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Abstract

Changes in electroencephalography (EEG) amplitude modulations have recently been linked with early-stage Alzheimer’s
disease (AD). Existing tools available to perform such analysis (e.g., detrended fluctuation analysis), however, provide limited
gains in discriminability power over traditional spectral based EEG analysis. In this paper, we explore the use of an
innovative EEG amplitude modulation analysis technique based on spectro-temporal signal processing. More specifically,
full-band EEG signals are first decomposed into the five well-known frequency bands and the envelopes are then extracted
via a Hilbert transform. Each of the five envelopes are further decomposed into four so-called modulation bands, which
were chosen to coincide with the delta, theta, alpha and beta frequency bands. Experiments on a resting-awake EEG dataset
collected from 76 participants (27 healthy controls, 27 diagnosed with mild-AD, and 22 with moderate-AD) showed
significant differences in amplitude modulations between the three groups. Most notably, i) delta modulation of the beta
frequency band disappeared with an increase in disease severity (from mild to moderate AD), ii) delta modulation of the
theta band appeared with an increase in severity, and iii) delta modulation of the beta frequency band showed to be a
reliable discriminant feature between healthy controls and mild-AD patients. Taken together, it is hoped that the developed
tool can be used to assist clinicians not only with early detection of Alzheimer’s disease, but also to monitor its progression.
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Introduction assist clinicians with early diagnosis of AD by detecting visible
. . X structural and functional changes in the brain [10]. Magneto-
In North America, Alzheimer’s disease (AD) amounts to 60— (MEG) and electro-encephalography (EEG), which directly reflect

80% of reported dementia cases [1]. Over the last decade, AD has
become the fifth leading cause of death in North Americans aged
over 65 years, with an increase in death rate of 66% between 2000
and 2008 [2]. Moreover, recent reports have shown the costs with
dementia surpassing those of heart disease and cancer [3]. In
2012, the World Health Organization and Alzheimer’s Disease
International released a report calling on governments to
implement national dementia plans focusing on 1) raising public
awareness about the disease and reducing stigma, 2) improving
early diagnosis, and 3) providing better care and more support to
caregivers [4]. Here, special emphasis is placed on the second
focus area - early diagnostics - as it is critical in order to initiate
treatment that can significantly retard disease progression, thus
potentially leading to improved patient quality of life, reduced
caregiver stress, and lower health care expenditures [5]. Currently,
diagnosis of AD may be done via neuropsychological evaluations
which require lengthy experimental sessions and experienced
professionals. Definite diagnosis, however, can only be established
with a histopathological analysis of the brain [6]. It is clear that
mmproved objective detection methods are still needed.
Neuroimaging techniques, such as computerized tomography
(e.g., [7]), magnetic resonance imaging (e.g., [8]), and positron
emission tomography (e.g., [9]) have emerged as promising tools to

functional and anatomical changes in the cerebral cortex, have
also emerged as a prominent candidate for AD diagnosis [11],
with diagnostic sensitivity and specificity in line with more
complex neuroimaging techniques [12]. Traditionally, two signal
analysis methods have been employed for AD diagnosis, namely
spectral (e.g., [13-15]) and nonlinear dynamics (e.g., [16,17]), with
studies showing a direct link between the two approaches [18].
More recently, amplitude modulation analysis of neuronal
oscillations at rest has also emerged as a promising tool to
characterize different neurological disorders (e.g., [19,20]). The
authors in [21], for example, showed the importance of amplitude
modulation of neuronal oscillations for encoding and retention of
information in memory. It was found that impairments in the
coordination of oscillatory activity were present with AD based on
detrended fluctuation analysis (DFA) of MEG amplitude enve-
lopes. While DFA has been shown to be useful for EEG/MEG
analysis [20], studies have suggested that the discriminatory power
obtained with DFA is in line with that obtained via traditional
spectral analysis [22]. Recently, an alternate spectro-temporal
analysis technique was proposed to characterize EEG amplitude
modulation changes in patients with moderate-stage AD [23], with
improved discriminability over conventional spectral analysis [24].
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Here, we build upon the work of [23] and hypothesize that EEG
amplitude modulation spectro-temporal dynamics can serve not
only as a discriminatory feature between healthy aging and early-
stage AD, but also as a useful feature to characterize the severity of
the disease. Our experimental results support this hypothesis.

Materials and Methods

Ethics Statement

Ethics approval was obtained from the School of Medicine, Sio
Paulo University. All recruited participants provided written
consent.

