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Electrophysiological investigations have pointed out signiﬁcant yet weak correlations between intelligence and
oscillatory brain activity, including the spectral power, frequency, complexity, synchrony, and coherence of
electroencephalographic (EEG) signals, however neglecting the interplay between fast and slow neuronal oscillations underlying information transfer in the brain. We found that ﬂuid intelligence level (gf) depends on the
precise synchronization of fast oscillations to a speciﬁc time window of slow brain rhythms. Speciﬁcally, by
examining EEG recordings of 50 people in resting state as well as during performance at two gf tasks we found
converging evidence that high-gf participants display stronger Phase-Amplitude Coupling (PAC) related to an
increased concentration of gamma (~ 36 Hz) spectral power at the descending phase of delta oscillations
(~ 3 Hz). Delta-gamma PAC strength explained 35% variance in scores on multiple gf tests, outperforming six
alternative EEG-based predictors including spectral power, complexity and amplitude-amplitude coupling.
Present results suggest PAC as a neurophysiological substrate of gf in humans, oﬀering novel insight about the
role of slow and fast brain rhytms in high-order cognition, as well as a potential new target for neuromodulatory
interventions in the healthy and pathological brain.

1. Introduction
Academic and professional success, socio-economic status, and even
longevity are all strongly predicted by individual level of psychometric
intelligence (Deary, 2012). A key component of intelligence is called
ﬂuid intelligence (gf), and is assessed as the ability to solve novel
problems via abstract reasoning, regardless of prior knowledge and
domain-speciﬁc skills (McGrew, 2009). Because performance in multiple cognitive domains, including linguistic and mathematical abilities,
learning, self-control, and even social skills are strongly correlated with
gf, decades of research were devoted to understanding the neuronal
mechanisms underlying inter-individual diﬀerences in gf (Colom,
Karama, Jung, & Haier, 2010; Deary, Penke, & Johnson, 2010). Multiple neurobiological factors that predict gf were found, including
structural properties of the neocortex (e.g., Barbey, Colom, Paul, &
Grafman, 2014; Basten, Hilger, & Fiebach, 2015; Colom et al., 2009,
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2013), integrity of subcortical ﬁber tracts (e.g., Clayden et al., 2012;
Jung & Haier, 2007; Othani et al., 2014; Pineda-Pardo, Martinez,
Roman, & Colom, 2016), brain eﬃciency (e.g., van den Heuvel, Stam,
Kahn, & Pol, 2009; Pineda-Pardo et al., 2016), metabolic levels in
fronto-parietal regions (e.g., Basten et al., 2015; Dunst et al., 2014;
Neubauer & Fink, 2009; Santarnecchi et al., 2017), and organization of
spontaneous functional brain activity (e.g., Cole, Yarkoni, Repovs,
Anticevic, & Braver, 2012; Finn et al., 2015; Santarnecchi et al., 2015;
Schultz & Cole, 2016).
However, each factor explain no more than 25% of interindividual
variance in gf, and it is not clear how most of those neurobiological
factors actually contribute to more eﬀective cognitive performance of
high-gf individuals. For example, no theory actually provides a quantitative explanation of why and how, for instance, more gray matter in
the neocortex and higher integrity of white matter tracts should
translate into more valid abstract reasoning in complex cognitive tasks,
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2013). For instance, stronger theta/delta modulation of gamma band
activity in a spatial cuing task improves focused attention (Szczepanski
et al., 2014), while bursts of gamma activity at diﬀerent phase of the
delta cycle seems to reﬂect mental representation of diﬀerent categories
of objects (faces, scenes, houses, or tools; Watrous, Deuker, Fell, &
Axmacher, 2015).
Although several ECoG (e.g., Axmacher et al., 2010; Leszczynski
et al., 2015) and EEG studies (e.g., Sauseng et al., 2009) indicated that
working capacity may depend on the interplay between amplitude of
gamma activity and the phase of theta/alpha, and an EEG study has
suggested a weak negative link between resting-state theta-gamma
amplitude-amplitude coupling (AAC) and intelligence (Pahor &
Jaušovec, 2014b), no study to date has investigated the role of PAC
during gf-related problem-solving. The present study aimed at the
comprehensive investigation of relationships between PAC present in
EEG data and gf, the latter assessed by the scores on multiple abstract
reasoning tests. Speciﬁcally, our goal was to identify speciﬁc frequencies (if any) involved in PAC, which would most strongly contribute to gf. As to date several other EEG-based neurophysiological
markers were associated with intelligence, we also aimed to compare
the potential contribution of PAC to gf to the contribution of these alternative markers.

