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Abstract

Electroencephalographic (EEG) alpha oscillations have been related to heart rate variability (HRV)
and both change in Alzheimer’s disease (AD). We explored if task switching reveals altered alpha
power and HRV in cognitively healthy individuals with AD pathology in cerebrospinal fluid (CSF)
and whether HRV improves the AD pathology classification by alpha power alone.

We compared low and high alpha event-related desynchronization (ERD) and HRV parameters
during task switch testing between two groups of cognitively healthy participants classified by
CSF amyloid/tau ratio: normal (CH-NAT, n = 19) or pathological (CH-PAT, n = 27). For the task
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switching paradigm, participants were required to name the color or word for each colored word
stimulus, with two sequential stimuli per trial. Trials include color (cC) or word (WW) repeats
with low load repeating, and word (cW) or color switch (wC) for high load switching. HRV

was assessed for RR interval, standard deviation of RR-intervals (SDNN) and root mean squared
successive differences (RMSSD) in time domain, and low frequency (LF), high frequency (HF),
and LF/HF ratio in frequency domain.

Results showed that CH-PATS compared to CH-NATS presented: 1) increased (less negative) low
alpha ERD during low load repeat trials and lower word switch cost (low alpha: p = 0.008,
Cohen’s d = —0.83, 95% confidence interval —1.44 to —0.22, and high alpha: p = 0.019, Cohen’s d
=-0.73, 95% confidence interval —1.34 to —0.13); 2) decreasing HRV from rest to task, suggesting
hyper-activated sympatho-vagal responses. 3) CH-PATs classification by alpha ERD was improved
by supplementing HRV signatures, supporting a potentially compromised brain-heart interoceptive
regulation in CH-PATs. Further experiments are needed to validate these findings for clinical
significance.

Keywords

Task switching; Alzheimer’s disease (AD); Cognitively healthy with normal (CH-NAT) or
pathological (CH-PAT) cerebrospinal fluid (CSF) amyloid/tau; Electroencephalography (EEG);
Alpha event-related desynchronization (ERD)

1. Introduction

1.1. Task switching

Cogpnitive flexibility refers to an individual’s ability to switch between tasks. It is a core
executive function that can be tested by task switching paradigms (Sauseng et al., 2006;
Verstraeten and Cluydts, 2002). During task-switching, required efforts are typically greater
on task switch trials (high load) compared to task repeat trials (low load), a phenomenon
known as switch cost (Hsieh and Allport, 1994). In task-switching paradigms, response
times (RTs) are typically longer on task switch trials compared to task repeat trials.
Relatively less studied are greater cognitive efforts needed for switching trials than repeat
tasks (Wu et al., 2015). Performance in task switching decreases in early AD (Hutchison et
al., 2010). In addition, task switching is tightly linked with attention control modulated by
proportion of switch/repeat trials (Schneider, 2015).

1.2. Alzheimer’s disease, alpha event-related desynchronization (ERD), and cognitive
challenge

Studies on early Alzheimer’s disease (AD) or preclinical AD have been an active area of
research due to the lack of effective treatment at the symptomatic stage (Barnett et al., 2014;
Eikelboom et al., 2019). Changes in amyloid/tau and synaptic functions precede cognitive
decline in AD by decades (Sperling et al., 2011). Synaptic dysfunction or abnormalities

in cognition and cortical structures in early AD can be detected by electrophysiological
methods, such as electroencephalogram (EEG) and/or electrocardiogram (ECG) (Babiloni
etal., 2021; Lin et al., 2017; Zulli et al., 2005). Alpha band activity from quantitative
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EEG (qEEG) has been complimentary to other AD measurements (Babiloni et al., 2015;
Nakamura et al., 2018).

Alpha event-related desynchronization (ERD) responses have been considered as a
functional correlate of brain activation (Klimesch, 2012; Klimesch et al., 2007), such that
more negative alpha ERD refers to more brain activation, and less negative refers to less
activation, or more efficient cognition (Grabner et al., 2004). Our previous studies have
suggested that cognitively healthy (CH) elderly participants with pathological cerebrospinal
fluid (CSF) B42-amyloid/tau ratio (CH-PAT) compared to those with normal ratio (CH-
NATSs) were at higher risk of cognitive decline in a longitudinal follow up study (Harrington
et al., 2019). With working memory and Stroop interference challenge, CH-PATSs presented
more negative alpha ERD than CH-NATS (Arakaki et al., 2020; Arakaki et al., 2019).
Those results are consistent with poor performers and suggest compensatory hyperactivity
(Grabner et al., 2004). Working memory and inhibitory control are required for task
switching (Diamond, 2013; Pettigrew and Martin, 2016), both reduced in AD (Amieva et
al., 2004a; Amieva et al., 2004b; Sullivan and Faust, 1993). Furthermore, alpha oscillation
during task switching reveals general attention (low alpha) and task-specific attentional
control (high alpha), and poor performers during task switching present increased (less
negative) alpha ERD (Verstraeten and Cluydts, 2002).

1.3. Alpha oscillation, heart rate variability, and machine learning

Alpha oscillations have been related to heart rate variability (HRV) (analyzed from ECG)
(Magosso et al., 2019), which both change in mild cognitive impairment (MCI) or AD
(Babiloni et al., 2015; Nicolini et al., 2020).

HRV measures the balance of sympathetic and parasympathetic activities (Dziembowska et
al., 2016; Prinsloo et al., 2013). HRV was analyzed as standard deviation of RR-intervals
(SDNN) and root mean squared successive differences (RMSSD) in the time domain as well
as high (HF) and low frequency (LF) in the frequency domain. Overall, RMSSD and HF
reflect vagal inputs to the heart, and the sympatho-vagal balance is often expressed as the
ratio of low- and high-frequency power (LF/HF). There are both structural and functional
overlaps between HR regulation and executive functions (Forte et al., 2019a; Forte et al.,
2019b; Kennelly et al., 2009). Alpha ERD correlates with HRV biomarkers of sympathetic
(SDNN) and parasympathetic (RMSSD and HF) activity (Edlinger and Guger, 2005), which
is regulated by prefrontal cortical activities in neurovisceral network (Thayer et al., 2009).
Studies have linked the development of dementia with HRV (Kim et al., 2006; Nicolini et
al., 2014). Furthermore, HRV biofeedback was associated with EEG changes suggesting
increased internal attention and relaxation (Prinsloo et al., 2013). These studies supported
brain-heart interoceptive connections in physiological and pathological conditions (Chen

et al., 2021). Importantly, EEG/ECG has been considered candidates of “globally coupled
oscillators” from holistic view (Basar, 2008). The interoceptive signatures are currently
understudied in CH-PATs vs. CH-NATSs.

