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Abstract
Objective: Cognitive reserve (CR) is the capacity to adapt to (future) brain damage without any or only minimal clinical
symptoms. The underlying neuroplastic mechanisms remain unclear. Electrocorticography (ECOG), electroencephalography
(EEG), and magnetoencephalography (MEG) may help elucidate the brain mechanisms underlying CR, as CR is thought to be
related to efficient utilization of remaining brain resources. The purpose of this systematic review is to collect, evaluate, and
synthesize the findings on neural correlates of CR estimates using ECOG, EEG, and MEG.
Method: We examined articles that were published from the first standardized definition of CR. Eleven EEG and five MEG crosssectional studies met the inclusion criteria: They concerned original research, analyzed (M)EEG in humans, used a validated
CR estimate, and related (M)EEG to CR. Quality assessment was conducted using an adapted form of the Newcastle–Ottawa
scale. No ECOG study met the inclusion criteria.
Results: A total of 1383 participants from heterogeneous patient, young and older healthy groups were divided into three
categories by (M)EEG methodology: Eight (M)EEG studies employed event-related fields or potentials, six studies analyzed
brain oscillations at rest (of which one also analyzed a cognitive task), and three studies analyzed brain connectivity. Various CR
estimates were employed and all studies compared different (M)EEG measures and CR estimates. Several associations between
(M)EEG measures and CR estimates were observed.
Conclusion: Our findings support that (M)EEG measures are related to CR estimates, particularly in healthy individuals.
However, the character of this relationship is dependent on the population and task studied, warranting further studies.
Keywords:
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Introduction

According to a recent whitepaper that tried to reach a consensus on its definition, cognitive reserve (CR) refers to the
adaptability of cognitive processes that may partially underlie the differences observed between individuals in the susceptibility
of their cognitive abilities to (future) brain aging, pathology, or brain insult (Stern, Arenaza-Urquijo, et al., 2018). A higher level
of CR is thought to be supported by more adaptable functional brain processes, that is, “the networks of brain regions associated
with performing a task as well as the pattern of interactions between these networks” (Stern, Arenaza-Urquijo, et al., 2018).
Differences in CR are accordingly determined by individual differences in these existing cognitive or functional brain processes.
These processes can be influenced by both innate capacities as well as individual differences in experiences and exposures such
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as early-life general cognitive ability (e.g., intelligence), education, occupation, physical exercise, leisure activities, or social
engagement (Stern, Arenaza-Urquijo, et al., 2018).
CR is therefore estimated in a variety of ways, using years of education (Jones et al., 2006; Roe et al., 2007; Farfel et al., 2013),
premorbid-IQ (Starr & Lonie, 2008; Armstrong et al., 2012), leisure activities (Sumowski et al., 2010; Helzner et al., 2007),
occupation (Ghaffar et al., 2012; Adam et al., 2013), or a questionnaire like the Cognitive Reserve Index questionnaire (CRIq,
Nucci et al., 2012). The latter study also discusses the relation between the CRIq and two other estimates of CR (vocabulary
tests of the Wechsler Adult Intelligence Scale and the Test di Intelligenza Breve).
The concept of CR originates from epidemiological studies (Katzman, 1993; Stern, 2002) and was introduced as a modulator
that could explain the observed individual differences in the neuropathological state of patients with Alzheimer’s disease (AD)
in relation to their degree of expressed symptoms. CR has since been investigated in other neurodegenerative conditions
such as Parkinson’s disease (PD; e.g., Armstrong et al., 2012; Hindle et al., 2016) and in healthy cognitive aging (e.g.,
Jones et al., 2006; Singh-Manoux et al., 2011). More recent studies have found CR to be a predicting factor for recovery
after traumatic brain injury (TBI; Schneider et al., 2014; Oldenburg et al., 2016; Stenberg et al., 2020) or stroke (Stenberg
et al., 2020).
However, the neural basis underlying CR is not yet fully understood (Steffener & Stern, 2012). High CR is hypothesized
to reflect active usage of remaining brain resources through efficient neural networks, thereby providing compensating neural
mechanisms to cope with cognitive demands (Stern, 2009; Barulli & Stern, 2013). Earlier efforts to explore the neural basis
of CR were primarily based on functional magnetic resonance imaging (fMRI; Habeck et al., 2003) in healthy elderly and
(amnestic) mild cognitive impairment ([a]MCI) or AD patients (Colangeli et al., 2016; Anthony & Lin, 2018).
In a meta-analysis about neural correlates of CR in fMRI studies (Colangeli et al., 2016), which included 151 healthy elderly
from 10 studies and 99 aMCI or AD patients from 7 studies, a significant correlation between brain activation and CR estimates
was found. In the healthy elderly, the activated areas were the anterior cingulate and the precuneus in the left hemisphere as
well as the cingulate gyrus and superior frontal gyrus in the right hemisphere. In both patients with aMCI or AD, activation in
the anterior cingulate cortex in the left hemisphere correlated with estimates of their CR. Furthermore, in a systematic review of
13 studies of CR and fMRI (Anthony & Lin, 2018), stronger activations in the frontal regions and the dorsal attention network
were related to neural compensation (i.e., better performance) in AD and MCI to a level comparable to that of healthy elderly.
Across the whole age spectrum, activation in medial temporal regions and an anterior or posterior cingulate cortex-seeded
default mode network were associated with neural reserve, in which certain brain regions or networks are resistant to the effect
of neurodegeneration or AD pathology, which is considered a neural implementation supporting CR by Anthony and Lin (2018).
More recent efforts to identify the neural underpinnings of CR focused on identifying task-invariant network activations (Stern,
Gazes, et al., 2018; Van Loenhoud et al., 2020).
fMRI methodology is currently not routinely applied in individual patients and has logistic challenges. Therefore, it might
be interesting to study the neural mechanisms underlying CR with the use of techniques that provide more direct measures of
neural activity such as electroencephalography (EEG), electrocorticography (ECOG), or magnetoencephalography (MEG).
These electrophysiological neuroimaging techniques (Bunge & Kahn, 2009) are characterized by their superior temporal
resolution (He et al., 2011) compared to fMRI (Stokes et al., 2015) and are particularly suited to perform frequency
decomposition analysis (Ferris et al., 2019), model neural connectivity (Hagen et al., 2018), reconstruct spatiotemporal sources
(Costa & Crini, 2011; van Mierlo et al., 2019) and build brain-computer interfaces (e.g., Bittencourt-Villalpando & Maurits,
2018; Angrick et al., 2019; Zubarev et al., 2019). EEG and ECOG both measure the electrical fluctuations originating from
the postsynaptic potentials in the pyramidal cells in the cortex (Cohen, 2017; Dubey & Ray, 2019), while MEG measures the
magnetic fields produced by these postsynaptic potentials (Baillet, 2017). The major difference between EEG and ECOG is in
the position of their electrodes: EEG is a noninvasive technique that uses electrodes at the scalp, while ECOG electrodes are
surgically placed directly on the cortex.
In addition, EEG has the advantage of lower costs (Schiff et al., 2016) and portable devices are available (Malcolm et al.,
2017) that facilitate applicability. This was previously highlighted by Rajji (2018) who underlined the unexploited strengths of
EEG to study CR. Although the literature on (M)EEG/ECOG results has continued to expand since their creation, there is no
overview of (M)EEG/ECOG studies of CR, probably because the definition of CR varied over the years and until recently most
authors used fMRI to study the neural basis of CR.
Since the concept of CR arose from epidemiological observations, CR is typically measured by indirect estimates that
epidemiological studies have identified to be related to CR, inducing discrepancies in the way in which CR has been defined
and measured over the years (Pettigrew & Soldan, 2019). We chose to employ the latest authorative conceptual definition
and guidelines for research on CR published by the Reserve, Resilience and Protective Factors PIA Empirical Definitions
and Conceptual Frameworks Workgroup led by Stern and colleagues (2018) under the auspices of the Alzheimer Association.
However, as the studies of CR and its underlying neural mechanisms used different CR definitions, we employed the previous
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most accepted definition of CR (Stern, 2002) in our inclusion criteria for our literature search taking into account the new CR
research guidelines (Stern, Arenaza-Urquijo, et al., 2018).
In this study, we therefore summarize the literature on ECOG and (M)EEG studies that relate the neurophysiological brain
measures to estimates of CR from the first landmark publication of the most accepted definition of CR (Stern, 2002) up-to-date
of search.