even though intuitive explanations might be drawn. Also, the relationship between metabolic eﬃciency during a cognitive task and
intelligence is complex, adaptive (Dunst et al., 2014), and whether intelligent brains display lower or higher metabolism depends on many
moderators, e.g. the task itself, its relative diﬃculty, instruction, sex
and expertise (Neubauer & Fink, 2009). Finally, brain connectivity
studies diverge on whether intelligence is related to either single, local
hubs (Cole et al., 2012) or to distributed, global properties
(Santarnecchi et al., 2015; van den Heuvel et al., 2009).
By contrast, information-processing theories explain abstract reasoning in terms of eﬀective maintenance, control, and transformation of
task-relevant mental structures in the working memory system (e.g.,
Carpenter, Just, & Shell, 1990; Johnson-Laird, 2006; Ragni & Knauﬀ,
2013). Information within this system is highly accessible, but its
duration and capacity are limited (Cowan, 2001). Numerous studies
suggest that working memory capacity explains at least 50% of variance
in gf (e.g., Chuderski, 2013; Kane, Hambrick, & Conway, 2005), being
its strongest predictor thus far. However, working memory is a construct not so much simpler than gf itself, thus it is not easy to link its
capacity to neurophysiology of the human brain. A growing number of
primate studies (e.g., Naya & Suzuki, 2011; Siegel, Warden, & Miller,
2009) are showing how information encoding during working memory
performance may be underpinned by patterns of both synchronous and
asynchronous neuronal oscillations. The role of oscillatory patterns for
working memory capacity has been also suggested by intracranial recordings from epileptic patients (e.g., Axmacher et al., 2010;
Leszczynski, Fell, & Axmacher, 2015; van Vugt, Schulze-Bonhage, Litt,
Brandt, & Kahana, 2010). Such oscillations are also key mechanism in
leading neurocomputational models of working memory (e.g., Horn &
Usher, 1991; Lisman & Idiart, 1995; Vogel, Woodman, & Luck, 2001)
and reasoning (e.g., Eliasmith et al., 2012; Knowlton, Morrison,
Hummel, & Holyoak, 2012), which thus link cognitive performance
with the interplay between brain oscillatory patterns. In line with this
research, our own model (Chuderski & Andrelczyk, 2015) assumed that
cross-frequency coupling (CFC) between slow and fast brain oscillations
underlying storage and control of information in working memory
might play a pivotal role in individual diﬀerences in abstract reasoning,
and thus might strongly predict gf. The goal of the present study was to
examine this prediction using electroencephalography (EEG) data collected during gf problem-solving in healthy participants.
CFC is considered the optimal coding scheme supporting local and
distant information transfer in the human brain (Canolty et al., 2006;
Jensen & Colgin, 2007). Speciﬁcally, the phase-amplitude modulation
of high-frequency electrical activity in the beta (24–25 Hz) or gamma
bands (25–28 Hz) by the phase of low-frequency delta (21–22 Hz), theta
(22–23 Hz), or alpha rhythms (23–24 Hz), observed in electrocorticographic (ECoG) as well as electroencephalographic (EEG) data, has
been shown to underpin performance in multiple perceptual, attentional, and memory tasks (Canolty & Knight, 2010; Lisman & Jensen,

2. Materials and methods
2.1. Participants
We recruited 33 women and 24 men via internet adverts. For one
three-hour session, participants were paid the equivalent of 10 euro in
local currency. Mean age was 22.3 years (SD = 2.8, range 19–35).
Participants were screened for normal or corrected-to-normal vision and
no history of neurological problems, and informed that they could interrupt the data collection and exit the study at any moment. They signed a
written consent to participate. Each participant was tested in soundproof,
dimly-lit cabin, under the supervision of an experimenter. The study
conformed to ethical guidelines of National Science Center of Poland:
http://www.ncn.gov.pl/sites/default/ﬁles/pliki/2016_zalecenia_Rady_
NCN_dot_etyki_badan.pdf, as well as fully conformed to Declaration of
Helsinki. Because of either low quality of electroencephalographic (EEG)
signal or procedural errors during signal recording, the data from 7 participants had to be discarded from analysis, leading to a ﬁnal sample of 50
people.
2.2. EEG procedure
First, continuous resting EEG was recorded for 180 s with eyes open
and 180 s with eyes closed (Fig. 1). Only eyes closed data was submitted
to analysis (henceforth called Rest condition). Next, participants performed a computerized variant of Raven's Advanced Progressive

Fig. 1. Experimental design. EEG was recorded both during resting-state and during the solution of two tasks assessing visuospatial and verbal gf performance. For additional information
see the method section of the paper.

