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Introduction 

The study of basic learning and memory processes has a venerable and rich history, starting 

from the early 1900 when Pavlov1 and Thorndike2 first made public their systematic methods 

for studying the development of conditioned behaviors.  

Whereas all types of learning involve an impact of regularities in the environment on behavior, 

associative learning refers to that subclass of learning in which the change in behavior is due to 

a regularity in the presence of multiple events3. In case of nonassociative forms of learning 

(such as habituation) takes place based on regularities in the presence of one stimulus.  

In the following I will expand the different psychological properties of associative learning.  

Associative learning and memory 

In psychology, associative memory is defined as the ability to remember the relationship 

between unrelated items4. Associative learning is an important capability in animals, in which 

two or more stimulus reinforce each other and can be linked to one another.  

Associative learning itself encompasses different subclasses, most importantly classical 

conditioning (i.e., changes in behavior that are due to the pairing of stimuli) and operant 

conditioning (i.e., changes in behavior that are due to the pairing of stimuli and behavior). 

Learning can occur both implicitly, without conscious awareness and intention to learn, and 

explicitly under conscious control. While there are some cases in which classical conditioning 

can occur implicitly5, the operant conditioning by its definition can only occur explicitly6,7.  

During associative learning novel information is first acquired, and stored first in the working 

memory and, if strengthened through a process called consolidation, is eventually stored in the 

long-term memory. This form of memory is called declarative memory in humans. 

There are a number of observations that described the different features of associative learning 

and memory, whose most notable features are the so-called genearlization and extinction. 

During generalization, the stimuli sharing characteristics with the original conditioned stimuli 

(CS), the so called generalizing stimuli (GS), may become capable of eliciting similar 

conditioned reaction (CR), following a gradient dependent on the perceptual or functional 

proximity between CS and GS. Thus, individuals transfer knowledge from one experience to 

other situations. Most studies of rule-based behavior assume that the cues indicative of the 

context, and hence the valid GS rule, are explicit. However, in many real-world circumstances, 
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individuals have to learn simultaneously which features indicate the rule, and which features 

don’t.  

During extinction, the unconditioned stimulus (or its mental representation) ceases to follow 

the CS, the latter loses its predictive value and, consequently, the CR extinguishes.  

Convergent findings from neuropsychological studies in humans, together with experimental 

lesion studies and neuroanatomical studies in animals have shown that the prefrontal cortex 

together with the medial temporal lobe-hippocampal system and the basal ganglia system play 

a pivotal role in the normal performance of this task8-11. In the following, the most important 

cortical and subcortical stuctures will be introduced, which were considered essential in several 

studies during associative learning. 

The role of different cortical and subcortical structures in associative learning 

Prefrontal cortex 

A number of evidence supports the idea that the prefrontal (PF) cortex is particularly important 

for linking environmental contexts to rule representations, which can be used to guide 

appropriate behavior (i.e., which actions to select given the rule and sensory features)12,13.  

The role of prefrontal cortex in diverse, behaviorally relevant stimulus integration has also been 

well-described. PF cells in primates are activated more strongly by novel, reversing cues than 

by familiar, nonreversing cues14. The basis of this mechanism could be due to the fact, that the 

PF cortex is strongly connected with the dopaminergic system, and the number of studies 

described a phasic DA-release upon unpredicted stimuli15. Human functional imaging studies 

have also reported that the level of PF activation can be modulated by over-training16,17  

Human fMRI and PET studies provided evidence on the critical role of the ventral PF cortex in 

the maintance of working memory18. The cellular activity in primates also supports the idea that 

the PF neurons contribute significantly sustaining representations of objects and/or cued 

locations19,20. Furthermore, removal of the ventral prefrontal cortex in monkeys severely 

impairs the acquisition of visuo-motor conditional tasks10 and impairs the ability of monkeys 

to relearn visual matching task, even though there were no demands on working memory 

maintenance18. Rushworth et al. however found that monkeys with ventral PF lesions can recall 

an object over a brief delay21.  

Computational models denoted that the generalization strategies arise from hierarchically 

nested frontostriatal circuits13,22 and that prefrontal cortex facilitates the association of 
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generalizing stimuli. Human electrophysiological findings confirmed model predictions, 

specificly, that with a more anterior, earlier switching signal corresponds to stimulus selection 

followed by a more posterior, later signal associated with stimulus controlled action selection23. 