This systematic review was performed according to the Preferred Reporting Items for Systematic Reviews and MetaAnalysis (PRISMA) statement (Moher et al., 2009) to assess the properties, advantages, and limitations of (M)EEG and ECOG
methodologies to study CR. The protocol was registered in the International Prospective Register of Systematic Reviews
(PROSPERO), registration ID CRD42019115571 (Balart-Sánchez et al., 2019).
Search Strategy

On June 4, 2020, an electronic database search for potentially relevant studies was carried out in PubMed, Embase and Science
Direct databases, targeting title, abstract, and keywords using the MESH and EMTREE terms ‘‘electroencephalography,”
“magnetoencephalography,” “electrocorticography,” “event-related potentials,” and synonyms in logical conjunction with the
term “cognitive reserve” (for details, see Appendix 1). The search was done from 2002 up to date of search. A reference check
was done on the selected articles for potentially overlooked articles.
Selection Criteria and Data Extraction

The selection of eligible papers was carried out independently by two of the authors (SB and MB) who firstly removed all
duplicates and secondly screened title and abstract to check whether (a) the paper concerned original research, (b) (M)EEG
and/or ECOG measures were analyzed, (c) human subjects were considered, (d) a validated CR estimate was used, (e) the paper
was written in English, and finally (f) (M)EEG and/or ECOG measures were related to a CR estimate.
Reviews and case reports were excluded. Finally, the remaining articles were fully read to verify the inclusion criteria. The
reviewers’ interrater agreement for inclusion was calculated using Cohen’s Kappa statistic (Cohen, 1960) and disagreements
between reviewers were resolved with discussion until consensus was reached.
The data extraction was undertaken by the first author and verified by the second author. The following information
was extracted from the selected studies: year of publication, study type (e.g. cross-sectional, longitudinal), study sample
characteristics (gender ratio, age, pathology), employed CR estimates, (M)EEG and/or ECOG technique/paradigm, used
channels, and (M)EEG and/or ECOG outcome measure and results.
Quality Assessment

The quality of the included studies and the risk of bias were assessed with the Newcastle–Ottawa scale (NOS) modified for
case–control and cross-sectional studies (Herzog et al., 2013). The operational definitions and assessment criteria are detailed
in Appendix 2 based on the structure used by Cook and Reed (2015). We adopted the rating system described by McPheeters
and colleagues (2012), which classifies the papers as good, fair, or poor. This approach was previously employed in a similar
systematic review of CR and fMRI by Anthony and Lin (2018).
Results
Study Selection

The initial search yielded 268 studies. The selection process is illustrated in Fig. 1 with the PRISMA flow chart: 63 studies
were extracted from PubMed, 138 from Embase, and 67 from Science Direct. After removing 68 duplicates, the remaining
200 articles were screened by title, abstract, and keywords, applying the inclusion and exclusion criteria. The following 154
articles were excluded: (a) 77 articles that did not include estimates of CR (25), ECOG/(M)EEG (30), or both (22); (b) 4 articles
related to research on animal models; (c) 29 review articles; (d) 21 articles that did not include any original data (e.g., editorials,
opinions, and one protocol article); (e) 22 grey literature that include conference or proceeding abstracts: 21 that did not fulfill
the inclusion criteria and one that was excluded because the peer-reviewed article version was already in the search database;
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and (f) 1 case report. The remaining 46 articles passed to the third stage of analysis. They were fully read for the assessment
of the fulfillment of inclusion criteria. Eleven of the excluded articles concerned CR-related studies that did not use a validated
CR estimate. Nineteen articles were excluded for not relating (M)EEG outcomes to a CR estimate (e.g., instead controlling the
CR levels between groups in an [M]EEG experiment that studies a different independent or dependent variable). The remaining
articles were included giving a final set of 16 articles. The interrater agreement between reviewers was κ = .951.
Study Characteristics

The total sample of the 16 included studies consisted of 1383 participants constituting a heterogeneous and diverse population
(Table 1). Nine studies investigated healthy elderly, comparing elderly women who learned to read in childhood or after their
fifties (Nunes et al., 2009), comparing elderly with high or low CR (López et al., 2014; Martínez et al., 2018; Fleck et al.,
2019; Yang & Lin, 2020), comparing musicians and non-musicians (Moussard et al., 2016), or comparing elderly to young
participants (Speer & Soldan, 2015; Fleck et al., 2017; Gajewski et al., 2020). Two studies considered the moderator effect
of CR on cognition in pathological states in younger adults, with human immunodeficiency virus infection, most commonly
referred to as HIV (Bauer, 2008) or relapsing–remitting multiple sclerosis (RRMS; Sundgren et al., 2015). The five remaining
studies did this in the elderly population: in patients with hepatic encephalopathy (Amodio et al., 2017), aMCI (Gu et al., 2018),
MCI (López et al., 2016), subjective memory complaints (SMC; Babiloni et al., 2020), or elderly undergoing general anesthesia
(Alonso et al., 2019).
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Fig. 1. Flow chart of selected studies for qualitative synthesis according to the PRISMA statement. (Adapted from Moher et al., 2009).

115 HIV-1
seropositive and 70
seronegative
participants, mean
age 39 years, in 8
groups based on VIQ
and FH of substance
abuse or dependence
Seven women who
learned to read after
the age of 50
(ex-illiterates; mean
age 70.86, SD 7.4)
and five women with
regular schooling
(controls; mean age
73, SD 9.6). ‘
21 healthy elderly
who did not differ in
social, cognitive and
physical activities,
nine high-CR (mean
age 67.3, SD
7.4 years) and 12
low-CR (mean age
69.7, SD 6.6 years).
Groups were divided
by CR level
(High-CR cut-off
score: CRI > 5)

25 healthy young
adults (mean age
20.1, SD 2.3 years),
19 nondemented
healthy older adults
(mean age 70.2, SD
5.1 years)

Bauer (2008)

Speer and
Soldan
(2015)

López et al.
(2014)

Nunes et al.
(2009)

Sample
characteristics

Composite of
NART,
vocabulary
subtest of
WAIS-R and
years of
education

CR index (years
of education and
occupational
attainment)

Period (in life) of
school education
(regular or
late-adulthood)

VIQ as obtained
from the KBIT

CR estimate

ERP/Verbal
recognition
memory task with
1, 4, or 7 letters

Cortical brain connectivity/Memory
task (modified
Sternberg’s task)

ERF; hemispheric
asymmetry/auditory word
recognition task

ERP/Stroop
color-word
interference task

(M)EEG
technique/task

EEG:32 Channels
with active
electrodes
(ActiveTwo
electrodes, Biosemi,
NL)

MEG: 148 Channels,
whole head
magnetometer
(MAGNES
2500WH, 4D
Neuroimaging, San
Diego, CA)

MEG: 148 Channels,
whole head
magnetometer
(MAGNES, 2500
WH, 4D
Neuroimaging, San
Diego, CA).