Int J Psychophysiol. Author manuscript; available in PMC 2022 February 23.
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1.4. Study summary

We aimed to reveal subtle synaptic dysfunction in the CH-PAT group by combining task
switching challenge and qEEG. We aimed to explore whether low alpha and high alpha
ERD increases (less negative) during low load repeat trials, high load switching trials,
and switching cost in CH-PATSs vs. CH-NATs. We explored if HRV would improve the
classification of CH-PATs from CH-NATSs by alpha ERD alone.

In sum, our overall aims of this pilot study in CH-PATs vs. CH-NATSs included: i) We
explored alpha ERD changes between two groups: low alpha and high alpha ERD changes
during all trial types; during low load repeat trials and high load switching trials; and for
switching cost. ii) We explored HRV changes between two groups in the time domain
(SDNN and RMSSD) and frequency domain (LF, HF, and LF/HF). iii) We tested the
hypothesis that supplementing HRV data improves classification of CH-PATs from CH-
NATSs by alpha ERD alone, using machine learning.

The lack of systematic approach to study preclinical AD is a problem. We planned this pilot
study with the intention of acquiring data to generate future testable hypotheses. We will
take an assumption-free approach, although we do have some general predictions.

2. Materials and methods

2.1. Participants

The Huntington Medical Research Institutes (HMRI) Institutional Review Board (IRB)
approved this study (Quorum IRB, Seattle, Study # 27197) and all participants signed the
consent form.

This is a pilot study based on a large ongoing aging cohort. All participants were
recruited from advertisements in local newspapers and newsletters, the Pasadena Huntington
Hospital Senior Health Network, the Pasadena Senior Center, and meetings with local
physicians where we presented this research. They were classified as cognitively healthy
(CH) after comprehensive neuropsychological battery in which testing was performed
independently of the biochemical classification. Assessments included demographic data,
medical history and physical exam, blood dementia screening, disease severity, disability
scales, and CSF amyloid/tau measurements and Ap/tau ratios (Harrington et al., 2013).
We tested the cognitive domains of memory, executive function, language, attention, and
visuospatial orientation, which were combined with Clinical Dementia Rating (CDR),
Montreal Cognitive Assessment (MoCA), and Mini-Mental State Examination (MMSE),
as previously described (Harrington et al., 2013).

Sixty-five cognitively healthy participants (51 to 91 years) participated in this pilot study.
Ten participants were excluded from the study: 6 participants could not finish the whole
task, finding it too challenging, and 4 participants had an accuracy lower than 25% (one
out of four categories, procedure details in Section 2.2) or had repeat or switch accuracy
lower than 50% (one out of two categories). We excluded the participants whose correct
responses were no higher than odds of chance, because the participants are simply guessing
but not actively engaging their cognitive resources to perform the best of their abilities.

Int J Psychophysiol. Author manuscript; available in PMC 2022 February 23.
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Participants were then divided depending on individual CSF Ap/tau ratios compared to a
cutoff value derived from a logistic regression model that correctly diagnosed >85% of
clinically probable AD participants (Harrington et al., 2013). A total of 55 study participants
took part in the experiment: 23 CH-NATs and 32 CH-PATSs. With large artifact rejection

that described in Section 2.3 below and previously published (Arakaki et al., 2019), 46
participants’” EEG were analyzed: 19 CH-NATs and 27 CH-PATS.

All behavioral and EEG data collection and processing was performed in a double blinded
fashion with neither researchers nor participants knowing the CH-NAT/CH-PAT status.

2.2. Procedures

Study participants were seated in front of a desktop (a Dell Precision T5610 with a 20"’
screen) in a quiet room. For resting state, participants were asked to “sit still” and “empty
their minds” for 5 min with their eyes open (eyes fixed at the ‘E’ of the DELL sign on the
bottom of the dark screen), and then for 5 min with eyes closed.

For task switching testing, participants were comfortably seated before a computer screen
and were instructed, practiced for ~5 min (or until satisfied with their performance), and
then tested for task switching. The task switching paradigm was administered using E-prime
software (Psychology Software Tools, Inc., Sharpsburg PA) on the same desktop. Each trial
contained two sequential stimuli (both were incongruent colored words, e.g., ‘Red’ in green
color and “‘Green’ in red color), which were displayed with or without an underline. Stimuli
were 18 pt. Courier New font with black background (Fig. 1). Participants were required to
name the color (c) when underlined or word (w) when not underlined for each stimulus by
pressing a button: ‘1’ for red and ‘2’ for green. Thus, we divided the trials into low load
repeat (color-color (cC) or word-word (WW)) or high load switching (cW or wC) trials (the
second stimulus using superscript for the study target). Task switching included 3 mixed
blocks of 64 trials in each block, including all four conditions (cC, wW, cW, wC) randomly
sequenced and equally weighted. The task switching test took about 25 min to complete,
depending on each participant’s performance.

At the end of the experiment, participants filled a one-page survey to rate any physical
complaints, difficulty of switch and repeat trials, how much effort they used, and how
fatigue they felt after the task, on a sliding scale of 0-3.

2.3. Behavioral and qEEG analysis

The behavioral performances were described and compared by accuracy (ACC) and
response time (RT): ACC was defined as the percentage of correctly responded trials out

of the total trials, when responses to both stimuli of the trial were correct; RT was defined as
the duration from the second stimulus onset to participant’s response to the second stimulus.
ACC and RT were compared between repeat trials and switch trials.