Participants

Seventy six participants were recruited through the Reference
Center of Behavioral Disturbances and Dementia at the Clinical
Hospital, School of Medicine, Sao Paulo University. AD diagnosis
was made according to NINCDS-ADRDA [25] and DSM-IV-TR
[26] criteria and disease progression classification was based on the
Brazilian version of the Mini-Mental State Examination (MMSE)
[27] and the Clinical Dementia Rating (CDR) scale. These 76
participants were separated into three age-matched groups,
namely NS, ADI and AD2. Group NS comprised 27 healthy
older adults (age: 69.84+6.9, 15 female), group ADI was
composed by 27 mild-AD patients (73.9+4.6, 16 female) and
the third group (AD2) included 22 patients with moderate AD
(73.74+10.1, 15 female). All subjects from the NS group had
CDR=0, for the ADI group the inclusion criterion was
0.5<CDR<1, and the AD2 group only included patients with
CDR=2. The mean MMSE scores of three cohorts were
significantly different at 28.0+1.7,20.0+3.4 and 14.243.6,
respectively. The two AD cohorts were education matched (AD1:
5.0+3.0 years; AD2: 4.7+ 3.9 years) but the healthy controls had
a significantly higher level of education (NS: 8.8+5.3 years).
Participants had no history of diabetes mellitus, kidney diseases,
thyroid diseases, alcoholism, liver disease, lung disease, or vitamin
B12 deficiency, factors which could also lead to cognitive
Impairment.

Data Collection and Pre-processing

Twenty-channel EEG signals were collected using the Braintech
3.0 instrumentation (EMSA Equipamentos Médicos Inc., Brazil),
digitized with a 12-bit analog-to-digital converter and sampled at a
rate of 200 Hz; impedance was maintained below 10 k€.
Placement of scalp electrodes (referential montage) followed the
international 10-20 system. Linked-ear referential electrodes (Al
and A2) were used, as recommended by the Brazilian Society of
Clinical Neurophysiology and the American EEG Society. During
examination, EEG was recorded with the participants awake and
resting with their eyes closed. An infinite impulse response low-
pass elliptic filter with a zero at 60 Hz was applied to eliminate any
power grid interference. For each participant, between 28 and 40
eight-second epochs (mean 37.97, sd 3.86) were selected per EEG
channel by experienced physicians. The selected epochs were free
of eye movement, electromyographic activity, and head motion
artifacts. Furthermore, to ameliorate the effects of different
amplifier/impedance settings between channels and participants,
EEG epoch data for each channel was normalized by the total
EEG power present in the given channel.

EEG Spectro-temporal Amplitude Modulation Analysis
Figure 1 depicts the signal processing steps involved in the

spectro-temporal EEG amplitude modulation analysis technique.

First, the full-band EEG signal is decomposed into five sub-bands,
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well-known in the literature as the delta (0.5—4 Hz), theta (4—38
Hz), alpha (8§ —12 Hz), beta (12—30 Hz), and gamma (30—100
Hz) bands [28]. The temporal envelope of each of the five sub-
band EEG signals is then computed by means of a Hilbert
transform [29]. The subplots on the right of Fig. 1 illustrate
representative EEG sub-band signals (gray) and their respective
Hilbert amplitude envelopes (black). In order to quantify the
temporal dynamics of the sub-band envelopes, we perform a
second frequency decomposition into five so-called modulation
bands using second-order bandpass modulation filters (with quality
factor Q=2). The resulting frequency-frequency signal represen-
tation conveys rate-of-change information of each of the five sub-
band envelopes.

In order to explore possible cross-frequency modulation
interaction, the ranges of the modulation frequency bands were
empirically designed to coincide with the ranges of the conven-
tional frequency bands. Cross-frequency amplitude modulation
interaction is an under explored area that may lead to insights into
complex temporal pattern changes with different stages of AD
[30]. To distinguish between modulation and frequency bands, we
will refer to the former as m-delta (0.5 —4 Hz), m-theta (4 —8 Hz),
m-alpha (8—12 Hz), m-beta (12—30 Hz), and m-gamma
(30—100 Hz) throughout the remainder of this paper. From
properties of the Hilbert transform and following Bedrosian’s
theorem, the envelope signal can only contain frequencies (i.e.,
modulation frequencies) up to the bandwidth of its originating
signal [31,32]. Having this said, it only makes sense to compute
cross-frequency amplitude modulation interaction (here represent-
ed by “E(frequency band; modulation band),” the percentage of
modulation energy present in a given frequency and modulation
band relative to the energy across all bands) for the following
scenarios: E(delta; m-delta), E(theta; m-delta, m-theta), E(alpha;
m-delta, m-theta), E(beta; m-delta, m-theta, m-alpha, m-beta), and
E(gamma; m-delta, m-theta, m-alpha, m-beta, m-gamma). In our
experiments, these 14 percentage cross-frequency modulation
parameters are computed for each of the 19 EEG channels. The
interested reader is referred to [23] for a more detailed description
of the signal processing steps involved.