EEG: 32 Channels
tin electrodes
(ElectroCap
International, Eaton,
Ohio)

(M)EEG channels

P3b amplitude and
latency

PLV and PLI in
frequency bands of
4 Hz in the range
between 4 and 44 Hz

Number of sources
of activity over
different brain areas

Average P3
amplitude over
anterior and
posterior areas

Outcome measure

(Continued)

There was increased connectivity (as measured by
PLV and PLI) in the low-CR group compared to the
high-CR group in the theta (4–8 Hz), alpha (8–12 Hz),
beta1 (12–16 Hz), and beta2 (16–20 Hz) frequency
bands. Differences for connectivity between groups in
the theta band were found between fronto-occipital
and parietal-occipital channels located in the RH.
Differences for connectivity between groups in the
alpha band were found between fronto-temporal
channels located in the LH and within occipital
channels. Differences for connectivity between groups
in both beta bands were found between channels
located in both LH and RH and within left temporal
channels. In all cases, higher connectivity was found in
the low-CR group.
Higher CR was associated with smaller changes in P3b
amplitude and less slowing in P3b latency with
increasing task difficulty.

The ex-illiterates group exhibited an equivalent
number of sources of activity between the LH and RH,
due to an increased number of RH sources of activity
in comparison to controls. Additionally, the
ex-illiterates exhibited more sources of activity in the
right inferior frontal gyrus in the timewindow of
150–400 ms after stimulus onset, in comparison to
controls.

There was no relationship between VIQ and P300
average amplitude over either area. However,
HIV/AIDS and a positive FH both reduced anterior
P300 average amplitude. Also, these effects of
HIV/AIDS on anterior P300 average amplitude were
reduced among subjects with a positive FH.

Results
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71 RRMS patients
(mean age 37.9, SD
10 years), 89 healthy
subjects (mean age
38.2, SD 11.5 years)
age, gender- and
education-matched

33 MCI patients (17
women, mean age
73.8, SD 6.5)
followed up during a
2 years period.
Groups were divided
by outcome:
progressive MCI
(pMCI, 12 patients)
or stable MCI
(sMCI,21 patients)
17 older musicians
(mean age 69.9,
range: 59–80 years)
and 17 older
non-musicians (mean
age 69.2, range:
59–80 years)

Sundgren
et al. (2015)

López et al.
(2016)

82 patients with HE
(median age 62,
interquartile range
54–68 years)

90 cognitively normal
adults (mean age
58.51, SD
4.37 years), Groups
were divided by age
and CR level using a
median split

Fleck et al.
(2017)

EEG: 129 Channels
HydroCel (Electrical
Geodesic Inc.)

Coherence for bands:
delta (1–4 Hz), theta
(4–8 Hz), low alpha
(8–10 Hz), high
alpha (10–12 Hz),
beta (12.5–25.5 Hz),
and gamma
(30–50 Hz)

Alterations in MDF
(1–25.5 Hz), PHES
outcome

EEG: 21 Channels
Ag/AgCl, P3-P4

Brain oscillations;
spectral
analysis/eyesclosed resting
state
Brain oscillations;
intra-hemispheric
and mean
coherence/restingstate (eyes open
and closed)

CR index as
measured by
CRIq

Composite of
VIQ as measured
by NART-R and
years of
education

P2, N2, and P3
amplitudes and
latencies

Normalized spectral
power in delta
(1.5–4 Hz), theta
(4–8 Hz), alpha
(8–12 Hz),
beta1(12–20 Hz),
and beta2
(20–30 Hz)
frequency bands

P3 amplitude,
latency, and reaction
time

Outcome measure

EEG: 64 Channels
AG/AgCL Channel,
Biosemi, NL

MEG: 306 Channels,
whole head
magnetometer
(Vectorview system,
ElektaNeuromag)

EEG: 23 Channels
AG/AgCl (Nervus
Digital Equipment
Cephalon, DK).

(M)EEG channels

ERP/visual
go/no-go task

Brain oscillations;
source
reconstruction and
spectral
analysis/resting
state, eyes-closed

ERP/choice
reaction time task
(visual and
auditory)

(M)EEG
technique/task

Years of musical
practice

Two CR proxies:
education level
and occupational
attainment

Years of
education and
vocabulary
knowledge based
on Swedish
Dureman–Salde
test, separately

CR estimate

(Continued)

Global coherence differences were found between age
groups for left- versus right- hemisphere connectivity
and between CR groups for eyes-closed versus
eyes-open. Younger participants with lower CR
exhibited greater EEG coherence than younger
participants with higher CR, whereas older
participants with higher CR demonstrated greater
coherence than older participants with lower CR.

The P2 did not show any association with the group
condition neither by amplitude nor latency. Musicians
exhibited a larger N2-effect (no go minus go
amplitude), which was due to a reduction in the go N2
amplitude and not to an increase in the no-go N2
amplitude. No effect was found for latency. Both
groups exhibited a P3 effect, but the distribution of this
effect was more frontal in musicians and more parietal
in non-musicians. In the musicians, the anterior P3
effect correlated with years of musical practice.
The CRIq score correlated with the PHES as a
measure of cognitive performance, but not with EEG
speed as expressed in the MDF. The ratio between
PHES and MDF did increase with the CRIq score.

High P3 amplitude and short RT were associated with
better cognitive performance, particularly in patients.
In contrast, the association between cognitive scores
and CR was similar in patients and controls. P3
amplitude and RT explained considerable variance in
global cognitive performance in a hierarchical linear
regression model. This effect was not modulated by
CR.
The pMCI group showed higher theta and lower beta2
power in comparison to the sMCI group. Occipital
theta power was a significant predictor for conversion
to AD in a hierarchical linear regression model. CR
proxies did not contribute to the prediction of
conversion to AD.

Results
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Amodio
et al. (2017)

Moussard
et al. (2016)

Sample
characteristics

Author/year

Table 1. Continued
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20 healthy elderly
who did not differ in
social, cognitive and
physical activities, 12
low-CR (mean age
69.7, SD 6.6 years)
and eight high-CR
(mean age 67.3, SD
7.4 years). Groups
were divided by CR
level (high-CR cut-off
score: CRI > 5)
54 elderly (mean age
69.5, SD 7.4 years)

Martínez
et al. (2018)

Fleck et al.
(2019)

104 healthy adults
(mean age 56.59, SD
7.55 years; 76
women). Groups were
divided by CR level
using median split

85 elderly, of which
39 aMCI (mean age
71.28, SD 5.98 years)
and 46 controls
(mean age 70.17, SD
5.63 years)

Gu et al.
(2018)

Composite of
word reading
ability from
WRAT and
vocabulary
subtest of WAIS
CR based on
principal factor
analysis of
GAMA, SNI,
LPAQ and CRIq
questionnaires
resulting in
cognitive, social,
and exercise
lifestyle factors

CR index
(education level
and occupational
attainment)

Composite of
CRIq subscores
and VIQ as
measured by
WAIS-RC

CR estimate

Cortical brain
connectivity;
source
reconstruction
using
eLORETA/resting
state (eyes open
and closed)

Brain
oscillations/awake
resting-state and
under anesthesia

Cortical brain connectivity/memory
task (modified
Sternberg’s task)

ERP/N-Back (0,1).

(M)EEG
technique/task

EEG: Two
left-frontal channels
AG/AgCl; Fz (Fpz or
AFz) ground, F3 (or
AF3) and F7 (FT9 or
F9)
EEG: 129 Channels
HydroCel Geodesic
Sensor Net
(Electrical
Geodesics Inc.)

MEG: 148 Channels,
whole head
magnetometer,
(MAGNES
2500WH, 4D
Neuroimaging, San
Diego, CA)

EEG: 64 Channels
AG/AgCl (Brain
Products, DE),
CP1,CPz, CP2, P1,
Pz, P2

(M)EEG channels

Local and
long-range LLC for
delta (1–4 Hz), theta
(4-8 Hz), low alpha
(8–10.5 Hz), high
alpha (10.5–13 Hz),
low beta (13–20 Hz),
high beta
(20–30 Hz), and
gamma (30–45 Hz)
frequency bands

Bispectral index™
BIS score

Graph metrics (six
parameters) and
dynamical
connectivity metrics
(entropy and
complexity) derived
from connectivity
networks based on
synchronization
likelihood

P3 mean amplitude,
latency, reaction
time, and accuracy

Outcome measure

(Continued)

High social CR was related to greater local and
long-range connectivity in theta and low alpha for
eyes-open and eyes-closed conditions. In contrast,
high cognitive CR was associated with greater
eyes-closed low alpha long-range connectivity
between the occipital lobe and other cortical regions.
Additionally, in men with high cognitive CR, greater
eyes-closed delta local LLC was found, while women
exhibited higher low beta local and long-range LLC.