2

Intelligence xxx (xxxx) xxx–xxx

A. Gągol et al.

Matrices (RAPM) – the gold standard for gf testing, consisting of 36
items composed by a three-by-three matrix of geometrical stimuli
where the bottom-right stimuli is missing. The task is to identify the
relationship between the eight available stimuli and infer the missing
one among eight possible alternative solutions. Items diﬃculty progressed throughout the test. In each of 34 test trials (two easiest items
were used for training), the matrix without the eight response options
was presented for 30 s, then it was shown together with the potential
solutions for additional 20 s, during which the response could be made
by indicating the selected answer using a mouse. This two-steps presentation was aimed at eliciting problem solving based on available
stimuli, instead of a trial-and-error process focused on testing the different available solutions. Only the EEG signal from the ﬁrst 30 s was
analyzed. After a short break, the participants performed a computerized verbal gf test (Transitive). The task was to infer the transitive relation between four letters. Each of 34 test trials (and 4 training trials)
consisted of three events. First, three pairs of letters, each linked by a
relation “larger than” (>) or “smaller than” (<), were shown at the
center of the screen for 6 s. The pairs (e.g., “T > H”, “L > B”,
“T < B”) always yielded the univocal order (“H < T < B < L”).
Next, the stimuli disappeared for 8 s. The EEG signal during this time
window, i.e. when participants had to actively maintain the information about the hierarchy, was analyzed. Finally, two alternative, new
relations based on the previosuly presented stimuli were shown
(“L < H” vs. “L > H”), and participants had 5 s to select the only
correct response by a button press (see Fig. 1).
The EEG signal was recorded at 256 Hz from 64 Ag/AgCl scalp
electrodes, positioned at the standard 10–20 locations, mounted in an
elastic cap, using the Biosemi Active Two recording system. In order to
decrease the noise and muscular artifacts, all analyses used signals from
only 34 medial electrodes (Fp1, Fpz, Fp2, AF4, AFz, AF3, F3, F1, Fz, F2,
F4, FC4, FC2, FCz, FC1, FC3, C3, C1, Cz, C2, C4, CP4, CP2, CPz, CP1,
CP3, P3, P1, Pz, P2, P4, PO4, POz, PO3). Electrodes were initially referenced online to the Cz electrode. Separate electrodes were placed on
mastoids, to which signal was referenced after recording. The vertical
electro-oculogram (EOG) was recorded with two electrodes placed
below and above the right eye. The horizontal EOG was recorded from
electrodes at the outer canthi of the eyes. The raw EEG signal was 1 Hz
high-pass ﬁltered with the default EEGLAB ﬁlter: one-pass non-causal
zero-phase Hamming-windowed sinc FIR. Time windows of the ﬁltered
signal which contained heavy artifacts that could disrupt Independent
Component Analysis (ICA) were removed. No channels were removed
due to noise. ICA components representing evident artifacts, such as eye
blinks, eye movements, and muscular artifacts were removed for each
subject (M = 8.24, SD = 2.66). Finally, the average reference was applied.

Table 1
Descriptive statistics, reliabilities, and Pearson correlations for all intelligence scores used
to compute the gf factor (N = 50). All correlations (r) were signiﬁcant at p < 0.005
level.
Statistic\intelligence score

RAPM

Analogies

Numbers

Figures

gf factor

Mean
SD
Min
Max
Skew
Kurtosis
Alpha
r(gf factor)
r(Figures)
r(Numbers)
r(Analogies)