Online EEG data were collected during rest or cognitive challenge (Arakaki et al., 2018).
Briefly, we used a 21-sensor, dry electrode system (Quasar Wearable Sensing, DSI-24, San
Diego, CA) placed approximately at locations of the international 10-20 system (Fp1, Fp2,
F7,F3, Fz, F4,F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, 02, M1, and M2) to

Int J Psychophysiol. Author manuscript; available in PMC 2022 February 23.
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record EEG signals. EEG signals were sampled at 300 Hz, and bandpass filtered between
0.003 and 150 Hz. Three auxiliary sensors were used to record electrooculographic (EOG),
electrocardiographic (ECG), and electromyographic (EMG) (on the right forearm) activities.
A trigger channel encoded the presentation of the letter stimuli, the participants’ responses,
and the type of test (color-color, word-word, color-word, or word-color) for further analysis.

All datasets were analyzed in EEGLAB version 13.4.3b (Delorme and Makeig, 2004)
running in MATLAB R2020a (The MathWorks, USA) and custom codes developed
in-house. Preprocessing steps included epoching, filtering, re-referencing, large artifact
removal, and time-frequency analysis. The continuous EEG recordings were segmented into
epochs of 2500 ms duration during eyes open and eyes closed for resting state or using the
stimulus onset as a reference during the task switching challenge, including 500 ms before
and 2500 ms after stimulus onset. Only correctly responded trials (correctly responded to
both stimuli of the trial) were used for analysis because we were interested in activities
supported by the task switching.

Preprocessing and time-frequency (TF) analyses were carried out as previously described
(Arakaki et al., 2018). Briefly, epochs were filtered between 2 and 30 Hz, re-referenced to
the mean of two mastoid sensors (M1 and M2), and independent component analysis (ICA)
was used to remove eye blinks, cardiac, and other artifacts (Delorme and Makeig, 2004).
Trial with large artifact activity greater than three standard deviations (SDs) from a specific
sensor’s mean was consider a bad trial and rejected from all sensors. Nine participants with
missing trials from any one category (cC, wW, cW, or wC) were removed for analysis.
Therefore, average trials analyzed for all participants are 35 £ 4 (cC), 32 £ 7 (cW), 32 =
6.7 (WW), and 31 + 6 (wC). For TF analysis, epoched EEG data were decomposed with
logarithmic scaling between 2 and 30 Hz by fast Fourier transform and Morlet wavelet
[ef271/ ¢=12/202] convolution in the frequency domain, followed by the inverse fast Fourier

transform (Cohen, 2014; Cohen and Donner, 2013). Power values were normalized by
decibels to the baseline power from —400 to —100 ms pre-stimulus at each frequency

band [dB power = 10* log10(;22-2) . Based on the TF plots and published data (Hu et

baseline
al., 2013; Pagano et al., 2015; Vazquez-Marrufo et al., 2017), alpha ERD (range 250-750
ms) including low alpha (8-11 Hz) and high alpha (11-13 Hz) were then extracted for
comparison across regions, condition, and groups.

We compared alpha power, including low alpha (8-11 Hz) and high alpha (11-13 Hz)
between two CH groups from electroencephalogram (EEG) at six brain regions including
frontal (F: F3, Fz, F4); central (C: C3, Cz, C4), parietal (P: P3, Pz, P4), left temporal (LT:
F7, T3, T5), right temporal (RT: F8, T4, T6), and occipital (O: O1, O2) regions.

2.4. ECG and HRV analysis

ECG traces of 5 consecutive minutes were analyzed from participants at rest and during
the tasks. Participants were excluded from analysis if they had atrial fibrillation or if more
than 30% of consecutive data were missing due to poor signal quality. ECG traces from
subgroups of CH-NAT and CH-PAT participants were screened, blind to their grouping,
to remove ectopic beats, followed by identifying normal RR-intervals (NN) using the

Int J Psychophysiol. Author manuscript; available in PMC 2022 February 23.
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AcqKnowledge software (BIOPAC Systems, Inc., Goleta, CA). Ectopic beats, including
atrial premature beats, ventricular premature beats and skipped beats as well as atrial
fibrillation were verified by a cardiologist who over-read the ECGs. HRV was analyzed
following the established guidelines (1996). Using Kubios HRV software (version 3.2.0),
NN intervals underwent linear interpolation (Choi and Shin, 2018) and subsequent analysis
for the standard deviation of NN (SDNN) and root mean squared successive differences
(RMSSD) in the time domain. Frequency domain measures were calculated after Fast
Fourier Transform (FFT), specifically Welch’s periodogram, to estimate the power spectral
density. The LF and HF bands’ thresholds are 0.04-0.15 Hz and 0.15-0.4 Hz, respectively.
Heart rate and HRV parameters (RR, SDNN, RMSSD, LF and HF) were compared between
CH-NATs and CH-PATSs during rest or task.

For task-shifting, 5-minute ECG traces from CH-NATSs (n = 19) and CH-PATSs (n = 27) were
analyze for HR and HRV measures at rest and during the task-shifting protocol.

2.5. Machine learning

We used machine learning methods to identify features that associate with the probability for
distinguishing CH-NATs and CH-PATSs, using low alpha ERD (6 brain regions during repeat
and switch trials) and HRV measures (during resting and task). We also did a preliminary
experiment to explore whether the features are contributing to the classification of CH-NATs
and CH-PATSs. For all the implementation, we utilized python codes developed in-house.

We first used linear logistic regression to demonstrate the feature significance. For linear
logistic regression, we assume there is a linear relationship between the potential classifier
variables X and the logit of the event Y. Here, our Y variables are the events of CH-NATs
and CH-PATSs, the potential classifier variables are the low alpha ERD over six brain regions
and the HRV features during rest or tasks. If p is the probability of Y = CH-PATSs, we have

log _”p = wX + b, where w is the coefficient vector and b is the intercept. We can then tell

from the sign of w to figure out whether a feature is positively or negatively associated with
a classified event’s probability. We repeated this experiment multiple times to determine
whether the association is significant or not.