Higher CR levels reduced neural inefficiency
(calculated as the ratio between task-related neural
processing (P300 amplitude/latency change with
respect to task load) and task performance) in controls
only, which might be related to better performance
(accuracy and reaction time) in this group. There was
no correlation between CR and neural inefficiency in
the aMCI group, but they did exhibit better
performance with higher CR.
The most important findings related to CR were the
following: at the node-level, eigenvector centrality was
higher in the low-CR group over left-temporal and
occipital areas and in the high-CR group over the
central area. Conversely, the within-module degree
was higher in the high-CR group over temporal and
occipital areas and in the low-CR group over central
areas. At the network level, the low-CR group
exhibited higher network outreach than the high-CR
group, indicating more long-range connections for the
low-CR group. Dynamically, higher CR was associated
with lower entropy and higher complexity levels.
The EEG intra-individual variability calculated as the
squared deviation from the mean BIS value, correlated
negatively with the CR estimate.

Results
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Alonso et al.
(2019)

Sample
characteristics

Author/year

Table 1. Continued
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118 elderly with
SMC and amyloid
negative (SMCneg;
mean age 75.7, SE
0.3 years) and 54
amyloid positive
(SMCpos; mean age
76.6, SE 0.4 years).
Subgroups were
stratified by CR level
(low–moderate/high)
246 healthy
participants grouped
by age (young,
middle-aged and
elderly). Elderly
participants
subdivided by
performance at a
Stroop task (old low,
middle and high
performers)
41 healthy
participants between
the ages of 48 and
76 years old, divided
by groups of low-CR
(20, 12 women, mean
age 65.75, SD 6.43)
and high-CR (21, 13
women, mean age
63.03, SD 7.71)

Babiloni
et al. (2020)

Modified CRIq

IQ measured by
the MWT-B,
education level,
use of foreign
language

Education level

CR estimate

ERF and brain
oscillations;
machine
learning/resting
state (eyes closed)
and n-back task
(n = 0, 1, 2)

ERP/Stroop task

Brain oscillations;
spectral power
analysis/resting
state (eyes closed)

(M)EEG
technique/task

MEG: 306 Channels,
whole-head
magnetometer, MEG
system (Neuromag
TRIUX, Elekta,
Stockholm,
Sweden).

EEG: 32 Channels
AG/AgCL Channel,
Biosemi, NL

EEG: 256 Channels
EGI system
(Electrical Geodesics
Inc. Eugene, OR).

(M)EEG channels

M300 intensity and
latency, average
power per frequency
band, hemispheric
asymmetry,
accuracy, reaction
time, and SVM
classification
accuracy

CNV and P2/N2
amplitudes at FCz

Resting state EEG
power density in
individually
determined alpha
frequency bands, as
well as beta 1
(13–20 Hz), beta 2
(20–30 Hz), and
gamma (30–40 Hz)
bands.

Outcome measure

The high-CR group had higher accuracies and faster
reaction times on the task. The low-CR group showed
higher M300 intensities in the left occipital region but
similar M300 latencies in comparison to the high-CR
group. The high-CR group showed higher beta power
in the parietal and occipital regions during the n-back
task, and higher gamma power in the right temporal
region during resting state. The low-CR group
exhibited positive gamma asymmetry values in the
occipital region in the resting state whereas the
high-CR group exhibited negative values. Positive
asymmetry values indicate higher activity level in the
right hemisphere. The SVM classifier built using the
MEG information as features for discriminating
between the CR groups achieved a mean accuracy of
88.89%.

The old high-performance group exhibited a larger
CNV than old low- and old middle-performance
groups. The old high-performance group also
exhibited larger P2/N2 amplitudes than the old
low-performance group.

SMCneg, high-CR participants had higher amplitude
of posterior alpha rhythms, while SMCpos, high-CR
participants had higher amplitude of temporal alpha
rhythms and lower amplitude of posterior alpha
rhythms, both compared to low–moderate-CR
participants.

Results
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Note: AD, Alzheimer’s disease; aMCI, amnestic mild cognitive impairment; AUC, area under the curve; BIS, bispectral index; CNV, contingent negative variation; CR, cognitive reserve; CRI, (composite)
Cognitive Reserve Index; CRIq, Cognitive Reserve Index questionnaire; eLORETA, exact low-resolution brain electromagnetic tomography; ERF, event-related field; ERP, event-related potential; FH,
familial risk; GAMA, general ability measure for adults; GFP, global field power; HE, hepathic encephalitis; HIV, human immunodeficiency virus; IQCODE, informant questionnaire of cognitive
decline in the elderly; KBIT, Kaufman Brief Intelligence Test; LH, left hemisphere; LLC, lagged linear connectivity; LPAQ, Lifetime Physical Activity Questionnaire; MDF, mean dominant frequency;
MWT-B, multiple-choice word test; NART(−R), National Adult Reading Task (−Revised); PLI, phase lag index; PLV, phase locking value; PHES: psychometric hepatic encephalopathy score; RH, right
hemisphere; RRMS, relapsing–remitting multiple sclerosis; SCD, subjective cognitive decline; SMC, subjective memory complaint; SNI, Social Network Index; SVM, support vector machine; VIQ,
verbal intelligence quotient; WAIS-R, Wechsler Adult Intelligence Scale—Revised; WAIS-RC, Wechsler Adult Intelligence Scale—Chinese revision; WASI, Wechsler Abbreviated Scale of Intelligence;
WRAT, Wide Range Achievement Test.

Yang and
Lin (2020)

Gajewski
et al. (2020)

Sample
characteristics

Author/year

Table 1. Continued
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Neural Correlates of (M)EEG and CR

