 90(430):
773–795. https://doi.org/10.1080/01621459.1995.10476572.
Katada A, Hasegawa S, Ohira D, Kumagai T, Harashima T, Ozaki
H, Suzuki H. 2000. On chronological changes in the basic EEG
rhythm in persons with Down syndrome—with special reference to slowing of alpha waves. Brain Dev. 22(4):224–229.
Kaufman AS, Kaufman NL. 2004. Manual for Kaufman brief
intelligence test second edition (KBIT-2). Circle Pines, MN:
American Guidance Service.
Kiebel SJ, Garrido MI, Moran R, Chen CC, Friston KJ. 2009.
Dynamic causal modeling for EEG and MEG. Hum Brain
Mapp. 30(6):1866–1876. https://doi.org/10.1002/hbm.20775.
Kiebel SJ, Tallon-Baudry C, Friston KJ. 2005. Parametric analysis
of oscillatory activity as measured with EEG/MEG. Hum Brain
Mapp. 26(3):170–177. https://doi.org/10.1002/hbm.20153.
Klimesch W. 1999. EEG alpha and theta oscillations reﬂect cognitive and memory performance: a review and analysis.
Brain Res Brain Res Rev. 29(2–3):169–195.
Lacadie CM, Fulbright RK, Constable RT, Papademetris X. 2008.
More accurate talairach coordinates for neuroimaging using
nonlinear registration. Neuroimage. 42(2):717–725. https://
doi.org/10.1016/j.neuroimage.2008.04.240.
Laufs H, Kleinschmidt A, Beyerle A, Eger E, Salek-Haddadi A,
Preibisch C, Krakow K. 2003. EEG-correlated fMRI of human
alpha activity. Neuroimage. 19(4):1463–1476.
Legon W, Punzell S, Dowlati E, Adams SE, Stiles AB, Moran RJ.
2016. Altered prefrontal excitation/inhibition balance and
prefrontal output: markers of aging in human memory networks. Cereb Cortex. 26(11):4315–4326. https://doi.org/10.
1093/cercor/bhv200.
Locatelli T, Fornara C, Medaglini S, Alberoni M, Franceschi M,
Rinaldi L, Comola M, Leocani L, Canal N, Comi G. 1996.
Quantiﬁed electroencephalogram in adult patients with
Down’s syndrome. Dev Brain Dysfunc. 9(4):215–223.
Mann DM. 1988. Alzheimer’s disease and Down’s syndrome.
Histopathology. 13(2):125–137.
Martínez-Cué C, Delatour B, Potier MC. 2014. Treating enhanced
GABAergic inhibition in Down syndrome: use of GABA α5-

|

12

|

Cerebral Cortex

van der Molen MJW, Stam CJ, van der Molen MW. 2014. Restingstate EEG oscillatory dynamics in fragile X syndrome: abnormal functional connectivity and brain network organization.
PLoS One. 9(2):e88451. https://doi.org/10.1371/journal.pone.
0088451.
Vargas-Caballero M, Martin LJ, Salter MW, Orser BA, Paulsen O.
2010. α5 Subunit-containing GABAA receptors mediate a slowly
decaying inhibitory synaptic current in CA1 pyramidal neurons
following Schaffer collateral activation. Neuropharmacology.
58(3):668–675. https://doi.org/10.1016/j.neuropharm.2009.11.005.
Vázquez-Marrufo M, Galvao-Carmona A, Benítez Lugo ML, RuízPeña JL, Borges Guerra M, Izquierdo Ayuso G. 2017. Retest
reliability of individual alpha ERD topography assessed by
human electroencephalography. PLoS One. 12(10):e0187244.
https://doi.org/10.1371/journal.pone.0187244.
Velikova S, Magnani G, Arcari C, Falautano M, Franceschi M,
Comi G, Leocani L. 2011. Cognitive impairment and EEG
background activity in adults with Down’s syndrome: a
topographic study. Hum Brain Mapp. 32(5):716–729. https://
doi.org/10.1002/hbm.21061.
Visser FE, Kuilman M, Oosting J, Overweg J, van Wijk J, van
Huffelen AC. 1996. Use of electroencephalography to detect
Alzheimer’s disease in Down’s syndrome. Acta Neurol
Scand. 94(2):97–103.
Voytek B, Samaha J, Rolle CE, Greenberg Z, Gill N, Porat S, Kader T,
Rahman S, Malzyner R, Gazzaley A. 2017. Preparatory encoding
of the ﬁne scale of human spatial attention. J Cogn Neurosci.
29(7):1302–1310. https://doi.org/10.1162/jocn_a_01124.
Wechsler D. 1974. Manual for the Wechsler Intelligence Scale
for Children (rev. ed.). New York: Psychol. Corp.
Wisniewski KE, Wisniewski HM, Wen GY. 1985. Occurrence of
neuropathological changes and dementia of Alzheimer’s
disease in Down’s syndrome. Ann Neurol. 17(3):278–282.
https://doi.org/10.1002/ana.410170310.
Zis P, Strydom A. 2018. Clinical aspects and biomarkers of
Alzheimer’s disease in Down syndrome. Free Radic Biol Med.
114:3–9. https://doi.org/10.1016/j.freeradbiomed.2017.08.024.