EEG Power Spectrum Analysis: Benchmark

A prominent change reported in the literature between AD and
healthy controls is that of ‘EEG slowing’. This slowing is
commonly measured as an increase in EEG power in the delta
and theta frequency bands and a decrease in spectral power in the
alpha and beta bands, particularly in the occipital and temporo-
parietal regions [13,33-37]. In order to benchmark, as well as test
the complementarity of the proposed spectro-temporal features, a
conventional EEG power spectrum analysis was also performed
across the five well-known frequency bands.

Statistical and Correlation Analyses

Statistical significance was established at 1% level for all tests.
Normality was verified for all parameters using a Jarque-Bera test
[38] with critical values computed by Monte-Carlo simulation
[39]. For normal distributed features, one-way ANOVA with
parameters across the three groups at different locations on the
scalp was used. A non-parametric Kruskal-Wallis test was applied
when the assumption of normal distribution was not confirmed for
a given feature. In either case, a Dunn-Sidak post-hoc test was
used for multiple comparisons correction. Additionally, estimates
of reliability were obtained using split-half Pearson correlations. In
this reliability test, epochs from each participant were separated
into two disjoint subsets assuring that no temporal overlap existed
between the epochs from each subset, thus consequently assuring
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Figure 1. Signal processing steps used to compute resting EEG spectro-temporal modulation energy. Subplots on the right illustrate
the five sub-band EEG signals (gray) and their respective Hilbert temporal envelopes (black).

doi:10.1371/journal.pone.0072240.9001

statistical independence between the observations. Pearson corre-
lations were then computed between the two subsets; this was done
separately for the healthy participants, and mild- and moderate-
AD patients.

Results

Tables 1 and 2 show all the locations, frequency bands, and
modulation frequencies in which significant increases (1) or
decreases (]) were observed (p<0.01) for the ADI1 vs. NS and
AD?2 vs. AD1 post-hoc comparisons, respectively. As can be seen,
for the AD1 vs. NS post-hoc pairwise comparison, an EEG
amplitude modulation energy decrease in the high-frequency
alpha and beta bands was observed with the AD1 group. While
this significant decrease was only observed for the Pz location for
the alpha frequency band, several temporal, frontal, occipital and
parietal locations were found for the beta band. Alternately, an
increase in low-frequency delta and theta band modulation energy
was observed with AD1, particularly in the temporal, parietal, and
occipital regions. For the AD2 vs. AD1 comparison, significant
increases in theta band m-delta and m-theta modulations were
found with AD2 over all tested locations. In turn, significant
decreases in modulation energy in the beta band were found in the
temporal, central, parietal, and occipital regions. In both pairwise
comparisons, features extracted from the gamma frequency band
were not shown to be significantly different. Figures 2 and 3 depict
the average topographical maps of the EEG m-delta amplitude
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modulation ratio parameters for the NS, AD1 and AD2 groups for
the theta and beta frequency bands, respectively.

In order to benchmark the obtained results, post-hoc pairwise
comparisons of EEG powers were also performed. Corroborating
results reported in the literature (e.g., [13]), for the AD1 vs. NS
comparison we found 1) a significant increase in delta band power
in positions O1 and Pz; 2) a significant increase in theta band
power in select positions in the occipital and parietal regions (O1/
02, P4); 3) a significant decrease in alpha band power in position
Pz; and 4) a significant decrease in beta band power in positions
F8, Oz, P4, and T'5/T6. On the other hand, for the AD2 vs. AD1
comparison, we found 1) a significant increase only in the theta
band (across the majority of the electrode positions), and 2) a
significant decrease only in the beta band, at positions C3, Cz, P3
and T3.

Relative to Table 1, it can be seen that for the theta and alpha
bands, significant differences are observed in the same positions for
both methods, suggesting that not only are overall powers
different, but also how they are modulated over time. For the
delta and beta bands, on the other hand, significant differences can
be detected across an increased number of brain regions, thus
suggesting a potential complementarity of the proposed features
for discriminating between healthy controls and mild-AD.
Similarly, for the AD2 vs AD1 comparison with Table 2, both
methods were effective in finding significant differences between
the two groups across the majority of the electrode positions for the
theta band. For the beta band, however, the conventional power
spectrum analysis resulted in significant differences only in the
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midline and left hemisphere. With the proposed features, however,
significant differences arise also in the right hemisphere and the
occipital regions. Taken together, these findings suggest that the
proposed spectro-temporal amplitude modulation analysis may
provide a richer, and perhaps complementary, pool of data for
automated EEG-based AD diagnosis.