Medial temporal lobe (MTL) 

The medial temporal lobe includes anatomically related structures, which seem to be essential 

for declarative memory. It includes cortical areas adjacent to the hippocampal system, such as 

perirhinal, entorhinal, and parahippocampal cortices24. Previous studies have shown that 

primates learned associations by changing their response of the single neurons (either with 

sustained activity upon adaptation, or sustained activity for novel cues) in their MTL25-29. These 

learned responses are observed both when the animal had to learn a new rule, as well as when 

learning is incidental. 

MTL is also found to signal the formation of new associations between visual scenes and spatial 

locations29, and the retrieval of well-learned associations between visual stimuli30 

In human fMRI studies, the impact of rapid sequential associative learning has also been 

observed in the MTL. In detail, MTL structures respond more strongly to structured versus 

unstructured sequences of visual stimuli31, and their activity depends on the statistical 

regularities of the sequence32-34. Human extracellular recordings also enhanced the role of 

MTL-neurons in sequence learning35.  

The latter findings can be biased by the fact that neurons in the MTL are strongly modulated 

by attention36 and are also activated when subjects imagine a stimulus in the absence of any 

bottom–up visual input37. It seems likely that the predictive responses in the MTL during 

sequence learning may contribute to the neuronal mechanisms of remembering associations, 

causing predictive mental images of upcoming stimuli. 

Hippocampus 

The hippocampus (HPC) was first described over four centuries ago by Arantius38, but its 

function remained unclear until the beginning of the modern neurosciences era. HPC damage 

causes deficits in non-spatial associative learning39. 

In rodents, there is theta synchrony between the PFC and HPC during spatial memory 

performance39 and high-frequency ripple synchrony during subsequent sleep40, that is thought 

to reflect the role of HPC acquiring spatial information and then integrating it into cortical 
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networks for long-term storage. A similar relationship is assumed for non-spatial memories, 

and tested in primates41. 

Human functional imaging studies have also shown the activation of both hippocampus and 

PFC during associative memory42,43 indicating that the PFC together with the HPC contributes 

to long-term and working memory. 

The nigro-striatal DA-system 

For a long time, the basal ganglia were considered strictly motor structures. However, the basal 

ganglia are also involved in cognitive and emotional functions, as well as in multisensory 

integration, in line with their anatomical connections with several areas of the cortex44.  

Dopamine (DA) is the major neurotransmitter required for reinforcement learning, and reward-

related learning. According to the DA reward prediction error hypothesis, unexpected rewards 

strongly activate midbrain DA neurons, and this phasic activity drives reinforcement 

learning45,46. DA is also important for motivation (i.e reward-seeking behavior required for 

learning)47. Disruptions in DA signaling may therefore contribute to learning deficits associated 

with different neurologic and psychiatric disorders, such as the Parkinson disease or the 

Obsessive-compulsive-disorder (OCD)48,49. 

In PD, the ventral regions are usually less depleted in early symptoms of the disease than dorsal 

regions50. These could explain the different effects of dopamine remedication in different 

Parkinson’s patients. Indeed, dopamine remedication was found to be beneficial to cognitive 

functions related to this structure i.e spatial working memory51, task-switching, but it is less 

effective in tasks i.e reversal probabilistic learning and decision making52,53 in which the ventral 

striatum has a critical role. These studies revealed that ventral striatum underlies general 

learning of stimulus associations, whereas the dorsal striatum promotes integration of various 

influences on selecting them54. 

The - direct and - indirect pathways of the basal ganglia are thought to mediate reward- and 

punishment-associative learning, respectively. Striatal D1 receptors expressed in medium spiny 

neurons (MSNs) signal the direct pathway of the basal ganglia, whereas D2Rs expressed in 

MSNs signal the indirect pathway55. Previous studies in rodents have shown that the direct 

pathway and D1Rs are associated with reward, whereas D2Rs are associated with punishment-

associative learning56. Kravitz et al57 used optogenetic techniques to stimulate striatal D1R- or 

D2R-expressing neurons during a simple reinforcement learning task. They found that D1R-

expressing MSNs in the direct pathway mediate persistent reinforcement, whereas D2R-
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expressing MSNs in the indirect pathway mediate transient punishment.  