We summarize results by event-related and brain oscillation studies.
Event-related studies. ERPs and ERFs measure the brain response to a specific sensory, cognitive or motor event or stimulus
using EEG and MEG, respectively. The resulting ERP/ERF waveforms are typically discussed and interpreted in terms of their
constituting components. A component represents electrical activity that is generated by a cortical area engaged in a specific
computational operation. The P2/M2 is an early EEG/MEG component that is thought to represent higher-order perceptual
processing, modulated by attention, while the P3/M3 EEG/MEG component is related to higher-order cognitive functioning
such as categorization, working memory, and integration (Gahni et al., 2020).
P2/N2 components. The P2 positive deflection is always followed by an N2 negative deflection and the two are typically
discussed in conjunction as the P2/N2 complex. Two studies reported results on the P2/N2 complex (Moussard et al., 2016;
Gajewski et al., 2020). The first study (Moussard et al., 2016) reported results on the P2 and N2 components as resulting
from a go/no-go task performed by older (non)musicians. The go/no-go N2 effect is related to two cognitive functions: correct
initiation of behavioral response and inhibition (Hoyniak, 2017). The P2 did not differ between musicians and non-musicians,
neither by amplitude nor latency. However, musicians exhibited a larger so-called ‘‘N2-effect,” that is, the difference in the
no go and the go N2 amplitude, which was due to a reduction in the go N2 amplitude and not to an increase in the no-go N2
amplitude. No effect was found for latency. The second study (Gajewski et al., 2020) reported P2/N2 and contingent negative
variation (CNV) amplitudes as resulting from a Stroop task performed by healthy individuals. In the context of the Stroop task,
the CNV is associated with preparation or “readiness” for task performance, perceptual optimization, and sensorimotor timing
error correction (Jang et al., 2016; Kononowicz & Penney, 2016) and P2/N2 amplitudes are associated with response selection
processes. In the scalp EEG, the CNV is seen as a slow negative deflection following a preparatory stimulus that resolves to
baseline when the action or second stimulus occurs (Kononowicz & Penney, 2016). In this study, the participants were grouped
by age (young, middle-aged, and elderly) and the elderly group was further subdivided by performance level in the Stroop task
(old low, middle, and high performers). They found that both the CNV and P2/N2 complex were larger in the old high than low
performers and similar to the younger groups. No effect for latency was found.
P3 component. From the five included studies that analyzed the P3, three studies found a significant association with CR
estimates or CR group conditions (Speer & Soldan, 2015; Moussard et al., 2016; Gu et al., 2018). In the study eliciting a
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Regarding the modality of acquisition, ECOG or (M)EEG, the most common modality was EEG (n = 11), followed by
MEG (n = 5). No studies relating ECOG measures to a CR estimate were found. Regarding (M)EEG techniques, eight studies
used event-related potential (ERP)/event-related field (ERF) techniques mainly focusing on the M/P2 or M/P3 components,
as obtained from a go/no-go (Moussard et al., 2016), a Stroop color-word interference (Bauer, 2008; Gajewski et al., 2020), a
verbal recognition memory (Speer & Soldan, 2015), a choice reaction (Sundgren et al., 2015), an auditory word recognition
(Nunes et al., 2009), a 1-back (Gu et al., 2018), or an N-back task (Yang & Lin, 2020). Six studies investigated brain rhythms in
continuous EEG (n = 4) or MEG (n = 2) that were obtained during eyes-closed resting state (López et al., 2016; Amodio et al.,
2017; Babiloni et al., 2020; Yang & Lin, 2020) and eyes open (Fleck et al., 2017) or during anesthesia (Alonso et al., 2019).
Note that one of the studies (Yang & Lin, 2020) used both ERFs and brain rhythms to identify features for a machine learning
algorithm. The three remaining studies investigated brain connectivity in continuous EEG during eyes-open and eyes-closed
resting states (Fleck et al., 2019) or in MEG data obtained during a modified Sternberg’s task (López et al., 2014; Martínez
et al., 2018).
Concerning the used estimates of CR, most of the studies in this review used more than one measure of premorbid IQ either
combined to form a single composite score (López et al., 2014; Sundgren et al., 2015; Fleck et al., 2017; Gu et al., 2018;
Martínez et al., 2018; Alonso et al., 2019; Fleck et al., 2019) or non-combined (López et al., 2016; Gajewski et al., 2020),
most frequently (different measures of) verbal IQ (VIQ) and years of education. VIQ is a score measuring acquired knowledge,
verbal reasoning, and attention to verbal materials. One study exclusively used VIQ (Bauer, 2008) and one study exclusively
used education level (Babiloni et al., 2020) as an estimate of CR. Only three studies (Amodio et al., 2017; Gu et al., 2018; Yang
& Lin, 2020) employed a specific questionnaire for CR evaluation, namely the CRIq (Nucci, et al., 2012), which calculates a
composite CR index (CRI). One study explored the specific effect of the period of school education (regular or late adulthood)
on brain activity (Nunes et al., 2009). One final study (Moussard et al., 2016) explored the specific effect of years of musical
practice as a special estimate of CR in elderly while controlling for age and years of education.
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M3 component. Two MEG studies measured the M3 component as elicited by a 2-back task (Yang & Lin, 2020) or an auditory
word recognition task (Nunes et al., 2009), respectively.
In the study of Nunes and colleagues (2009), women who learned to read at different stages of their lives (during childhood,
defined as the control group and after their fifties, defined as ex-illiterates), performed an auditory word recognition task.
A method employing equivalent current dipoles was used to identify the sources of activity underlying the observed ERFs.
The ex-illiterates showed less brain functional asymmetry than controls, having an equivalent number of sources of activity in
both hemispheres, whereas, also in comparison to controls, they presented a larger number of sources of activity in the right
hemisphere between 150 and 400 ms after stimulus onset while performing similarly.
Yang and Lin (2020) studied healthy participants between the ages of 48 and 76 years old, grouped by estimated CR level
(high or low). The high-CR group had better performance (higher accuracy and shorter reaction time) and lower M3 intensities
in the left occipital region in comparison to their low-CR counterparts. However, no differences were found for M3 latencies.
This study also analyzed brain oscillations measured during eyes-closed resting state and task performance as discussed in the
next sections.
Brain oscillation studies. Brain oscillation studies typically measure aspects of ongoing brain activity, often during (eyesopen or -closed) resting state, but also during task execution. The most suited way to analyze brain oscillations is by spectral
(or Fourier) analysis at sensor, source, or network level, the latter resulting in connectivity analyses. One such measure of
connectivity is coherence, which, both in EEG and MEG, reflects the synchronization of neural brain rhythms at different
frequencies (Bowyer, 2016). It is possible to analyze changes in brain oscillations in relation to specific events in time by
so-called time-frequency analyses, but such studies were not identified in our search. For more details about best practices in
(M)EEG data analysis, see Pernet and colleagues (2020).
Power spectral analyses. The four EEG studies on brain oscillations (Amodio et al., 2017; Fleck et al., 2017; Alonso et al.,
2019; Babiloni et al., 2020) all exploited resting-state paradigms. In patients with hepatic encephalopathy (Amodio et al., 2017),
the CR estimate (CRIq score) correlated with the psychometric hepatic encephalopathy score (PHES) as a measure of cognitive
performance, but not with EEG speed as expressed in the mean dominant frequency (MDF). However, the ratio between PHES
and MDF did increase with the CRIq score. In elderly with SMC grouped by amyloid status and stratified by CR level (Babiloni
et al., 2020), having amyloid negative status and higher estimated CR was associated with higher amplitude of posterior alpha
rhythms. In contrast, having amyloid positive status and higher estimated CR was associated with higher amplitude of temporal
alpha rhythms and lower amplitude of posterior alpha rhythms. In healthy participants divided by median split based on age
and estimated CR level (Fleck et al., 2017) a significant interaction between estimated CR and age with mean coherence was
found for all frequency bands (delta, theta, low alpha, high alpha, beta, and gamma). Higher mean coherence was found in

Downloaded from https://academic.oup.com/acn/advance-article/doi/10.1093/arclin/acaa132/6125153 by University Library user on 10 February 2021