After identifying useful features, we tested whether HRV features help improve the machine
learning model’s classifying performance of CH-NATSs versus CH-PATSs. We used a two-
layer, fully-connected neural network with 30 hidden nodes to build a binary classifier
(CH-NATSs vs. CH-PATS) on our selected features. We compare using only low alpha ERD
(brain signatures), using only HRV features, and using both low alpha ERD and HRV
features. In the training of the neural networks, we keep the hyperparameters the same for all
the experiments.

2.6. Statistics

All tests were two-sided £tests at a 0.05 significance level. All analyses were exploratory
and thus there was no adjustment for multiplicity and there is no priori determination of
sample size. However, we analyzed between two groups at each of the four trial types, low
alpha and high alpha, and six regions with false discovery rate (FDR) for context.

Int J Psychophysiol. Author manuscript; available in PMC 2022 February 23.
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A two-way ANOVA was used to test for behavioral differences (RT and ACC, respectively)
between group and trial type (repeat, switch).

We compared low and high alpha ERD between two groups (CH-NATs and CH-PATS),

including four different trials (wW, cC, cW, and wC), six brain regions (F, C, P, LT, RT, and
0). We conducted #tests for each comparison between CH-PAT and CH-NAT for trial type,
)

S

examine the magnitude of difference between two groups (CH-NATs and CH-PATS), where
(d) is the effect size, p1 is the control mean, 2is the experimental mean, and Siis the pooled
standard deviation. The pooled standard deviation was calculated from pooled variance:

2 2
-1s -1s . . . .
s§2= (n )n i;(:nz ) Y where & is the pooled variance, 77being the sample size of group

regions, word switch cost etc. We used Cohen’s equation d = - for effect size (ES) to

1, S,% is the standard deviation of group 1, m being the sample size of group 2, and Sy2

being the standard deviation of group 2. We reported comparisons with medium and large
Cohen’s d (Sawilowsky, 2009). Confidence interval (95%) for Cohen’s d was calculated:

Cl=

2 2
nl +n2 d nl +n2 d
d— 1.96*\/111*112 + 5 (a1 + m2) + 1'96*\/n1*n2 + TE(l ¥ 12) (WUtZ| et al., 2021).

We also compared low and high alpha ERD between the two groups in two different ways:
1) we compared alpha ERD during repeat trials (low load) and switch trials (high load); 2)
we compared alpha power for word switch cost (cW-wW) and color switch cost (wC-cC).

For HRV comparisons, we used a student two-sided #test to compare between CH-NATS
and CH-PATs with respect to time-domain and frequency-domain HRV measures. We also
compared between resting and task state for each group.

We performed all analyses using PRISM v6.07 (GraphPad), MATLAB R2020a, or Excel
from Microsoft Office 365. We set a significance level of 0.05 for all tests.

3. Results

3.1. Demographic balanced groups and resting alpha power between CH-NATs and CH-

PATs

Demographic and cognitive screening measures were descriptively similar between CH-
NATs and CH-PATSs while CSF Ap/tau ratios differentiate the two groups (Table S1).
Furthermore, survey results showed no differences between two groups in physical
complaints, difficulty of switch and repeat trials, effort used, and fatigue after the task.

We did not observe differences in alpha power during resting eyes open or eyes closed states
between the two groups.

3.2. Behavioral performance, low and high alpha ERD during wW, cC, cW, and wC trials
between CH-NATs and CH-PATs

For RT comparison, there was a significant main effect of trial types (repeat or switch), F(1,
108) = 20.06, p < 0.0001, with faster reaction time during repeat trials (mean: 1260.9 ms,

Int J Psychophysiol. Author manuscript; available in PMC 2022 February 23.
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SD: 338.8 ms) than during switch trials (mean: 1606.6 ms, SD: 445.8 ms). However, there
was no Group x trial type interaction, F(1, 108) = 0.0001, p = 0.991 (Fig. 2).

For ACC comparison, there was a significant main effect of trial types (repeat or switch),
F(1, 108) = 4.01, p = 0.048, with higher ACC during repeat trials (mean: 0.89, SD: 0.12)
than during switch trials (mean: 0.84, SD: 0.15). However, there was no Group x trial type
interaction, F(1, 108) = 0.003, p = 0.960.

For comparisons of low and high alpha ERD during wW, cC, cW, and wC trials between
the two groups, we did not observe significant p values that met FDR. The summary effect
sizes for all comparisons were shown in Fig. 3. Specifically changing from CH-NATS to
CH-PATS, there was a large effect size for central low alpha during wW trials (p = 0.005,
df =41, Cohen’s d = 0.89, 95% confidence interval 0.28-1.51); several medium effect
sizes during wW trials for parietal low alpha (p = 0.015, df = 39, Cohen’s d = 0.76, 95%
confidence interval 0.15-1.36), central high alpha (p = 0.025, df = 41, Cohen’s d = 0.70,
95% confidence interval 0.09-1.30) (Table S2a—d).

We analyzed the alpha ERD during the repeat trials (WW&cC) and switch trials (cW&wC),
or for word switch cost (cW-wW) and color switch cost (wC-cC). We did not observe
significant p values that met FDR. Detailed results listed in Sections 3.3 and 3.4.

3.3. Low and high alpha ERD during low load (repeat trials, wwW&cC) and high load
(switch trials, cW&wC), between CH-NATs and CH-PATs

During repeat trials, low alpha power was increased (less negative) in CH-PATSs than CH-
NATSs (Central: —0.18 + 0.66 vs. —0.72 + 0.72, p = 0.011, df = 37, Cohen’s d = 0.79, 95%
confidence interval 0.18-1.40; Parietal: —0.25 + 0.75 vs. —0.83 + 0.92, p = 0.024, df = 34,
Cohen’s d = 0.70, 95% confidence interval 0.09-1.30) (Table 1). The low alpha differences
during repeats trials likely came from wW, but not cC (Section 3.2 and Table S2). During
switch trials, we did not observe differences in low alpha or high alpha between two groups.
There were no differences in other frequency powers (delta, theta, beta) (Table S3a-b).