Lastly, to gauge the reliability of the proposed measure, split-
half Pearson correlations were computed for each post-hoc
comparison test. For the AD1 vs. NS test, a split-half correlation

Table 2. Electrode location and frequency bands at which
moderate-AD patients present significantly (p <0.01) greater
(1) or lower (| ) modulation spectral energy than those with
mild-AD.

Electrode Theta Beta

position m-delta m-theta m-theta m-alpha m-beta

Fp1
Fp2
F7
F3
Fz
F4
T3
T4
T5
T6
a
Cz
Cca
P3
Pz
P4
01
02

- s o s s S S S S S S S S S >
— o

! ! I

B e e e e e T T T
—
—

—

Frequency bands which did not result in significant differences are not shown
for brevity.
doi:10.1371/journal.pone.0072240.t002
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Table 1. Electrode location and frequency bands at which mild-AD patients present significantly (p <0.01) greater (1) or lower
(1) modulation spectral energy than normal elderly subjects.

Electrode Delta Theta Alpha Beta

position m-delta m-delta m-theta m-delta m-theta m-delta m-theta m-alpha m-beta
F8 l l |

T5 1 l

T6 l !

Pz i ! Y

P4 1 ) ! !

o1 1 1 L

Oz l ) ! !

02 1 1 1 !

Frequency bands which did not result in significant differences are not shown for brevity.

doi:10.1371/journal.pone.0072240.t001

of 0.86+0.07 and 0.85+0.05 was obtained for the NS and AD1
groups, respectively. For the AD2 vs. ADI test, a split-half
correlation of 0.864+0.06 and 0.85+0.08 was obtained for AD1
and AD2 groups, respectively. As can be seen, reliability is high
and consistent across channels, frequency bands, and EEG
amplitude modulation frequencies for the three groups.

Discussion

Characterizing Mild-Stage AD

Previous EEG studies have shown significant increases and
decreases in theta and alpha spectral powers, respectively, in mild-
stage AD relative to healthy controls (e.g., [13,36]). Here, we have

Figure 2. Topographical maps of average NS (top), AD1
(middle), and AD2 (bottom) modulation frequency responses.
Plots represent the m-delta modulation frequency content in the theta
frequency band expressed as percentage over all five frequency and
four modulation frequency bands.
doi:10.1371/journal.pone.0072240.g002
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shown that not only are the aforementioned frequency band
powers affected (particularly in occipital and parietal regions), but
also how their envelopes are modulated over time, thus potentially
providing complementary information over traditional spectral
insights, as shown by [24]. In relationship to the DFA-based
amplitude analysis proposed by [21], we have also found
decreased alpha modulation in parietal regions but did not find
significant differences in prefrontal theta modulations. As such,
further studies are needed to investigate the complementarity of
the DFA and spectro-temporal based amplitude analysis tech-
niques. Moreover, we have found significant increases in delta
modulations of the delta frequency band across several temporal,
parietal, and occipital regions. Previous literature, however, has
shown an increase in delta band power [40] and a decrease in beta
band power [13] only in late-stage AD, with only subtle a increase
in delta band power seen with mild-AD in the occipital regions
[36]. These findings suggest that changes in slow-wave envelope
dynamics may be detectable at earlier stages of the disease, thus
potentially assisting clinicians with earlier diagnostics.

Characterizing Disease Progression

From Tables 1-2 and Figures 23, it can be seen that as disease
severity progressed (AD1 to AD2), further increases in theta band
amplitude modulations occurred across a wider network of brain
regions. Moreover, a decrease in beta band amplitude modulation
across temporal, central, parietal, and occipital regions was
observed, thus corroborating previous findings on the shift of beta
band power to more anterior positions as disease progresses [41].
Notwithstanding, previous literature has observed increases in
theta band and decreases in beta band powers across all brain
regions only in patients with severe AD (CDR = 3) [13]. Being able
to characterize amplitude modulation changes at earlier stages of
the disease may allow for quantitative treatment outcome
measures to be developed, thus improving disease progression
monitoring. Moreover, using conventional power spectrum
analysis, it was found that most significant differences in beta
power occurred in the left hemisphere, thus corroborating
previous findings [37]. With the proposed spectro-temporal
features, on the other hand, significant differences were found
across the two hemispheres, with beta m-alpha differences, for
example, occurring between inter-hemispheric mirror-image
locations P3-P4 and C3-C4. Such findings may be linked to the
inter-hemispheric disconnection previously-reported for AD [16].