Taken together, the suppression of striatal D1Rs selectively impairs reward-related associative 

learning whereas the punishment-associative learning remains unchanged58. 

In summary, it can be concluded that the PFC along with the MTL-hippocampal system and 

the basal ganglia system play critical role mainly in associative memory and learning, 

respectively. With the help of the recent clinical and fMRI findings during different associative 

learning paradigms we can more clearly dissociate the hippocampal versus basal ganglia system 

contributions to learning, memory and rule transfer. In the following a specific psycophyicical 

test, the visually-guided acquired equivalence learning test will be introduced, which can be 

applied to test the different phases of the associative memory. 

Acquired equivalence task 

Catherine E. Myers and co-workers have developed a learning paradigm (Rutgers Acquired 

Equivalence Test or also known as the fish-face paradigm), which can be applied to investigate 

a specific kind of associative learning, the visually guided equivalence learning 59 

The acquired equivalence test is a psychophysical test, which consists of three different parts. 

During the first, acquisition part, subjects learn to pair different sets of stimuli through trial-

and-error. After the associations were successfully formed, the second block (that can be 

divided into two different parts) starts. During the second part (test part), subjects are asked to 

recall the already learnt associations (retrieval part), and to form new associations based on the 

rule that has been learnt during the acquisition part (generalisation part).  

The first acquisition part of the acquired equivalence task can also be interpreted as a 

probabilisitic learning task, or reinforcement learning task, in which subjects learn the stimulus 

pairs from feedback. As predicted, Parkinson's patients were slower in this part, along with with 

subjects with basal-ganglia dysfunction, implicating that the basal ganglia-PFC system plays 

critical role in this part of the paradigm59. The retrieval part of the test phase can also be 

interpreted as working-memory maintenance task, and the generalization phase as a rule-

transfer task. Patients with mediotemporal-lobe and/or hippocampal dysfunction showed 

significant impairment in their performance during this part of the test60. 
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The impact of the stimulus modality on associative learning and memory 

Although numerous studies revealed the processing of cue with different modalities, as well as 

the learning strategies and their neural correlates61-63, the impcact of the stimulus modality on 

associative learning is not well-described. Stimulus representations, and associations, are stored 

and (re)activated in stimulus-relevant cortical areas 64-67. Thus, associative learning requires 

cooperation between the learning circuit and other task-specific brain areas. Empirical evidence 

from perceptual and temporal processing experiments supports such a distinction between 

visual an auditory stimulus processing.68,69 

Christopher M. Conway and Morten H. Christiansen70 found during an implicit sequential 

learning paradigm, that the auditory modality displayed a quantitative learning advantage 

compared with visual and tactile stimuli. Additionally, they discovered that the tactile learning 

appears to be sensitive to initial item chunk information, whereas auditory learning appears to 

be most sensitive to final item chunk information. 

Not only stimulus modality can affect the learning outcomes, but inversly, the learning can also 

modulate sensory processing via top-down mechanisms. Indeed, fMRI research has 

demonstrated that perception-related activity in visual cortical areas is increased with learning 

in a visual sequence learning paradigm71 . 

Additionally, functional connectivity between the striatum and task-specific visual areas 

increases during rewards72, and functional connectivity between the striatum, frontal cortex, 

motor cortex and visual processing areas changes over the course of learning73,74.  

An interesting finding of different ablation studies in primates revealed different brain areas 

that are primarly responsible for cross-modal and inter-modal memory. Removal of the 

amygdala plus subjacent cortex impairs cross-modal and stimulus-reward association 

memory75-79 whereas either removal of the hippocampus plus subjacent cortex or fornix 

transection produces impairments in spatial associative memory80-83.  

The role of neuronal oscillations in cognitive functions 

Different regions of the brain have to communicate with each other to provide the basis for the 

integration of sensory information, sensory-motor coordination and many other functions that 

are critical for learning, memory, and perception. Hebb suggested that this is accomplished by 

the formation of assemblies of cells whose synaptic linkages are strengthened whenever the 

cells are activated synchronously84. Neuronal oscillations are natural consequences of forming 
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such cell assemblies via summation of hundreds of EPSPs and IPSPs, and the cerebral cortex 

generates multitudes of oscillations at different frequencies through mainly inhibiting spike-

trains at a specific frequency. Each frequency band contributes in a different way to the brain’s 

function85. In the following, the role of each frequency band in different cognitive tasks will be 

summarized briefly. 