3.4. Low and high alpha ERD for word switch cost (cW-wW) and color switch cost (wC-
cC), between CH-NATs and CH-PATs

For word switch cost, we observed decreased low alpha ERD in CH-PATs compared to
CH-NATSs (Central: -0.12 + 0.66 vs. 0.43 + 0.68, p = 0.008, df = 38, Cohen’s d = —0.83,
95% confidence interval —1.44 to —0.22), and decreased high alpha ERD in CH-PATs
compared to CH-NATSs (Central: —0.12 + 0.49 vs. 0.32 £ 0.74, p = 0.019, df = 29, Cohen’s
d=-0.73, 95% confidence interval —1.34 to —0.13) (Tables 2). The low alpha differences
for word switch cost likely came from wW, but not cW (Section 3.2 and Table S2). For
color switch cost, we did not observe difference in low or high alpha ERD between the two
groups.

3.5. HRV during resting and task

We observed no statistically significant changes in discrete HR or HRV measures between
CH-NATs and CH-PATSs at either time point. However, we observed significant HRV
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changes, specifically a drop in LF (p = 0.023, Cohen’s d = —0.45), within the CH-PAT

group between the resting and task states, but none in CH-NATSs (p = 0.495, Cohen’s d =
-0.21). A trend in SDNN suggested a drop during task shifting in CH-PATs (p = 0.091,
Cohen’s d = —0.23), while there was no change in CH-NATSs (p = 0.64, Cohen’s d = -0.08).
Both groups exhibited a drop in RR interval while performing the task, with larger effect
size drop in CH-PATSs (p = 0.0003, Cohen’s d = —0.62) than CH-NATs (p = 0.028, Cohen’s d
=-0.24) (Fig. 4, Table 3).

Atrial fibrillation, which led to exclusion from HRV analyses, was present in both CH-NATS
(n =2, 11% of participants) and CH-PATs (n = 3, 11% of participants) with no difference
between groups. Ectopic beat prevalence showed no significant difference between CH-
NATs and CH-PATSs in the average number of total arrhythmias (Rest: 12.6 + 18.9 vs. 12.4
+21.3, p =0.985; Task: 7.8 + 7.6 vs. 11.4 + 30.6, p = 0.731), nor when separated by
classification of arrhythmia as atrial premature beats (Rest: 6.0 £ 8.7 vs. 5.1 £ 10.9, p =
0.892; Task: 3.8 £ 6.2 vs. 1.2 £ 0.4, p = 0.386) and ventricular premature beats (VPB),
where only one CH-PAT had VPB at rest (Rest: 16.0 £ 24.8 vs. 58.0; Task: 8.0 + 7.2 vs. 19.4
+41.1, p = 0.558).

3.6. Machine learning to explore ECG features improve qEEG’s classification of AD

pathology

Our repeated 50 experiments on the low alpha features demonstrate that six low alpha
features (Cr, Pr, LTr, Or, LTs, RTs: ‘r’ for repeat trials and ‘s’ for switch trials) were
considered significant between CH-NATSs and CH-PATSs. For HRV measures during rest (R)
and task switching (TS), nine HRV features (MeanRR(R), SDNN(R), MeanHR(R), LF(R),
MeanRR(TS), SDNN(TS), MeanHR(TS), LF/HF(TS), HR(R)) were considered significant
between CH-NATSs and CH-PATS in the 50 repeated experiments. The experiment was
conducted with random splits of training (80%) and testing (20%) data.

We used a two-layer fully connected neural network to build a binary classifier (CH-NATs
vs. CH-PATS) on our selected features. We compared using only low alpha ERD versus low
alpha ERD and HRV features. Our result shows that the test accuracy was improved from
0.64 + 0.04 to 0.71 £ 0.04. by supplementing the binary classifier with heart signatures
(HRV) (Fig. 5). On the other hand, the heart feature can also achieve 0.62 + 0.04 accuracy.

4. Discussion

The present pilot EEG/ECG study was designed to explore the changes of neural and cardiac
electrophysiological signatures that associate with task switching in cognitively healthy
individuals with pathological versus normal CSF amyloid/tau. Our results suggested that
CH-PATSs present increased (less negative) centroparietal alpha ERD during wW repeat trials
compared to CH-NATS: on the one hand, low alpha ERD was increased (less negative)
during low load repeat trials at centroparietal locations; on the other hand, central low alpha
ERD was lower for word switch cost. Moreover, HRV measurements suggested that while
RR drops in both groups (more so in CH-PATSs), LF-HRV dropped from resting to task only
in CH-PATSs. Finally, supplementing the binary classifier with HRV signatures improved low
alpha ERD’s differentiation of CH-PATs from CH-NATSs. In sum, task switching challenge
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revealed the abnormal EEG/ECG signatures in CH-PATs compared to CH-NATS and their
combination improves CH-PAT classification.

The CSF tau (t- or p-Tau)/Abeta ratio has been shown to predict cognitive decline in
preclinical AD (Fagan et al., 2007), to predict MCI progression to AD (Ritchie et al.,

2017), and to outperform amyloid or tau alone in discriminating those with cortical

amyloid pathology (Fagan et al., 2011). Not focused on dementia types based on AT(N)
research framework (Jack et al., 2018), we explored non-invasive EEG/ECG technology
combined with cognitive challenge (task switching challenge in this study) to detect synaptic
dysfunction in CH-PATSs based on A/T ratio (Harrington et al., 2013; Harrington et al., 2019;
Sperling et al., 2011).

4.1. Abnormal task switching (behavioral performance and alpha ERD) in AD spectrum

Working memory maintains the task set rules, and cognitive control helps resolve the
conflict between competing task sets. Our previous study revealed that alpha ERD was

more negative in CH-PATSs than CH-NATS, suggesting compensatory hyperactivity or greater
effort by the CH-PATSs (Arakaki et al., 2020; Arakaki et al., 2019). Alpha ERD during
working memory reflect cortical activation and neural efficiency, such that good performers
present increased (less negative) alpha ERD (Grabner et al., 2004). On the other hand, alpha
ERD during task switching reflect alertness (low alpha) and attention (high alpha), such that
good performers present decreased (more negative) alpha ERD (Verstraeten and Cluydts,
2002). Therefore, we predict increased (less negative) alpha ERD in CH-PATs compared to
CH-NATS during task switching.