Characterizing Cross-Frequency Interactions: Some
Hypotheses

An advantage of the used signal processing tool is its capability
to characterize amplitude-amplitude cross-frequency interaction,
thus potentially leading to greater insight into the changes in
functional dynamics of brain systems with AD progression. For
example, it was observed that beta rhythms were mostly
modulated at a rate that coincides with the theta band frequency
(see Table 2), with decreased interaction (lower modulation
energy) as disease progressed (AD2 vs AD1). Interestingly, reduced
beta-theta interaction has been attributed to lower reward-gain
motivation [42], a behavioural and psychological symptom
observed with disease progression [43].

Moreover, from Tables 1-2 and Fig. 3, it can be seen that a
significant beta-delta interaction disappeared when comparing the
AD?2 vs ADI1 groups relative to AD1 vs NS. Decoupling of beta-
delta interaction has been associated with behavioural activation
and fearlessness [44,45], a symptom associated with frontal lobe
impairments commonly observed with late-stage AD [46]. On the
other hand, existence of beta-delta interaction has been associated
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Figure 3. Topographical maps of average NS (top), AD1
(middle), and AD2 (bottom) modulation frequency responses.
Plots represent the m-delta modulation frequency content in the beta
frequency band expressed as percentage over all five frequency and
four modulation frequency bands.
doi:10.1371/journal.pone.0072240.g003

with anxiety [47,48], a prevalent neuropsychiatric symptom
observed in patients with mild cognitive impairment and mild-
AD [49,50], thus corroborating the findings presented in Table 1
for mild-AD patients. It can also be observed from the Tables that
there was a significant drop in beta-alpha interaction (lower
modulation energy) as the disease severity increased across
multiple temporal, parietal, central, and occipital regions.
Decreased beta-alpha phase coupling has been previously linked
with lower cognitive ability [51], a symptom commonly observed
and expected from AD and its progression. Further studies are
needed to investigate if the obtained amplitude modulation
interaction findings are also related to cognitive load.

Lastly, the most significant change observed from the AD1 vs
NS and AD2 vs AD1 comparisons was with the theta-delta cross-
frequency interactions (see Tables 1-2 and Fig. 2). In the former
scenario, significant differences only occurred in the occipital
regions, whereas in the latter, they occurred across almost all
tested sites, spanning pre-frontal, frontal, temporal, central,
parietal and occipital regions. In transgenic mouse models of
Alzheimers disease, increased theta-delta interaction has been
observed in non-rapid eye movement sleep EEG relative to control
wild type mice, with more prominent increases occurring with age,
i.e., directly related to increased amyloid beta deposition [52,53].
While a direct comparison with humans is not possible, this is an
interesting finding as amyloid beta deposits can be found in
abundance in the occipital cortex of demented individuals [54].
Further studies are needed to validate the relationship between
theta-delta interaction and amyloid deposits, as such relationship
may be useful in very early diagnosis of AD.

Study Limitations

Findings reported here are based on a sample size of 76
participants, divided into three groups. Future studies should focus
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on a larger, more gender-balanced participant pool, as gender
differences may also play a factor, as reported by [53].
Notwithstanding, a prevalence of AD within women has been
previously reported [55,56]. Moreover, an effort was made to
achieve education-matched groups; however, this could only be
achieved with the AD1 and AD2 patient groups, thus corrobo-
rating the previously-reported link between AD and years of
schooling [56-58]. Lastly, while this study looked at differences
between healthy older adults and early-stage AD, future studies
should focus on EEG amplitude modulation differences between
healthy controls and patients with mild cognitive impairment.

Conclusions

This paper proposed an innovative method of quantifying
resting-awake EEG spectro-temporal amplitude modulations and
investigated if significant differences existed between healthy
participants (NS), those diagnosed with mild symptoms of
Alzheimer’s disease (AD1) and patients with moderate AD
(AD2). Significant differences in EEG modulations were observed
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for a number of electrode locations, in both comparisons (NS vs.
ADI and ADI1 vs. AD2). Additionally, the proposed parameters
indicated several changes in cross-frequency modulations, most
notably a disappearance of delta modulations of the beta
frequency band and an appearance of delta-modulations in the
theta frequency band, as disease severity increased. Such findings
still need to be further investigated to see if they correlate with
neuropsychiatric symptoms commonly reported in the literature.
Ultimately, it is hoped that the developed tool will assist clinicians
with early AD diagnostics, disease severity monitoring, and
objective treatment outcome measurement. Towards this end,
the tool is currently being made available via the NeuroAccelerator.org
open-source ‘in-the-cloud” data analysis portal.
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