Delta band (0.5-3 Hz) 

Sources of delta oscillations are often found in the frontal and cingulate cortices, and in line 

with their low frequency these oscillations span a rather wide region of neural networks – 

possibly in an inhibitory manner86. Moreover, delta-beta synchrony is reduced during lower 

attentional control 87,88. 

Theta band (4-7 Hz) 

It has been assumed that the cortical theta oscillations reflect the communication with 

hippocampus – a region that is known to serve memory functions and to exhibit oscillations in 

the theta range89. In addition, human EEG theta activity is observed during functional inhibition 

subserving executive functions90, and reward-related learning91. Frontal midline theta activity 

has been widely investigated (for review see 92). A more general interpretation of the increased 

theta power in the frontal cortex could be the coordinated reactivation of information 

represented in different task-specific areas. This latter assumption is in line with the results of 

single unit recordings in V493 and the LFP-synchronisation between prefrontal cortex and V494 

in primates. 

Alpha band (8-13 Hz) 

EEG alpha oscillations are modulated during sensory stimulation95. In addition, they reflect 

attentional processes96, indicating that alfa oscillations are critical for the conscious sensory 

processing. Alpha oscillations’ power also exhibit an inverse correlation with cognitive 

performance, thus suggesting its gating mechanism for task-relevant cortical structures97.  

Beta band (14-30 Hz) 

A number of evidence show that beta oscillations are increased in PD patients, and it correlated 

with the severity of the motor symptoms indicating the role of beta oscillations in the basal 

ganglia system98. Modulation of healthy human EEG beta oscillations have mainly been 

observed when subjects perform motor tasks99. Beta oscillations were observed also during 

sensorimotor interaction100 and after reward in probabilistic learning paradigm. 
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Gamma band (> 30 Hz) 

While many of the low-frequency oscillations have been associated with functional inhibition, 

faster gamma-band oscillations are believed to reflect cortical multi-unit activation due to the 

action potential post-hyperpolarization101. Depending on the cortical region, gamma 

oscillations could contribute to the active maintenance of memory contents102 and to conscious 

perception103. 

Cross-frequency coupling of the neuronal oscillations 

Although the functional role of different frequency bands is well described, the interactions 

among various rhythms are not fully understood yet. A well-studied mechanism of these 

interactions is the analysis of cross-frequency coupling. As described first in the hippocampus, 

the phase of theta oscillations biases the amplitude of the gamma waves (phase-amplitude, P-

A coupling or ‘nested’ oscillations)104-108. While P-A coupling reflect mainly the spatio-

temporal organization of cell assemblies109, its mechanisms are not well understood. It was 

hypothesized that P-A coupling between theta and gamma rhythms occurs because of 

perisomatic basket cells. These neurons could contribute to both rhythms by firing theta 

rhythmic trains of action potentials at gamma frequency110. Cross-frequency P-A coupling can 

be found between different frequency bands and in different cognitive tasks (for review see111). 

For example, phase modulation of gamma waves by alpha oscillations has been observed in 

multiple neocortical structures during working memory load112,113. 

Neural oscillations in associative learning 

There are a number of investigation that described the EEG-features of the different phases of 

the associative learning and memory. Reward-related learning key features is the positive 

feedback elicited beta power increment, while negative feedback causes power increment in 

both theta and beta power 91,114. Furthermore, studies in associative learning tasks revealed 

gamma coherence over parietooccipital areas115,116. In working memory tasks frontal midline 

theta power increment is a well-known phenomen 117-119. Also theta/alpha-gamma cross 

frequency coupling was described earlier in working memory load 113,120.  
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Aims of the study 

 

The studies referenced above investigated mainly visually guided equivalence learning and to 

our knowledge no study addressed the cortical contribution to multisensory guided acquired 

equivalence learning. 