While the brain can successfully alternate or shift its attention between tasks, the consistent
mental replacement of one task by another requires effort (time and/or cognitive resources)
for the brain to process, causing switching cost (Gladwin and de Jong, 2005; Jersild, 1927,
Monsell, 2003; Wu et al., 2015). In our study, both groups exhibited longer RT during switch
than repeat trials, indicating a successful switching cost effect.

Alpha ERD represents a short, localized, amplitude attenuation of alpha band

oscillations (Pfurtscheller and Aranibar, 1977; Pfurtscheller and Klimesch, 1992). Alpha
desynchronization has been observed during cognitive and attentional tasks in visual and
auditory modalities (Klimesch, 1996, 1997; Krause et al., 1996). Low alpha (8-11 Hz)
has been shown to be associated with general attention, whereas high alpha (11-13 Hz)
is found to be associated with task-specific attention (Pfurtscheller and Lopes da Silva,
1999; Verstraeten and Cluydts, 2002). In our study, CH-PATSs have increased (less negative)
low alpha ERD compared with CH-NATSs in the centroparietal regions during repeat
trials, consistent with previous findings of poor performers, suggesting less attentive/alert
(\Verstraeten and Cluydts, 2002). The centroparietal location is consistent with a context
update (Donchin and Coles, 1988), or the interference of processing the second stimulus
from the previously activated task-set (Wu et al., 2015). This increased low alpha could
result from mind wandering, as previous studies have shown an increase of alpha power
constituting an electrophysiological correlate of mind wandering (Arnau et al., 2020;
Compton et al., 2019).
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Our findings are inconsistent with previous findings showing decreased low alpha ERD
(more negative) in cW trials relative to wW trials (Wu et al., 2015), that is possibly due to
our elderly participants being overtaxed by the switching trials.

Two neural processes underlying switch cost include endogenous control (color switch cost)
and inhibitory control (word switch cost) (Wu et al., 2015; Yeung and Monsell, 2003). Our
data indicated that the low and high alpha processing of word switch cost were smaller in
CH-PATSs, which appears counterintuitive. The reason could be that word switching cost
differences mainly came from wW, not cW (overtaxed for both groups). Our data suggest
that top-down inhibitory control was impaired in CH-PATS.

As reports of alpha ERD sometimes seem to conflict, please note that alpha ERD is a
negative number in recent papers (including our calculation in decibels) (Wu et al., 2015) but
positive in earlier studies, from different way of calculate (Klimesch et al., 1997). Another
point worth notice is that CH-PATSs presented decreased (more negative) alpha ERD during
working memory and Stroop (Arakaki et al., 2020; Arakaki et al., 2019), however increased
(less negative) alpha ERD during task switching in this study. This can be interpreted by

the following possibilities: a) task switching is more challenging compared to working
memory and Stroop, where CH-PATS presented compensatory hyperactivity during low

load working memory and Stroop challenge, however already overtaxed during low load
task switching challenge; b) weakened top-down inhibitory control in CH-PATs may result
in hyperactivities (Stroop and working memory) and under-controlled cognitive flexibility
(less negative alpha ERD) during low load trials. The CH-PATS’ less negative alpha ERD
during low load task switching challenge is consistent with poor performers (Verstraeten and
Cluydts, 2002).

We mainly examined alpha ERD in this study, as alpha is the most prominent EEG band and
changes in AD (Babiloni et al., 2021) as well as in CH-PATSs (Arakaki et al., 2019). We did
not observe changes in CH-PATS regarding other frequency bands.

4.2. Abnormal HRV in AD spectrum

Autonomic health when studied in AD patients, shows sympathetic dominance and
parasympathetic suppression (Issac et al., 2017), in MCI participants, shows an
orthosympathetic dysfunction (Nicolini et al., 2014). In addition, the prevalence of cognitive
impairment was higher in those with reduced HRV than in those with nonreduced HRV
(Kim et al., 2006). Further, HRV biofeedback (aiming to induce a respiratory sinus
arrythmia peak) resulted in: LF HRV and SDNN increase and EEG changes suggestive

of increased attention/relaxation (Prinsloo et al., 2013).

We observed contrasting LF responses to task switching by CH-NATs and CH-PATs
indicate a possible imbalance in sympathetic and parasympathetic function in CH-PATSs
(Hayano and Yuda, 2019). The LF regulations are complex such that higher LF has

been related to: respiration decreases to the resonance frequency (6 cycles/min) (Brown

et al., 1993); younger age (middle to older population) (Jandackova et al., 2016); sitting
position compared to supine and prone positions (Watanabe et al., 2007); and higher MoCA
score (Frewen et al., 2013). Our two groups are similar in age, position, MoCA, thus
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breathing will be an interesting factor to control for. In addition, anatomically besides the
neurovisceral network (Thayer and Lane, 2009), a possible area of interest is the fornix of
the hippocampus which serves as the predominant outflow tract of the hippocampus known
to be implicated in autonomic control (Castle et al., 2005; Mielke et al., 2012). Disrupted
functions in these areas may account for the depressed LF-HRV responses upon the task

in CH-PATSs. Further studies to stratify HRV changes by these factors and to localize the
regulation of the early brain-heart dysfunctions will further advance our understanding.

The LF-HRV drop in CH-PATSs from rest to task could be from both vagal and sympathetic
decreases, which may link to decreased cardiac vagal control and healthy variability
(Laborde et al., 2018; Shaffer and Meehan, 2020). Indeed, vagal tank theory proposes that
cardiac vagal control is a physiological indicator reflecting self-regulation, such that the
interaction of resting and reactivity (upon task) can predict latent abnormalities (Laborde et
al., 2018). Interestingly, Nicolini et al. have shown that MCI participants presented less LF,
HF, LF/HF changes in response to active standing than controls, but no HRV differences
during baseline (Nicolini et al., 2014). The differences in theirs (less HRV changes in MCI)
and our study (more HRV changes in CH-PATS) can be partly due to physical (positional)
or mental (cognitive) challenges (Laborde et al., 2018). Overall, our data indicated hyper-
responsive autonomic regulation in CH-PATs compared to CH-NATS, probably resulting
from weakened top-down control (Thayer et al., 2009).