0.623
0.163
0.121
0.909
−0.441
0.526
0.809
0.746
0.426
0.404
0.487

0.738
0.160
0.194
0.972
−1.458
2.363
0.840
0.775
0.469
0.429

0.500
0.140
0.077
0.808
−0.418
0.969
0.706
0.767
0.530

0.443
0.143
0.192
0.731
− 0.049
− 0.969
0.680
0.792

0.000
1.000
− 2.286
1.953
− 0.370
− 0.218
N/A

was to choose the section that correctly completed the pattern among
four to seven response options. Thirty minutes were given to solve each
test. Example items are shown in Fig. 2. Exploratory factor analysis
(EFA), which aimed to ﬁlter out variance unrelated to the true gf variance, used the proportions of correct responses in RAPM, Analogies,
Numbers, and Figures to generate one gf factor that explained 59.3% of
total variance in the four test scores (Eigenvalue = 2.37; for factor
loadings see Table 1). Each gf factor value approximated the intelligence level of a respective participant.
2.4. The strength of phase-amplitude coupling
In order to reliably and comprehensively assess the interplay between fast and slow neuronal oscillations at high spectral resolution, we
developed a new method of quantifying the PAC strength for a wide
range of frequencies. The method searched for trait-like indices (i.e.
reliably identiﬁed over the diﬀerent EEG recordings) of coupling
strength among combinations of slow wave phase and fast oscillation
amplitude. Consecutive indices were then correlated with the gf factor,
in order to identify those frequency bands which yielded PAC strongly
contributing to individual diﬀerences in gf (for a graphical illustration
of the PAC analysis see Fig. 3). All the analyses were performed in
Python using the freely available SciPy, PacPy, and MNE libraries.
Speciﬁcally, phase information was extracted from 19 “low” frequency
EEG bands ranging from 2 to 16 Hz, whereas power amplitude was
calculated for 25 “high” frequency ranging between 4 and 64 Hz
(Fig. 3A–3C). The center of each frequency band increased in log space.
The width of each band was a function of its center frequency (Aru
et al., 2015), which was set to ⅛ of the low frequency and to ¼ of the
high frequency. We used FIR ﬁlters with transition bandwidth of 1 Hz
and length corresponding to 2 s, and computed the Hilbert transform of
this signal. Its angle was used as the phase time series for low-frequency
bands, whereas its real value (signal envelope) served as the amplitude
time series for high-frequency bands. The signal in each band was divided into 4-s epochs. For each RAPM trial, we used 13 epochs with 2-s
overlap, starting 2 s after matrix presentation, and ending 2 s before the
response options appeared on the screen. For Transitive trials, we used 4
epochs with 1-s overlap, starting 0.5 s after letter pairs presentation,
and ending 0.5 s before response options appeared. For Rest, we used 89
epochs with 2-s overlap, but later collapsed consecutive epoch triplets
into 30 new epoches in order to approximate the numbers of RAPM and
Transitive items.
The strength of PAC between two bands was quantiﬁed for each
electrode and each epoch separately using a general linear model
(GLM) (Penny, Duzel, Miller, & Ojemann, 2008), which deﬁne PAC
strength as the proportion of variance in amplitude explained by the
best-ﬁtting GLM which used sine and cosine of phase as predictors (for
illustration of strong, moderate, and weak PAC, see Fig. 3D). As the
mean PAC weakens with an increasing modulated frequency (more full

2.3. Latent ﬂuid intelligence factor
After the EEG recording, four paper-and-pencil gf tests were administered. Due to a very weak correlation with the RAPM and the
other three remaining tests, one task (Anagrams) was discarded
(Table 1). The ﬁgural Analogies Test (Analogies) included 36 ﬁgural
analogies in the form “A is to B as C is to X”, where simple geometrical
patterns A and B were linked according to two to ﬁve latent rules
(symmetry, rotation, size, color, thickness, number of objects, etc.). The
task was to choose one pattern (X) from a selection of four alternative
responses that was linked in the same way to pattern C. The Number
Series Test (Numbers), speciﬁcally designed for the study, included 26
items increasing in diﬃculty, composed by series or 2-D patterns of
numbers fulﬁlling a hidden arithmetic rule. Random position(s) within
each item had to be ﬁlled in with from one to four missing numbers that
correctly completed the series. The Figural Matrices Test (Figures), also
speciﬁcally designed for the study, conceptually corresponded to the
RAPM. The test included 26 ﬁgural patterns (items) in various layouts.
For each pattern, a small section was missing, and the participant's task
3
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Fig. 2. Example items of the three ﬂuid intelligence tests
used to calculate the gf factor.

?

cycles ﬁt in one epoch), the resulting PAC strength for particular pairs
of bands was normalized: 100,000 surrogate PAC strength values (from
epochs randomly mixed) were generated, and actual PAC strength values were divided by the standard deviation of such a surrogate distribution (i.e., Z-scores were calculated). As a result, for each electrode
and each epoch we generated PAC matrix of normalized PAC strengths,
sized 25 (higher frequency bands) × 19 (lower frequency bands), with
meaningful PAC strength values deﬁned only for entries for which the

frequency of modulated amplitude at least doubled the frequency of
modulating phase (i.e., upper triangle of the matrix; see Fig. 3E).
As the particular entry values strongly correlated among the majority of the 34 tested electrodes, and show small variabiliy between
epochs, we reduced the number of PAC matrices according to the following procedure. First, for each participant we averaged epochs over
trials, resulting in (for each electrode) 34 PAC matrices for RAPM and
Transitive, and 30 in Rest. Next, we reduced data across electrodes.

Fig. 3. Main steps of the EEG data analysis. The signal from each EEG channel was ﬁltered (A-C) according to diﬀerent frequency bands, and the PAC estimated for diﬀerent frequency
combinations (D). Whole brain PAC values across the electrode array (E-F) were then correlated with latent-factor gf scores (G-H).
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Fig. 4. PAC-gf correlation. (A) The matrix displaying the
Spearman rank correlation coeﬃcients (rho) between the
latent gf factor and the PAC strength between the phase of
low frequency bands (x axis) and the amplitude in higher
frequency bands (y axis). Delta-gamma bands inside the
black contour predict gf at pcorr < 0.05. (B) gf is most
strongly predicted by the individual strengths of PAC between the phase of ≈ 3 Hz rhythm and amplitude of
≈36 Hz oscillations. (C) PAC strength for all the frequency
pairs outside the delta-gamma intersection did not correlate with gf. (D) The distribution of 36-Hz amplitude
within a 3-Hz cycle estimated by GLM separately for low-,
medium- and high-gf participants. The higher gf, the
stronger grouping of the 36-Hz amplitude within the descending phase of 3-Hz oscillation.