P3 from a verbal recognition memory task with three levels of difficulty (Speer & Soldan, 2015), higher estimated CR was
associated with smaller changes in P3b amplitude and less slowing in P3b latency with increasing task difficulty. The P3 effect
elicited from a go/no-go task in elderly (non)musicians (Moussard et al., 2016), differed between the groups. Although both
groups exhibited a P3 effect (no-go relative to go amplitude), the distribution of this effect was more frontal in musicians and
more parietal in non-musicians. In the musicians, the anterior P3 effect correlated with the total amount of musical instruction
throughout life (as an estimate of CR). Finally, using an N-Back working memory task with two levels in aMCI elderly and agematched controls, Gu and colleagues (2018) found that higher estimated CR reduced neural inefficiency scores in controls only,
which might be related to better performance in this group. Here, neural inefficiency scores were calculated as the ratio between
task-related neural processing (P300 amplitude/latency change with respect to task load) and task performance (accuracy slope,
accuracy intercept, RT slope−1, and RT intercept−1). Even though there was no correlation between estimated CR and neural
inefficiency in the aMCI group, they did exhibit better performance with higher CR.
Two of the five ERP studies that investigated the P3 component found no significant association with CR estimates or CR
group conditions (Bauer, 2008; Sundgren et al., 2015). In the study of Bauer (2008), the frontal P3 that was elicited by a Stroop
color-word interference task was lower in participants with a familial history of substance abuse independent of the effect of
seropositivity. The frontal and parietal P3 amplitude did not depend on the CR estimate (VIQ), however. In the study of Sundgren
and colleagues (2015), where RRMS patients and controls performing a choice reaction time task were compared, no association
was found between P3 characteristics and the CR estimate. Also, when the P3 amplitude and reaction time were incorporated
into a predictor model of cognitive performance, they constituted the strongest predictors, together explaining over 34% of the
variance, but this effect was not modulated by estimated CR.
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Connectivity analyses. One study investigated brain connectivity in continuous EEG during resting state (Fleck et al., 2019)
in both eyes-open and eyes-closed conditions. They found that high estimated CR was associated with higher long-range
lagged linear connectivity (LLC) between the occipital lobe and other cortical areas for low alpha in the eyes-closed condition.
Additionally, men with high estimated CR had higher local LLC in the delta band than women with high estimated CR in the
eyes-closed condition.
The remaining two studies studied brain connectivity during a modified Sternberg’s task using MEG (López et al., 2014;
Martínez et al., 2018). López and colleagues (2014) investigated healthy elderly grouped by estimated CR level. Phase locking
value (PLV) and phase lag index (PLI) were calculated to assess cortical brain connectivity in different frequency bands. They
found increased connectivity in the low-CR group compared to the high-CR group in the theta (4–8 Hz), alpha (8–12 Hz), beta1
(12–16 Hz), and beta2 (16–20 Hz) frequency bands. Additionally, the low-CR group had higher theta band connectivity between
fronto-occipital and parietal-occipital channels in the right hemisphere. In the left hemisphere, the low-CR group showed higher
alpha connectivity between fronto-temporal channels, as well as within occipital channels. Furthermore, in both beta bands, the
low-CR group exhibited higher connectivity between channels located in both hemispheres and within left temporal channels.
Lastly, Martínez and colleagues (2018) used both graph metrics and dynamical connectivity metrics to investigate brain
connectivity in healthy elderly performing the modified Stenberg’s task performance, grouped by estimated CR level (low/high).
They found differences at the node level, at the network level and for dynamical connectivity between the CR groups. At the
node level, eigenvector centrality was higher in the low-CR group over left-temporal and occipital areas and in the high-CR
group over the central area. Conversely, the within-module degree was higher in the high-CR group over temporal and occipital
areas and in the low-CR group over central areas. At the network level, more long-range connections were found in the low-CR
compared to the high-CR group. Dynamically, higher estimated CR was associated with lower entropy and higher complexity.
Quality Assessment

The results of the quality assessment for all 16 included studies are shown in Table 2. Regarding the selection domain, all
studies documented the selection process and the population under study. However, none described a prior power calculation
for sample size estimation. Regarding the outcome domain, all studies extensively documented their experimental (M)EEG
paradigms, measurement techniques, and pre-processing procedures in the (M)EEG pipeline, except for Alonso and colleagues
(2019) who used the Bispectral index™ (BIS) monitor, which does not allow insight in detailed analysis procedures. However,
the BIS is a validated neurophysiological measure to assess hypnotic components during anesthesia (Johansen, 2006). Overall,
the statistical rationale and tests in the selected studies were well documented and transparent. Regarding the comparability
domain, the most important factor to control was the demographics of the sampled groups, which was well done in the majority
of the studies. In addition, most studies employed composite scores derived from more than one CR estimate, except Bauer
(2008) who only used one validated form of estimated CR, and Babiloni et al. (2020), who only employed education level.
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younger participants with lower estimated CR in comparison to younger participants with higher estimated CR, whereas in
contrast mean coherence was higher in elderly with higher estimated CR than in elderly with lower estimated CR. Additionally,
in healthy elderly under general anesthesia for knee surgery (Alonso et al., 2019), intra-individual EEG variability as obtained
from the bispectral index (BIS) EEG value correlated negatively with premorbid estimated CR. The BIS is computed from the
bispectrum (Sigl & Chamoun, 1994); it is defined as a proprietary nonlinear single variable that is based on a large volume
of clinical data correlating behavioral and EEG assessments and gives a single dimensionless number, which ranges from 0
(equivalent to EEG silence) to 100, as an indicator of the anesthesia level (Kissin, 2000).
Both MEG studies on brain oscillations used eyes-closed resting state paradigms (López et al., 2016; Yang & Lin, 2020).
Yang & Lin (2020) used an N-back paradigm to evaluate brain oscillations, as well. In the study of López and colleagues
(2016), elderly MCI patients were followed up during 2 years and then divided into progressive MCI (pMCI) and stable MCI
(sMCI) groups. The pMCI group showed higher theta and lower beta2 (20–30 Hz) power values in comparison to the sMCI
group. However, no differences in CR estimates were found between groups and CR estimates did not correlate with beta power
values. The best hierarchical linear regression model included occipital theta power as a predictor for conversion to AD, whereas
estimated CR did not contribute to the prediction.
Finally, in healthy participants grouped by estimated CR level (Yang & Lin, 2020), higher estimated CR was associated with
higher gamma MEG power in the right temporal region during eyes-closed resting state. Additionally, lower estimated CR was
associated with positive gamma asymmetry in the occipital region, that is, higher activity level in the right occipital hemisphere,
while higher estimated CR was associated with negative gamma asymmetry. While attending to a 2-back task, the high-CR
group exhibited higher beta power intensity in the parietal and the occipital regions.
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Table 2. Modified Newcastle–Ottawa quality assessment scale for included studies
Reference

Case–control
Case–control
Cross-sectional
Cross-sectional
Case–control
Case–control
Case–control
Cross-sectional
Cross-sectional
Case–control
Cross-sectional
Cross-sectional
Cross-sectional
Cross-sectional
Cross-sectional
Cross-sectional

Selection (++++)

Comparability (++)

Outcome (++++)

Quality

++++
++
+++
+++
+++
++++
+++
+++
+++
++++
+++
+++
++++
+++
+++
+++

++
++
++
++
++
++
+
++
++
++
++
++
++
++
++
+

++
++++
++++
++++
+++
++
++
+++
+++
++
++++
+++
++++
++++
++++
+++

Good
Fair
Good
Good
Good
Good
Fair
Good
Good
Good
Good
Good
Good
Good
Good
Good

Note: Each (+) represents one point. Good quality: Minimum of 3(+) on selection domain, 1(+) in comparability domain, and 2(+) in outcome domain. Fair
quality: Minimum of 2(+) on selection domain, 1(+) on comparability domain, and 2(+) in outcome domain. Poor quality: Minimum of 1(+) point on selection
domain. Rating system based on McPheeters and colleagues (2012).