4.3. Machine learning and abnormal brain-heart in AD spectrum

Machine learning analysis supports that supplementing HRV improved low alpha in the
classification of CH-PATs from CH-NATS, suggesting related changes in this early stage.
Although the test accuracy is relatively low (from 0.64 + 0.04 to 0.71 + 0.04), our CH-
NAT/CH-PAT classifier exploration is encouraging that combining EEG/ECG can improve
CH-PAT classification. The feature significance using linear logistic regression is discussed
in various previous literature (Bishop, 2006). Training neural networks (Goodfellow et al.,
2016) to model the nonlinearity in the data is a prevalent practice. Note that we use different
models for feature significance measurement and the classification task. The reason is that
the feature importance is more meaningful when we assume a linear model. However, a
non-linear model is required to achieve a better classifier performance in practice, consistent
with the complex neurovisceral network (Thayer and Lane, 2009). Even though the final
sensitivity and specificity is lower than expected 80%, possibly from our relatively small
dataset in this preliminary study, our result suggest that the detection of CH-PATSs by low
alpha ERD alone is improved by supplementing HRV measures, supporting the interaction
of alpha ERD and HRV during different stages, corroborate the vagal tank theory (Laborde
et al., 2018). In the future work, we plan to test the effectiveness of HRV features on larger
datasets.

There are anatomical and functional links between the brain and the heart allowing dynamic
mutual influences and interoception (Chen et al., 2021). For example, increased risks of

dementia related to: clinical stroke (de Bruijn and Ikram, 2014; Leys et al., 2005; Vermeer et
al., 2003a); minor infarct (lacunae) (Vermeer et al., 2003a; Vermeer et al., 2003b); and atrial
fibrillation (de Bruijn and Ikram, 2014; Ott et al., 1997). However, our present study did not
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find atrial fibrillation differences between the two groups. That could be our relatively small
sample size. The interoceptive relationship between the brain and the heart is intriguing and
will benefit from non-invasive, translational studies that allow computer-aided approaches to
help extract patterns from the dataset and detect individuals with high risk of AD (Leuzy et
al., 2018). That is consistent with Dr. Basar’s proposal for brain-body-mind incorporation
from “globally coupled oscillators” (Basar, 2005, 2008). Although with limitations, we have
explored through the lens of brain-heart electrophysiology to identify potential biomarkers
(QEEG and ECG/HRV) for individuals who are cognitively healthy but with AD biomarkers
(CH-PATS).

4.4. Significance of our findings

Our pilot study showed subtle changes in EEG and ECG/HRYV in CH-PATS: task switching
challenge revealed less negative alpha ERD during wW repeats. In our exploratory study,
the trained binary classifier of CH-PATs from EEG/ECG helps better understand the change
of brain-heart function in CH-PATSs. Our task shifting paradigm combined with non-invasive
EEG/ECG measures has shown evidence of an early association between cardiac vagal
control and its link to cognitive health, in our initial studies.

4.5. Limitations and future directions

This initial study is exploratory in nature and has limitations due to its relatively small
sample size; it was intended to help identify future hypotheses which we have discussed.
Firstly, we did many tests and found no significant results after applying FDR for all alpha
ERD comparisons between the two groups. All analyses were exploratory and thus there
was no adjustment for multiplicity (alpha ERD and HRV analysis). We cannot exclude

type 1 error at this stage. Larger population is needed to confirm our findings. Secondly,

our cohort was primarily homogenous consisting mainly of Caucasian females of European
descent. Recruitment for future studies will better balance sex while including a more
diverse group of participants from various racial and ethnic backgrounds. Nevertheless,
both CH-NATSs and CH-PATSs were age and sex-matched between the two groups in the
present study indicating that these variables did not skew our results. Thirdly, our study
shows high temporal resolution using gEEG to detect dysfunctions with accurate temporal
precision. However, future studies that explore dysfunction in CH-PATs with higher spatial
accuracy than the present study may help elucidate which regions are affected. Furthermore,
the improving classification performance by supplementing HRV signatures may not be
sufficient to demonstrate the direct brain-heart interoceptive activity. Additional approaches,
such as fMRI to measure brain oxygen level during rest and task, are needed to provide
direct support. Finally, we are planning a more extensive follow-up study of our results to
help evaluate further whether these findings might have clinical significance and to confirm
that our findings are replicable in a larger cohort.

5. Conclusions

This pilot study evaluated subtle changes of brain-heart interoception to help identify AD
pathology in CH-PATSs from CH-NATs. We found increased alpha ERD (less negative)
during the word repeat trials and reduced LF-HRV from rest to task in CH-PATS vs.
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CH-NATSs. In addition, we have shown that combining both alpha ERD and HRV features
increases the classification performance of alpha ERD alone in detecting CH-PATSs.
However, due to limited sample size, further experiments are needed to validate these
findings. Nonetheless, our task switching paradigm combined with EEG/ECG has suggested
a potentially compromised brain-heart interoception in CH-PATSs.
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A. Repeat Trial
500 ms

5000 ms
1000 ms

Stimulus 1, press "2’ for word ‘Green’

Stimulus 2, press ‘1" for word ‘Red’

B. Switch Trial
500 ms

5000 ms

Stimulus 1, press 2" for word ‘Green’

Stimulus 2, press 2 for color ‘Green’

Fig. 1.
Task switching testing paradigms. Each trial includes two sequential stimuli. Each stimulus

is incongruent colored word. Participants were requested to respond to the word itself
(no-underline), or to the color of the ink (underlined), by press a button (‘1” for red, ‘2’ for
green). Tasks include random mixture of low load repeat trials (A) or high load switch trials

(B).
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Fig. 2.

Behavioral responses of task switching. A) The accuracy (ACC) was not different between
CH-NATs and CH-PATs. ACC during high load switch trials was lower than during low load
repeat trials, in both groups. B) The response time (RT) was not different between CH-NATs
and CH-PATSs. RT during high load switch trials was longer than during low load repeat
trials, in both groups.
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Fig. 3.
Summary of effect sizes by Cohen’s d. Effect sizes for all comparisons were ranked

including all combinations of: trial types (wWW (3-ww), cC (4-cc), cW (5-cw), or wC
(6-wc)), alpha power (low alpha (2-Low) or high alpha (1-High)), regions (F (f), C (c), P (p),
LT (1), RT (r), or O (0)). Cohen’s d values were indicated at the top of each combination.
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Fig. 4.