Spearman rank correlations (rho) between gf and
PAC strengths for all eligible pairs of frequency bins

rho

3. Results

However just averaging matrices from our 34 electrodes was not an
optimal strategy, because various electrodes diﬀerently contributed to
the grand-PAC eﬀect (some yielded PAC patterns unrelated to the
global PAC pattern). So, an EFA was performed separately for each pair
of frequency bands, resulting in one value representing the coupling
strength factor for this pair, along with the vector of factor loadings
corresponding to the contribution of each electrode to that factor. The
EFA approach to data aggregation was chosen over a simple arithmetic
mean (which nonetheless yielded comparable results) because the
former method produces more reliable eﬀects due to its ability to exclude noisy electrodes by assigning them low factor loadings. In order
to avoid unreliable patterns of electrode loadings provided by the EFA,
electrode loadings which diﬀered from average loadings by more than
two standard deviations were replaced by average loadings for that
band. Since (i) the number of to-be-reduced variables (34 electrodes)
would be equal to the number of input data points (34 test items, or 30
“items” in case of Rest), and (ii) the PAC matrices were smooth
(neighboring cells diﬀered little), for each pair of bands we used PAC
strengths from surrounding pairs of bands. The resulting vector of 34
(30 in Rest) PAC factor values was averaged across the test/Rest items
into a single PAC strength value for each pair of bands, which altogether constituted one ﬁnal PAC matrix for a given EEG measurement
(RAPM, Transitive, Rest) and participant (Fig. 3F). Each of these matrices represented a given participant's general index of the non-random
synchronization of transient increases in the amplitude of high frequency oscillations happening at speciﬁc phases of a slow frequency
cycle.
Finally, the Spearman rank correlation rho (N = 50, df = 48) between the gf factor and the PAC strength from each cell in the PAC
matrix was computed (Fig. 3G). Correction for multiple comparisons
was performed via permutation tests, assessing the probability that
correlation of equal or higher strength than the observed one could
occur by chance. Each permutation consisted of randomly shuﬄing
PAC-gf pairs. The resulting matrix reﬂected the correlations between gf
and PAC strength for all eligible combinations of slow and high frequency pairs (Fig. 3H).

3.1. PAC-gf correlation
Across all possible combinations, signiﬁcant correlations were
found only for the phase of delta oscillations and the amplitude of low
gamma activity. The strongest eﬀects were rho = 0.480 (pcorr = 0.026)
in RAPM (for the 3.1–35.9 Hz pair), rho = 0.376 (pcorr = 0.303) for
Transitive (3.1–32.0 Hz) and rho = 0.509 (pcorr = 0.019) for Rest
(2.8–32.0 Hz). A non-signiﬁcant outcome for Transitive might have resulted from the fact that EEG recordings available for this task were
shorter. PAC obtained by averaging over RAPM, Transitive, and Rest
(with weights reﬂecting their relative length of EEG signal) yielded
strong correlations with gf for the 3.1–35.9 Hz pair (rho = 0.635,
pcorr < 0.001) and the neighboring delta frequencies (Fig. 4A, B), but
not for any other low frequency (Fig. 4C). The GLM parameters that
were analyzed separately for three groups of participants deﬁned by the
33% and 66% percentile in the gf factor indicated that high-gf participants displayed a greater 36-Hz amplitude around the descending phase
of 3-Hz delta waves, as compared to medium- and low-gf individuals
whose gamma amplitude was more evenly dispersed across delta phase
(Fig. 4D).
The robustness of the PAC-gf link was supported by a leave-one-out
cross-validation procedure, a widely accepted method aimed at a conservative estimation of eﬀect size (Picard & Cook, 1984). An iterative
procedure set aside a single participant as a test set, and used the PAC
matrices of the remaining participants as a training set. Separately for
each EEG measurement (i.e., RAPM, Transitive, and Rest), a frequency
pair was selected for which the PAC strength most strongly predicted
the gf factor values of these 49 people. Next, the three vectors of PAC
strength values were submitted to a support vector machine (SVM;
Vapnik, Golowich, & Smola, 1997) in order to ﬁt the model in which
these values altogether better predicted the gf factor. Finally, the model
predicted the gf factor value of the one participant left out. After 50
iterations, the SVM yielded 50 predicted gf values of participants left
out during each training step. For all 50 pairs selected in the cases of
RAPM and Rest, respectively, the low frequency fell within the 3-5 Hz
5
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dipolarity (the phases for opposite poles of a dipolar source were reversed). The resulting distributions (Fig. 6A) indicate a stronger gamma
amplitude concentration around descending delta phase during RAPM
and Transitive than in Rest (both ps < 0.0001; t-test for deviations from
circular mean). Moreover, the PAC strength decreased during solution
of each RAPM items (Fig. 6B), as shown by the Page (1963) test,
p < 0.001. Consistently, topographic analyses indicated that, comparing to central EEG recording sites, the PAC-gf correlation was more
pronounced at the midline frontal (Z(48) = 1.64, p = 0.052) and parietal (Z(48) = 2.78, p = 0.003) EEG electrodes (Fig. 6C). These sites
were previously identiﬁed using fMRI and PET data as the key foci of
reasoning and problem solving, according to the parieto-frontal integration theory (P-FIT) (Jung & Haier, 2007). No signiﬁcant rho was
found in lateral sites, and, generally, PAC was weak at these sites.