Having realized, though, that we did not have normative data about the modality-dependence 

of the equivalence learning in humans we have developed a multisensory (audio-visual)-guided 

equivalence learning paradigm in order to compare the performance of healthy volunteers in 

visual and multisensory tasks. The primary goal of the present study is to investigate how the 

multisensory information changes the cortical oscillation features, i.e power-density changes, 

and cross-frequency coupling in different phases (acquisition, retrieval, generalization) of the 

acquired equivalence learning paradigm and to compare these changes to those in the visually 

guided learning paradigm. We asked whether the visual and multisensory tasks could share 

some common, modality independent changes in the cortical activation patterns or modality 

dependent cortical power and oscillation patterns will be found, which could be characteristic 

to visually and multisensory guided acquired equivalence learning, respectively. 
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Materials and methods 

Participants 

EEG data of 23 healthy young adults were recorded (12 females, 11 males, mean age: 26 years, 

range=18-32). The participants were free of any ophthalmological or neurological conditions, 

and they were tested for parachromatism by PseudoIsochromatic Plate Color Vision Test. The 

participants were recruited on a voluntary basis. The potential subjects were informed about the 

background and goals of the study, as well as about the procedures involved. It was also 

emphasized that given the lack of compensation or any direct benefit, the participants were free 

to quit at any time without any consequence (no one did so). Those who decided to volunteer 

signed an informed consent form. The study protocol conformed to the tenets of the Declaration 

of Helsinki in all respects, and was approved by the Medical Ethics Committee of the University 

of Szeged, Hungary (Number: 50/2015-SZTE). The datasets generated and analysed during 

the current study are available from the corresponding author on reasonable request.  

Visual Associative Learning Test 

The testing software (described in earlier studies and originally written for iOS59) was adapted 

to Windows and translated into Hungarian in Assembly for Windows, with the written 

permission of the copyright holder. The paradigm was also slightly modified to make getting 

through its acquisition phase by mere guessing less probable (see below). The tests were run on 

a PC. The stimuli were displayed on a standard 17- inch CRT monitor (refresh rate 100 Hz) in 

a quiet room separated by a one-way mirror from the recording room. Participants sat at a 114 

cm distance from the monitor. One participant was tested at a time and no time limitation was 

set. The test was structured as follows: in each trial of the task, the participants saw a face and 

a pair of fish (where each member of the pair had different color), and had to learn through trial 

and error learning that which fish was connected with which face (Figure 1). There were four 

faces (A1, A2, B1, B2) and four possible fishes (X1, X2, Y1, Y2), referred to as antecedents 

and consequents, respectively. In the initial, acquisition stages, the participants were expected 

to learn that when A1 or A2 appears, the correct answer is to choose fish X1 over fish Y1; given 

face B1 or B2, the correct answer is to choose fish Y1 over fish X1. If the associations are 

successfully learned, participants also learn that face A1 and A2 are equivalent with respect to 

the associated fish (faces B1 and B2 likewise). Next, participants learned a new set of pairs: 

Given face A1, they had to choose fish X2 over Y2, and given face B1, fish Y2 over X2. This 

was the end of the acquisition phase. Until this point, the computer provided feedback about 
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the correctness of the choices, and six of the possible eight fish-face combinations were taught 

to the participants. In the following phases (retrieval and generalization), no feedback was 

provided anymore. Beside the already acquired six pairs (retrieval phase) the hitherto not shown 

but, based on the previously built pairs predictable, last two pairs were also presented 

(generalization phase). Having learned that faces A1 and A2 are equivalent, participants may 

generalize from learning that if A1 goes with X2, A2 also goes with X2; the same holds for B2 

(equivalent to B1) and Y2 (associated with B1). During the acquisition stages, new associations 

were introduced one by one, mixed with trials of previously learned associations. The subjects 

had to achieve a certain number of consecutive correct answers after the presentation of each 

new association (4 after the presentation of the first association, and 4, 6, 8, 10, 12 with the 

introduction of each new association, respectively) to be allowed to proceed. This resulted an 

elevated number of the required consecutive correct trials compared to the original paradigm, 

which made getting through the acquisition phase by mere guessing less probable. Similarly, in 

the test phase there were 48 trials (12 trials of new and 36 trials of previously learned 

associations), as opposed to the 16 trials of the original paradigm. 