HRV comparisons between resting state and task switching in CH-NATs and CH-PATs. A)
RR interval were reduced during the task than resting with medium effect size in CH-PATSs,
but not in CH-NATS; B) LF were reduced only in CH-PATS.
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Fig. 5.

Machine learning analysis for the task switching challenge suggests HRV improves qEEG
classification of CH-NATs and CH-PATs. A) Low alpha ERD on frontal (F), central (C),
parietal (P), left temporal (LT), right temporal (RT), and occipital (O) regions were listed
during repeat trials (r) and switch trials (s), and six low alpha features (Cr, Pr, LTr, Or,

LTs, RTs) were considered brain features; B) HRV measures were listed during resting state
(R) and task switching (TS) and nine HRV features (MeanRR(R), SDNN(R), MeanHR(R),
LF (R), MeanRR(TS), SDNN(TS), MeanHR(TS), LF/HF(TS), HR(R)) were considered
heart features; C) using two-layer fully-connected neural network, HRV can improve brain
features’ test accuracy from 0.64 + 0.04 to 0.71 + 0.04. On the other hand, the heart feature
can also achieve 0.62 + 0.04 accuracy. The experiment is conducted 50 times with random
split of training (80%) and testing (20%) data.
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Low and high alpha powers for both CH-NATSs and CH-PATSs during repeat trials. Significance was estimated
using effect size (ES) under Cohen’s criteria.

Repeat Low alpha (8-11 Hz)
NAT PAT p-value 95% CI Cohen’sd
Regions  Ave SD  Ave SD
F -090 1.00 -0.60 0.92 0.307 (-0.28,0.90) 0.31
C -0.72 0.72 -0.18 0.66 0.011 (0.18, 1.40) 0.79
P -0.83 092 -0.25 0.75 0.024 (0.09, 1.30) 0.70
LT -0.70 0.79 -0.59 0.88 0.658 (-0.45,0.72) 0.13
RT -0.65 0.66 -0.48 0.77 0.436 (-0.35,0.82) 0.24
(0] -064 0.85 -0.14 095 0.071 (-0.04,1.15) 0.55
Repeat High alpha (11-13 Hz)
NAT PAT p-value 95% ClI Cohen’sd
Regions  Ave SD  Ave SD
F -090 1.06 -0.80 0.99 0.735 (-0.49,0.69) 0.10
C -0.75 0.89 -0.36 0.82 0.134 (-0.14,1.05) 0.46
-090 0.96 -0.44 100 0.129 (-0.13,1.06) 0.46
LT -056 0.79 -0.59 0.84 0.884 (-0.63,0.54) -0.04
RT -059 0.69 -0.61 0.80 0.916 (-0.62,0.56) -0.03
0] -0.78 0.97 -0.54 0.95 0.410 (-0.34,0.84) 0.25

Cl: confidence interval. Bold: p<0.05 or Cohen’s d >0.5.
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Low and high alpha powers for both CH-NATSs and CH-PATSs for word switch cost (cW-wW). Significance
was estimated using Effect Size (ES) under Cohen’s Criteria.

Repeat Low alpha (8-11 Hz)

NAT PAT p-value 95% ClI Cohen’sd
Regions  Ave SD  Ave SD
F 0.15 097 034 090 0.491 (-0.38, 0.80) 0.21
C 0.43 0.68 -0.12 0.66 0.008 (-1.44,-0.22) -0.83
P 0.23 113 -0.03 0.79 0.366 (-0.86, 0.32) -0.27
LT 034 074 044 128 0.755 (-0.49,0.68)  0.09
RT 0.23 0.78 0.04 0.69 0.406 (-0.84,0.34) -0.25
o 0.09 1.03 0.12 1.03 0.496 (-0.79, 0.38) -0.21
Repeat High alpha (11-13 Hz)
NAT PAT p-value 95% ClI Cohen’sd
Regions  Ave SD  Ave SD
0.09 092 0.24 0.78 0.560 (-0.41, 0.76) 0.18
C 0.32 0.74 -0.12 049 0.019 (-1.34,-0.13) -0.73
0.00 091 -0.22 0.73 0.359 (-0.87,0.31) -0.28
LT 0.12 0.61 0.25 1.09 0.647 (-0.45, 0.73) 0.14
RT 0.06 0.83 -0.06 0.61 0.572 (-0.76, 0.42) -0.17
o -0.05 098 -0.14 1.09 0.774 (-0.67, 0.50) -0.09

Cl: confidence interval. Bold: p<0.05 or Cohen’s d >0.5.
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Effect of Task Switching on HRV.

Table 3

CH-NATSs p/Cohen’sd
HRV Rest Task Task vs. rest
RR 892.4 (34.5)  859.0(27.9)  (o28/-0.24%
SDNN 19.3 (2.9) 18.3(3.2) 0.64/-0.08
RMSSD 21.3(4.2) 215 (5.0) 0.949/0.01
LF-HRV 2035(62.7)  150.8(50.4)  0.495/-0.21
HF-HRV 228.7 (111.0) 214.3(128.5) 0.789/-0.03
LF/HF-HRV 4.3 (2.3) 2.0 (0.5) 0.344/-0.31
CH-NATSs p/Cohen’s d
HRV Rest Task Task vs. rest
RR 859.1(16.2)  806.6(16.6)  (0003/-0.62"
SDNN 235(2.8) 20.1(2.8) 0.091/-0.23
RMSSD 242 (4.1) 22.9 (4.1) 0.628/-0.06
LF-HRV 2784 (63.3)  1575(365)  (023/-0.45%
HF-HRV 279.1(118.4) 250.3 (134.7)  0.285/-0.04
LF/HF-HRV 6.2 (3.8) 1.5(0.2) 0.229/-0.33
*p <0.05.
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