range (delta), and the high frequency was within the 32-40 Hz range
(low gamma). In the case of Transitive, 40 pairs ﬁtted these two ranges.
The dominant pair was the 3–36 Hz. Finally, the predicted gf factor
values could be correlated with the real gf factor values of participants.
The resulting Spearman rank correlation of rho = 0.593 (35.1% shared
variance; p < 0.0001) suggested that the eﬀect of the 3-36 Hz PAC
strength on gf is suﬃciently robust, and would likely generalize in
bigger samples.
3.2. Comparison with other gf markers
Additionally, the 3–36 Hz PAC's unique contribution to individual
variability in gf was validated against six previously identiﬁed frequency-domain electrophysiological predictors of gf. The predictors
included Higuchi (1988) fractal dimension (d; a measure of complexity
of the individual raw EEG signal), the spectral power for each band (the
strength of given oscillatory frequency; see Jaušovec & Jaušovec, 2000;
Keizer, Verschoor, Verment, & Hommel, 2010), theta and alpha individual peak frequency (the frequency of spectral peak within a speciﬁc oscillatory band; Grandy et al., 2013; Jaušovec & Jaušovec, 2000),
the within-frequency coupling measured with global synchrony
(Stankov et al., 2006) and phase-locking (Sauseng, Klimesch, Schabus,
& Doppelmayr, 2005), as well as the AAC strength (Hipp, Hawellek,
Corbetta, Siegel, & Engel, 2012; Pahor & Jaušovec, 2014a, 2014b).
Speciﬁcally, global synchrony was calculated as the circular variance of
oscillatory phase among multiple electrodes (with low variance
meaning high synchrony; Stankov et al., 2006). Phase coherence was
calculated for the parieto-frontal electrode pairs as the stability (the
larger the better) of frequency-speciﬁc phase diﬀerence between selected pairs of channels (Palva, Monto, Kulashekhar, & Palva, 2010).
The AAC strength was calculated analogously as the PAC strength, with
the sole exception that, instead of sine and cosine of phase, the amplitude of low frequency signal was used as a predictor in GLM. When
aggregated over Rest, RAPM, and Transitive, all those indexes provided
lower predictive values over gf (all rhos < 0.32; Table 2 and Fig. 5), as
compared to the 3–36 Hz PAC.

4. Discussion
The present investigation of the correlation between gf and PAC
strengths for slow and fast oscillatory bands revealed one potential
candidate related to the coupling of delta and gamma oscillations. Such
speciﬁc phase-amplitude interaction explained 35% of variance in the
gf factor derived from four diﬀerent intelligence tests, according to a
cross-validated regression model. Although previous studies (e.g.,
Leszczynski et al., 2015; Roux & Uhlhaas, 2014; Sauseng et al., 2009;
Voytek et al., 2010) suggested that individual diﬀerences in cognitive
performance, especially at working memory tasks, can be linked to
oscillations ranging from 6 (theta) to 12 Hz (alpha), our ﬁnding suggest
that slower oscillations in the delta band also contribute to individual
variance in higher order cognition. Our results are coherent with existing views that ﬂuid reasoning, although being strongly dependent on
working memory, constitutes a more complex and diverse cognitive
process, occurring at slower pace than required for typical working
memory operations (Carpenter et al., 1990; Chuderski & Andrelczyk,
2015; Johnson-Laird, 2006; Knowlton et al., 2012). The weakened
delta-gamma PAC observed in our data at later stages of RAPM trials
solutions (i.e. when participants are more likely to have identiﬁed the
correct solution while still maintaining information in working
memory), supports this view. Interestingly, although gamma amplitude
during Rest was less strongly coupled with the descending delta phase
than during reasoning tests, it equally predicted the gf factor, in line
with a recent study suggesting that organization of spontaneous functional activity of intelligent brains strongly resembles their activity
during demanding cognitive tasks (Schultz & Cole, 2016). Furthermore,
although EEG studies are generally sub-optimal for deriving topographical information about cognitive processes, the relatively larger
gf-PAC strength observed in medial frontal and parietal electrodes