Audio-visual associative learning test 

We have developed and validated an audio-visual (multisensory or bimodal) guided acquired 

equivalence learning test121. The structure of the paradigm was the same as in case of visual 

associative learning test, only that the four antecedents were four sounds (A1, A2, B1, B2) and 

the consequents were the same four faces as in the visual associative learning paradigm. The 

main task of the participants was to determine from trial to trial that which of the two given 

faces corresponds to the sound heard at the beginning of the trial. During the acquisition phase, 

six of the possible eight sound-face combinations were learned. During test phase, no feedback 

was provided anymore, but beside the already acquired six pairs (retrieval phase); the hitherto 

not shown last two pairs were also presented (generalization phase).  
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Figure 5: Graphic overview of the applied unimodal visual (lower panel) and the bimodal 

audio-visual (upper panel) acquired equivalence paradigms 
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Data acquisition 

Sixty-four channel EEG recordings were performed using BiosemiActiveTwo AD-box with 64 

active electrodes. Additionally, 5 extra channels were placed to the mastoids and around the 

eyes to record EOG and EMG.  Actiview software was used for setting up the parameters and 

recording the EEG-data (Biosemi B.V., The Netherlands). The sampling rate was 2048 

Hz.  Electrode offsets were all kept within normal and acceptable ranges. Raw signals were 

recorded on the same computer, which controlled the psychophysical learning task. The 

stimulating software generated trigger signals to indicate the beginning of each trial. These 

trigger signals were recorded on an additional (sixty-fifth) channel. In order to obtain the 

baseline activity, one-minute-long resting state activities were recorded before and after testing 

the visual and audio-visual associative learning test. The order of the two tests (visual and 

audio-visual associative learning test) varied randomly across volunteers. 

Pre-processing 

The raw EEG data was first high-pass filtered (>2Hz, FIR filter), then we re-referenced to the 

average of the channels. All trials were visually inspected and those containing EMG or other 

artefacts not related to blinks were manually removed. Independent components analysis was 

computed using the eeglab toolbox for Matlab 122, and components containing 

blink/oculomotor artefacts or other artefacts that could be clearly distinguished from brain-

driven EEG signals were subtracted from the data. Additionally, noisy channels were 

interpolated using eeglab toolbox. Then we used Laplacian fitting to improve the spatial 

resolution of the recording 123.  

Data Analysis 

All data analysis was performed using Matlab (MATLAB and Statistics Toolbox Release 

2018a, The MathWorks, Inc., Natick, Massachusetts, United States.) and Dell Statistica for 

Windows v13. 

Analysis of the performances in the psychophysical learning tasks 

The psychophysical data were analysed in three groups: data from the acquisition phase, data 

from the retrieval part of the test phase (i.e. when the participant was presented an already 

learned association), and data from the generalization part of the test phase (i.e. previously not 

learned associations). The number of correct and wrong responses were calculated in all phases, 

as well as the ratio of these to the total number of trials during the respective phase. 
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Calculating normalized power spectra within subjects 

Pre-processed continuous data was epoched using the TTL-signal. The trials were then sorted 

by the phases of the psychophysical paradigm (acquisition, retrieval and generalization phases), 

based on the event file generated by the stimulating software. Baseline activity was defined as 

the first and last approximately 60 seconds before and after the first and last TTL signal, 

respectively. The vast majority of the trials was somewhat longer than 1 second. In order to 

avoid mismatch on summation, the first second of each trial (2048 data points) was analysed. 

If the trial was shorter than 1 second (data points < 2048), the trial was rejected, in order to 

avoid zero-padding artefacts during the Fast Fourier Transform (FFT). 

We computed the FFT for the remaining trials in each channel, and their power spectra were 

whitened. For individual results we then computed the power of each phase normalized to 

baseline-activity. We used logarithmic normalisation with the following equation: 

𝑁𝑓𝑟 = 10 ∗ 𝑙𝑜𝑔10 (∏𝑃𝐴𝑓𝑟𝑖

𝑛

𝑖=1

/∏𝑃𝐵𝑓𝑟𝑖

𝑛

𝑖=1

)  

Where N is the normalized power density of a given fr frequency band for a given channel, PA 

is the whitened power density in the acquisition phase’s given i trial within the same channel 

and same fr frequency, and PB is the whitened power density during baseline activity. 