Downloaded from https://academic.oup.com/cercor/advance-article-abstract/doi/10.1093/cercor/bhz043/5382204 by University College London user on 20 March 2019

Richard Clark C, Veltmeyer MD, Hamilton RJ, Simms E, Paul R,
Hermens D, Gordon E. 2004. Spontaneous alpha peak frequency predicts working memory performance across the
age span. Int J Psychophysiol. 53(1):1–9. https://doi.org/10.
1016/j.ijpsycho.2003.12.011.
Rosch RE, Auksztulewicz R, Leung PD, Friston KJ, Baldeweg T.
2018. Selective prefrontal disinhibition in a roving auditory
oddball paradigm under N-methyl-D-aspartate receptor blockade. Biol Psychiatry Cogn Neurosci Neuroimaging. doi:10.1016/
j.bpsc.2018.07.0032018. pii: S2451-9022(18)30164-2.
Salem LC, Sabers A, Kjaer TW, Musaeus C, Nielsen MN, Nielsen
AG, Waldemar G. 2015. Quantitative electroencephalography
as a diagnostic tool for Alzheimer’s dementia in adults with
Down syndrome. Dement Geriatr Cogn Dis Extra. 5(3):404–413.
https://doi.org/10.1159/000438857.
Samaha J, Postle BR. 2015. The speed of alpha-band oscillations
predicts the temporal resolution of visual perception. Curr
Biol. 25(22):2985–2990. https://doi.org/10.1016/j.cub.2015.10.
007.
Soininen H, Partanen J, Jousmäki V, Helkala EL, Vanhanen M,
Majuri S, Kaski M, Hartikainen P, Riekkinen P. 1993. Agerelated cognitive decline and electroencephalogram slowing
in Down’s syndrome as a model of Alzheimer’s disease.
Neuroscience. 53(1):57–63.
Startin CM, Hamburg S, Hithersay R, Davies A, Rodger E,
Aggarwal N, Al-Janabi T, Strydom A. 2016. The LonDownS
adult cognitive assessment to study cognitive abilities and
decline in Down syndrome. Wellcome Open Res. 1:11. https://
doi.org/10.12688/wellcomeopenres.9961.1.
Symmonds M, Moran CH, Leite MI, Buckley C, Irani SR, Stephan
KE, Friston KJ, Moran RJ. 2018. Ion channels in EEG: isolating
channel dysfunction in NMDA receptor antibody encephalitis.
Brain. 141(6):1691–1702. https://doi.org/10.1093/brain/awy107.
Tyler WA, Haydar TF. 2013. Multiplex genetic fate mapping reveals
a novel route of neocortical neurogenesis, which is altered in
the Ts65Dn mouse model of Down syndrome. J Neurosci. 33
(12):5106–5119. https://doi.org/10.1523/JNEUROSCI.5380-12.2013.