3.3. Dynamic and topography of PAC-gf
Finally, to conﬁrm that the 3–36 Hz PAC was related to increased
reasoning eﬀort, we compared the gamma amplitude concentration
around the phase of delta between RAPM, Transitive, and Rest.
Speciﬁcally, we approximated the distribution of the high band amplitude over the low band phase across all epochs by looking at the GLM
estimates of the angular degree within the phase at which the amplitude's maximum occurred. The resulting degree was corrected for

Table 2
Spearman correlations between the gf factor, PAC strength, and six alternative EEG predictors of gf. Maximal rho values are shown for a EEG measurement (i.e., RAPM, Transitive, or Rest)
most strongly predicting gf, as well as for the average across the three EEG measurements.
Measure\band

Maximal value of rho within the three measurements
Delta

Delta-modulated PAC
Theta-modulated PAC
Alpha-modulated PAC
Delta-modulated AAC
Theta-modulated AAC
Alpha-modulated AAC
Band power
Individual peak f
Global synchrony
P-F coherence
Higuchi fractal d

0.297
−0.129
−0.202
0.134

Maximal value of rho within the three measurements aggregated

Theta

Alpha

Beta

Gamma

0.333

− 0.330
0.223

−0.395

− 0.373
− 0.189

0.316
0.389
0.209
−0.216

0.100
0.363
− 0.241
0.072

− 0.263
− 0.279
− 0.272
− 0.486†
− 0.287
0.252
0.152

0.509
0.401
−0.344
−0.368
−0.350
−0.246
0.229

− 0.185
0.139

0.121
−0.198

Delta

0.303
0.265
− 0.115
0.104

Theta

Alpha

Beta

Gamma

0.333

−0.331
−0.203

0.196

−0.172
−0.189

0.316
0.293
0.267
−0.134

0.070
0.286
0.277
0.067

−0.306
0.226
−0.243
−0.255
−0.191
−0.172
0.127

0.635
0.356
−0.332
−0.264
−0.222
−0.164
0.197

0.196
0.085

0.283
−0.212

Note. Values in regular font are not signiﬁcant at p > 0.1 level (FDR-corrected). † indicates p = 0.075. Italicized indicates p = 0.019. Bolded italicized indicates p < 0.001. Blank
space = a given measure cannot be deﬁned for a given band. Higuchi d was computed for the total signal.
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Fig. 5. Maximum percentage of variance in the gf factor
explained by each alternative EEG-based measure, as
compared to 40.3% of variance explained by the 3–36 Hz
PAC.

Fig. 6. Dynamic and topography of the PAC. (A) The estimated distribution of the 36-Hz gamma amplitude (red bars) is visibly more concentrated around the descending phase of 3-Hz
delta (black sinusoid) in the two gf tests (RAPM and Transitive task), as compared to the resting state. Also, concentration of gamma activity at this speciﬁc phase of delta was strongest
during the ﬁrst 10 s of each RAPM trial (dark red bars) than in the second (medium red) and the last 10 s (light red), possibly reﬂecting increased reasoning during the early stages of
problem solving. (B) Signiﬁcant drop in the average PAC strength during solution of RAPM trials. The error bar corresponds to one standard deviation estimate using a bootstrap
procedure. (C) Scalp topography of Spearman rank correlation values (rho) between the average delta-gamma PAC strength in RAPM and the latent gf factor, showing the strongest eﬀects
in the frontal and parietal EEG recording sites.
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Fig. 7. A possible theoretical explanation of the relationship between the PAC strength and gf performance. Delta
cycle integrates consecutive elements of e.g. a Transitive
reasoning problem, which are encoded in working memory
by dedicated gamma cycles. As suggested by Leszczynski
et al. (2015) these elements can be eﬀectively activated
only in the descending delta phase bins (“Go” period),
while they are suppressed during the ascending phase bins
(“Stop” period). With strong PAC, almost all gamma amplitude is grouped within Go periods, therefore all the
elements can be activated. When PAC is weak, gamma
oscillations-based encoding of problem's items might fall in
Stop periods, thus not being available and likely leading to
suboptimal perfomance.