Additionally, Moussard et al. (2016) studied the specific effect of years of musical practice as a special estimate of CR in elderly
while trying to control for age and years of education, making it the first EEG study with this specific approach to estimating
CR. The study quality was rated lowest (‘‘Fair”), mainly because the groups were not fully comparable on years of education.
Finally, Nunes et al. (2009) compared two groups who differed in the period in life in which they received their education; this
study also received a “Fair” assessment because of the small group sizes. The other 14 studies obtained a “Good” rating.
Discussion

In this systematic review, we identified 11 EEG, 5 MEG, and 0 ECOG studies (from an original set of 268 articles) that
relate (M)EEG or ECOG measures to CR estimates and summarized their results. With our approach, we add considerably to
the knowledge obtained on the relation between EEG measures and CR estimates published in a recent rapid review (Šneidere
et al., 2020). We found that although relations between (M)EEG measures and CR estimates have been identified, the presence
and character of this relationship are highly variable and depend on the population and task that were studied and on the analysis
technique that was employed. Even though ECOG measures were not yet related to CR estimates, ECOG still remains a potential
candidate for future research in this domain as, among the techniques considered here, it measures electrical brain activity most
directly. However, due to its invasive nature, it will always be limited to specific populations, such as epilepsy patients eligible
for brain surgery.
To summarize results qualitatively, we distinguished between analyses of event-related (potentials, ERPs; fields, ERFs) and
brain oscillatory measures (power spectral and connectivity analyses). Concerning the ERP studies, characteristics of the N2/P2
(Moussard et al., 2016; Gajewski et al., 2020) and the P3 (Speer & Soldan, 2015; Moussard et al., 2016; Gu et al., 2018)
ERP components were found to be related to CR estimates, but only within healthy participants. Moussard and colleagues
(2016) found that older musicians exhibited a larger N2-effect and a similar, but more anteriorly distributed P3-effect than
older non-musicians during a go/no-go task. The larger N2-effect was due to a reduction in the go N2 amplitude and not to an
increase in the no-go N2 amplitude. According to Moussard and colleagues (2016), this might mean that musicians are more
efficient at deploying inhibitory control, with less “inappropriate” inhibition during go-trials. In the musicians, the anterior
P3 effect correlated with total amount of practice, and the authors suggest that this more anterior shift in musicians could
therefore reflect successful compensation. Similarly, Gajewski and colleagues (2020) found that healthy elderly who achieved
high performance at a Stroop task exhibited larger P2/N2 and CNV amplitudes, in comparison to elderly in the lower performance
groups. Additionally, the performance level of elderly high-performers was similar to the younger groups. Furthermore, higher
task performance was associated to higher CR as reflected in higher level of education, usage of foreign languages and higher IQ.
This suggests that elderly in the high performers group engaged more neural resources than elderly in other groups to perform
the task, indicating a successful compensatory mechanism, fitting with the idea of higher levels of estimated CR co-existing
with more adaptable functional brain processes (Stern, Arenaza-Urquijo, et al., 2018). Finally, higher estimated CR was also
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Bauer (2008)
Nunes et al. (2009)
López et al. (2014)
López et al. (2016)
Speer and Soldan (2015)
Sundgren et al. (2015)
Moussard et al. (2016)
Amodio et al. (2017)
Fleck et al. (2017)
Gu et al. (2018)
Martínez et al. (2018)
Alonso et al. (2019)
Fleck et al. (2019)
Babiloni et al. (2020)
Gajewski et al. (2020)
Yang and Lin (2020)

Design
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associated with smaller changes in P3 amplitude and latency with increasing task difficulty during a verbal recognition memory
task in young and healthy older adults (Speer & Soldan, 2015) and with reduced neural inefficiency, as derived from P3 amplitude
and latency during an N-back task in healthy elderly (Gu et al., 2018). Hence, these four studies all support that P2/N2 and P3
ERP component properties during inhibition and working memory tasks are related to estimates of CR in healthy adults.
However, no such relationship was found in the ERP studies with HIV-1 seropositive (Bauer, 2008), RRMS (Sundgren et al.,
2015), or aMCI patients (Gu et al., 2018). It remains unclear why such a relationship was not found in these patient studies,
where one may expect the pathology to affect brain functioning, making CR potentially more relevant to maintain adequate
performance. Therefore, one would expect a similar and possibly even clearer relationship between CR estimates and ERP
component amplitudes, in particular P3 amplitude (e.g., Polich, 2007), in patients compared to healthy persons. One explanation
may be that other factors affect P3 characteristics to such an extent that the modulating effect of CR is no longer visible. For
example, in the study by Bauer (2008), a history of substance abuse lowered the frontal P3 that was elicited by a Stroop colorword interference task independent of the effect of HIV-1 seropositivity. Another possibility is that the specific EEG measure is
not sensitive to changes in CR in the patient group under study. For example, aMCI patients did exhibit better performance with
higher CR, although there was no direct correlation between estimated CR and neural inefficiency (Gu et al., 2018). Finally, it
may be that the patient populations under study had other general characteristics than the healthy participants, precluding finding
any relationships between estimated CR and neural correlates. This could be due to, on the one hand, stricter inclusion criteria
being applied in patient populations and, on the other hand, broader sampling of education level, where healthy volunteers are
typically higher educated. That the absence of results is due to the studies being underpowered, seems unlikely, as some of the
largest studies in this review are patient studies (Bauer, 2008 [N = 185]; Sundgren et al., 2015 [N = 160]; Babiloni et al., 2020
[N = 172]; with the latter study being the only patient study establishing a relationship).
Regarding the two studies relating ERF measures to CR estimates in healthy elderly (Nunes et al., 2009; Yang & Lin,
2020), both found differences in the interhemispheric distribution of brain activity when comparing high and low estimated
CR participants. Nunes et al. (2009) found more symmetric brain activity in ex-illiterate women in comparison to women
that learned to read during childhood (control group) during a word recognition task. In detail, the ex-illiterate group recruited
resources from both hemispheres equally, effectively by increasing their activity in the right hemisphere, compared to the control
group. Considering that both groups performed similarly on the task, these results were interpreted by the authors as a more
efficient pattern of neural resource recruitment for task performance in the control group, whereas the ex-illiterates relied on
compensatory recruitment of additional neural resources to maintain task performance. This is in line with the “hemispheric
asymmetry reduction in older adults model” or HAROLD model (Cabeza, 2002). In the study of Yang and Lin (2020), the
M3 component was elicited in healthy participants by an N-back task with three levels. Their higher-CR group achieved better
performance in comparison to the lower-CR group, with lower M3 intensities in the left occipital region, while M3 latencies
were similar. These findings support more efficient recruitment of neural resources for participants with higher CR.
Mostly, both in the ERP and ERF studies discussed above, the identified relationships between CR and neural correlates
indicated that participants with higher CR recruited more brain resources resulting in better performance, evidencing successful
compensation mechanisms. One study (Yang & Lin, 2020) provided evidence for more efficient recruitment of neural resources.
Why these relationships were only observed in healthy participants and not in patients cannot be fully explained from the studies
discussed here.
In the four studies relating oscillatory EEG measures to CR estimates (Amodio et al., 2017; Fleck et al., 2017; Alonso et al.,
2019; Babiloni et al., 2020), significant relationships were again mainly established in healthy participants. Higher mean EEG
coherence was found in younger participants with lower estimated CR compared those with higher estimated CR, whereas in
contrast mean coherence was higher in healthy elderly with higher estimated CR compared to those with lower estimated CR
(Fleck et al., 2017). This suggests a shift in the relationship between brain connectivity and estimated CR with age. In healthy
elderly under general anesthesia for knee surgery (Alonso et al., 2019) intra-individual EEG variability as obtained from the
bispectral index (BIS) EEG value correlated negatively with premorbid estimated CR. As higher EEG variability according to
this measure is associated with brain pathology and degeneration, this relationship confirms that higher premorbid estimated
CR reflects better brain functioning. Amodio and colleagues (2017) investigated a population of patients with HE and did not
find a direct association between estimated CR and EEG measures. However, the ratio between the cognitive performance
(PHES score) and EEG speed (MDF) did increase with estimated CR (CRIq score), indicating that the mismatch between
cognitive and neurophysiological measures increased with estimated CR. The only EEG study on brain oscillations that found
a significant relationship with estimated CR in patients was performed by Babiloni and colleagues (2020) in elderly with SMC.
In this study, individuals with negative amyloid status and higher estimated CR exhibited higher posterior alpha amplitudes
whereas individuals with positive amyloid status and higher estimated CR exhibited higher temporal and lower posterior alpha
amplitudes, compared to individuals with lower estimated CR. The posterior EEG alpha in resting state progressively reduces
with aging, which is linked to fiber deterioration of the cholinergic projections (Babiloni et al., 2009; Wan et al., 2019). According
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to Babiloni et al. (2020), this suggests that compensatory and neuroprotective mechanisms are in place in the positive amyloid
status, high-CR group, where additional neural resources seem to be recruited in the temporal regions.
In the two studies relating oscillatory MEG measures to CR estimates (López et al., 2016; Yang & Lin, 2020), a significant
relationship between CR estimates and neural correlates was again only established in healthy participants. Yang & Lin (2020)
investigated healthy elderly and found that the high-CR group exhibited higher gamma power in right temporal regions during
resting state, and higher beta power in the parietal and occipital regions during an N-back task, while performing better than
the low-CR group. This suggests that increased beta activity reflects compensatory brain activity in healthy elderly. In the
study of López and colleagues (2016), CR estimates did not correlate with beta power neither in stable nor progressive MCI
patients.
The three remaining M(EEG) studies on brain oscillations used brain connectivity analysis on EEG (Fleck et al., 2019) and
MEG data (López et al., 2014; Martínez et al., 2018). All found significant associations between brain connectivity measures
and CR estimates. Higher estimated CR was associated with higher long-range LLC in low alpha between the occipital lobe and
different cortical regions during eyes-closed resting state (Fleck et al., 2019), confirming the role of alpha oscillations in CR
identified by Babiloni et al., (2020). In the same study and condition, men in the high-CR group exhibited increased local and
long-range LLC in the delta band. Given that delta activity during eyes closed progressively reduces with aging (Barry et al.,
2007; Barry & De Blasio, 2017), this suggests that the delta activity level in men might represent a suitable marker for aging
brain functioning.
The other two MEG studies on brain connectivity used a modified Sternberg’s task in healthy elderly (López et al., 2014;
Martínez et al., 2018). López and colleagues (2014) suggested that the low-CR group had to make a greater “effort” than the highCR group to perform the same task, as reflected by increased brain connectivity in the alpha and beta bands in the left hemisphere
and in the theta band in the right hemisphere. This apparent compensation mechanism was further explored in a follow-up study
from the same group, by Martínez et al. (2018), who used a similar task and population to investigate topological and dynamical
properties of brain networks. They found that higher estimated CR was associated with lower entropy and higher complexity
levels. According to the authors, this may suggest that the low-CR group exhibited a dual pattern of, again, compensation
and furthermore network impairment, since performing the task was more energetically costly for them than for the high-CR
group.
Although EEG and MEG have better temporal than spatial resolution, it is still interesting to compare (global) localization
of neural correlates of CR for these neurophysiological techniques to localization of fMRI activations as described in Colangeli
and colleagues (2016) and Anthony and Lin (2018; see Introduction). Of the 16 studies reviewed here, four MEG studies (Nunes
et al., 2009; López et al., 2014; Martínez et al., 2018; Yang & Lin, 2020) and three EEG studies (Moussard et al., 2016; Fleck
et al., 2019; Babiloni et al., 2020) provide some form of regional localization of the (M)EEG measures that are related with
CR estimates. As may be expected given the variety of results described in these studies, localizations also vary, but there are
some communalities across studies. Refraining from reiterating all results, differences in (M)EEG measures between high- and
low-CR groups seem to be more often found in occipital/posterior areas, for all oscillation and connectivity frequency bands,
except the delta band (López et al., 2014; Martínez et al., 2018; Fleck et al., 2019; Babiloni et al., 2020, Yang & Lin, 2020). Also
the right hemisphere seems to be implicated more often than the left hemisphere (Nunes et al., 2009, López et al., 2014; Yang
& Lin, 2020). Only one study (Moussard et al., 2016) mentions that frontal EEG activity is related to estimated CR, whereas in
the fMRI studies frontal activation is more often implicated to be related to estimated CR. It should be kept in mind, however,
that localization is not a strong suit of (M)EEG.
To conclude, the findings of the current review support that (M)EEG measures are related to CR estimates, particularly in
healthy individuals. The presence and character of this relationship is highly variable and depends on the population and task
that were studied and on the analysis technique that was employed. It should also be noted that some of these relationships
were reflected in differences in (M)EEG measures between groups with high or low estimated CR, without establishing a direct
relationship such as a correlation or in a predictive model, between (M)EEG measures and CR estimates. It remains unclear why
such a relationship was only found in one patient study using EEG oscillations. To elucidate this issue and avoid the variability
in populations and tasks that we encountered in our review, a sufficiently powered study in neurologically afflicted patients,
which compares the correlation between different (M)EEG measures and different CR estimates, within this one group, might
help.
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Appendix 1
Appendix Table 1. Search strategies for PubMed, Embase, and Science Direct databases
PubMed