Strong delta-gamma coupling

STOP

GO

STOP

GO

Weak delta-gamma coupling

STOP

GO

STOP

GO

suggest that PAC may reﬂect spurious coupling (accidental synchrony)
resulting from activation bursts (e.g., after stimulus presentation;
Sauseng et al., 2007) and non-sinusoidal shapes of EEG waves (Cole &
Voytek, 2017). Although the present data do not allow for deﬁnite
exclusion of such hypotheses, we made extensive eﬀorts to minimize its
likelihood: we (i) analyzed EEG data from three separate measurements
(both resting activity and reasoning tasks), yielding as much as over
20 min of signal per participant, we (ii) left out signal directly succeeding the stimulus presentation, we (iii) normalized data where
possible, we (iv) consecutively used permutation tests, and we (v) followed other recommendations aimed at avoiding artifacts that generate
spurious PAC (Aru et al., 2015).
Another potential limitation concerns the origins of gamma activity
itself, as observed in our data during gf-related cognitive processing.
One could argue that such gamma activity is not of neural origin but
constitutes a spectral ﬁngerprint of (micro)saccades (Bosman,
Womelsdorf, Desimone, & Fries, 2009; Yuval-Greenberg, Tomer, Keren,
Nelken, & Deouell, 2008). Following this logic, the modulation of
gamma frequency by delta phase could result from microsaccades occurring at 3 to 4 Hz (e.g., Lowet, Roberts, Bosman, Fries, & De Weerd,
2016). However, such an ‘ocular’ interpretation of our results seems
unlikely for multiple reasons. For instance, such PAC-gf correlation was
observed also for resting-EEG data during eyes closed condition, which
unlikely yielded regular eye movements. Moreover, if the delta-gamma
coupling was of ocular origin, a diﬀerent topography should have been
observed (see Fig. 6C). Finally, according to Hipp and Siegel (2013), the
independent component analysis (ICA)-based preprocessing method
applied on our data is thought of removing any muscular and microsaccadic artifact from the EEG signal. Nonetheless, future studies
should investigate this hypothesis with ad-hoc data collection including
EEG and eye-tracking data.
In summary, we provided a novel evidence of a potential neurophysiological oscillatory mechanism signiﬁcantly contributing to
human ﬂuid intelligence perfomance. More in-depth analysis of deltagamma PAC might help explain cognitive deﬁcits commonly observed
in neurological and psychiatric conditions (Günetkin & Başar, 2016), as
well as guide recent cognitive enhancement interventions based on
entrainment of endogenous oscillatory activity via non-invasive brain
stimulation (e.g., Pahor & Jaušovec, 2014a; Polania, Nitsche, Korman,
Batsikadze, & Paulus, 2012; Santarnecchi et al., 2016; see Jaušovec &
Pahor, 2017; Santarnecchi et al., 2015).

seems coherent with the Parieto-Frontal Integration Theory of neurobiological basis of intelligence (Jung & Haier, 2007), as well as with
two recent large-scale meta-analyses of neuroimaging data (Basten
et al., 2015; Santarnecchi et al., 2017). Finally, delta-gamma PAC
showed higher explanatory power over gf than six other EEG-based
measures pertaining to complexity, spectral power, individual peakfrequency, spectral coherence, synchrony, and AAC.
We interpret the delta-gamma PAC as the neurophysiological substrate behind the integration of consecutive elements during gf test
problem-solving. Existing studies in non-human primates (Naya &
Suzuki, 2011; Siegel et al., 2009) and computer simulations (Chuderski
& Andrelczyk, 2015; Horn & Usher, 1991; Knowlton et al., 2012;
Lisman & Idiart, 1995; Vogel et al., 2001) suggest that such elements
are encoded in working memory by separate burst of gamma oscillations, while a recent human intracranial study (Leszczynski et al., 2015)
indicates that such oscillations can be active only in the descending
delta phase (“Go” period), but are suppressed during the ascending
phase of delta (“Stop” period). In a gf task, local gamma oscillations
might represent the key for features binding, with the precise synchronization to Go phase bins of the delta cycle may be crucial for effective maintenance of such information over time (for a schematic
example concerning the transitive reasoning task see Fig. 7). A larger
gamma activity during Go periods will result in a larger probability that
the crucial features of the problem will be eﬀectively encoded, resulting
in higher probability of a correct response. More gamma activation in
Stop periods will lead to some elements vanishing from working
memory, that might cause errors or guessing during gf testing. Interestingly, such link between delta-gamma PAC and gf seems to be supported by their shared developmental trajectory (Cho et al., 2015), i.e.
both visibly drop by the age of 20.
One potential limitation of the present study resides in the still
limited understanding of the neurophysiological nature and substrate of
PAC, which involve many alterative theoretical and computational
models (e.g., Jirsa & Müller, 2013; Onslow, Jones, Bogacz, & Tort,
2014). As EEG data reﬂects transcranial and highly aggregated echo of
neuronal activity, PAC patterns observed in EEG signals are likely
rooted in some unknown brain processes, which can actually determine
a chain of events across the micro-, meso- and macro-scale leading to
quantiﬁable individual diﬀerences in human intelligence levels. Any
future ﬁndings regarding such mechanisms (e.g., coming from invasive
recording as those obtained via ECoG) may impose revisions to our
model of the PAC-gf relationship. Furthermore, some researchers
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