Embase
((’electroencephalogram’/exp OR ’electroencephalography’/exp OR ’event related potential’/exp OR ’magnetoencephalography’/exp OR
’electrocorticography’/exp) OR (eeg OR electroencephalog∗ OR erp OR ‘event-related potential∗’ OR ‘evoked-related potential∗’ OR ECOG OR MEG OR
’magnetoencephalog∗’ OR ’electrocorticog∗’ ):ab,ti)
AND
(’cognitive reserve’/exp OR (‘cognitive reserve’):ab,ti OR (‘brain reserve’):ab,ti OR (‘neural reserve’):ab,ti OR (‘neural compensation’):ab,ti)
AND [2002-2020]/py
Science Direct
title-abs-key((cognitive reserve OR brain reserve OR neural reserve OR neural compensation) AND (eeg OR erp OR magnetoencephalography OR
electrocorticography OR event-related potential )-Years(2002-2020)

Appendix 2
Appendix Table 2. Adapted NOS for analysis of case-control studies on M/EEG or ECOG and CR Rating system based on McPheeters and colleagues (2012).

Selection

Adapted NOS for analysis of case–control studies on M/EEG or ECOG and CR
Item
(1) Is the case definition adequate?

Response options: score
(a) Yes, with independent validation: 1
(b) Yes, for example, record linkage or based on
self-reports: 0
(c) No description: 0

(2) Representativeness of the cases

(a) Consecutive or obviously representative series
of cases: 1
(b) Potential for selection biases or not stated: 0
(a) Community controls: 1
(b) Hospital controls: 0
(c) No description: 0
(a) No history of disease (endpoint): 1
(b) No description of source: 0

(3) Selection of controls

(5) Comparability of cases and controls (a) Study controls for age: 1
on the basis of the design or analysis
(b) Study controls for gender and/or education
level: 1

• Controlling for subject characteristic covariates (e.g.,
including age, gender, and/or educational levels)

(6) Ascertainment of outcome

• Described tool for CR and M/EEG or ECOG
• The assessment must report the demographic
measures providing the data (e.g., years of education,
composite score).
• Controlling for signal-to-noise ratio of M/EEG or
ECOG measures

Outcome

Comparability

(4) Definition of controls

Operational definitions
• (a) Independent validation: case/control classification
can be independently verified (i.e., test, independent
clinician diagnosis).
• (b) Case/control classification is based on self-report
from the participant.
• (c) No description
• (a) Cases and controls were included in consecutive
order or (b) is there a possible (undesirable)
interference in the inclusion of participants?
• Were the controls recruited (a) from the whole
community (e.g., with public advertisements) or (b)
inside the hospital/no description?
• The controls would be considered as the natural
trajectory of the subjects in comparisons without CR.

(7) Same method of ascertainment for
cases and controls
(8) Non-response rate

(a) Secure record (e.g., measured M/EEG or
ECOG, CR questionnaire): 1
(b) Structured interview, blind to case/control
status: 1
(c) Interview not blinded to case/control status: 0
(d) Written self-report or medical record only: 0
(e) No description: 0
(a) Yes: 1
(b) No: 0
(a) Same rate for both groups: 1
(b) Non-respondents described: 0
(c) Rate different and no designation: 0

• The method applied to cases and controls is explicitly
detailed as being the same.
• Non-responders can also be considered when they are
excluded due to low-performance on task or noise
records on M/EEG or ECOG.
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