Time-frequency analysis 

Time-frequency analysis was performed using Continous Morlet wavelet convolution (CMW) 

via FFT algorithm 124. FFT was firstly performed on one selected channel of the raw data.  Then 

complex Morlet wavelets were created for each frequency (1-70 Hz) on which FFT was also 

executed.  The cycles of the wavelets increased logarithmically as the frequency varied in a 

linear manner. After that, we calculated the dot product of the given channel's FFTs and the 

FFTs of the complex Morlet wavelets at each individual frequency, which yielded 70 complex 

numbers. Thereafter, the inverse Fast Fourier transform of the results of the dot product showed 

the alterations of the power in the time domain as follows: 

𝐾𝑥 = 𝐼𝐹𝐹𝑇(𝑓𝑓𝑡(𝐶) ∙ 𝑓𝑓𝑡(𝑊𝑥))  

where the K is the time-series of the given channel, wavelet-filtered to x-frequency, C is the 

time series of all trials of different phases, and W is the complex Morlet wavelet in a given x 

frequency. In order to avoid the edge-artefacts of the Morlet wavelet convolution, the raw data 

was multiplied five times before the convolution, yielding a two series-long buffer zone at the 
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beginning and the end of the time-series, which was cut out after the time-frequency analysis. 

After that, the channel's data was cut into different phases of the paradigm (baseline, 

acquisition, retrieval, generalization). The data set for the purposed null-hypothesis (global 

band) was generated by iteratively calculating the mean difference of randomized permutation 

of the power values of a particular channel in a given frequency band in two different phases 

of the paradigm. The Z-scores for each channel were then calculated between the distributions 

derived from the global band and the mean difference of the power values in a given frequency 

band between the two different analysed phases. Z-scores were corrected by the minimum and 

maximum point of the null hypothesis distribution (also known as cluster-mass correction 

124,125.  

Group-level analysis of the CMW was carried out in the same way as in the individual analysis 

described above, with the difference that the random permutation was performed across the 

mean power values of the subjects and not across the power value of each individual trial. The 

visualized methodological procedures of the above-described permutation-based test can be 

seen in Figure 2. 

 

Figure 2: Visualization of the nonparametric permutation-based analysis. Mean difference 

between the two comprised phases was calculated on a given channel(A). The data set for the 

purposed null-hypothesis (global band) was generated by iteratively calculating the mean 

difference of randomized permutation of the power values of a particular channel in a given 
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frequency band in two different phases of the paradigm (B). The Z-scores for each channel 

were then calculated between the distributions derived from the global band and the mean 

difference of the power values in a given frequency band between the two different analyzed 

phases(C). Z-scores were corrected by the minimum and maximum point of the null hypothesis 

distribution (D). 

 

We identified the time-windows in which we found significant difference between the visual 

and the audio-visual paradigm, using the interactive surface provided in one of our earlier 

publications. After we identified the significant time-windows and the corresponding channels 

in each frequency band and condition, we additionally tested if the individual normalized 

powers of the different frequency bands in the selected channels and time-points are 

significantly different in the visual and the audio-visual paradigm by using Mann-Whitney test. 

The individual normalized powers were obtained by normalizing each individual time-

frequency power in each condition and on each channel to the mean power of the baseline 

activity in the same channel and same frequency using decibel-normalization. Furthermore, to 

see the significant differences in the time-domain in the selected channels, we performed 

permutation-test between the normalized power time series of the visual and audio-visual test. 

Calculation of event related cross frequency coupling 

Event related synchronisation index (SI) was calculated in order to examine whether the power 

of the high frequency oscillations are coupled to the phase of the low frequency oscillations on 

the same channel. The calculation was almost the same as described by Cohen 126. We will give 

a detailed description of the calculation of SI in one phase of the paradigm in one channel’s 

data referred as raw analytic signal. In the first step, the higher frequency power time series 

were extracted from the concatenated trials. This was done by the combination of band-pass 

filtering and Hilbert transformation. First, we have narrow band pass filtered the analytic signal 

to each frequency of beta and gamma band (15-70 Hz). The filtering method used a 4 Hz-width, 

two-way, least-squares FIR procedure (as implemented in the eegfilt.m script included in the 

eeglab package). Then we performed Hilbert transformation on the narrow bandpass-filtered 

epochs. The power time-series was extracted as the squared magnitude of z(t), the analytic 

signal obtained from the Hilbert transform (power time series: p(t) = real[z(t)]2 + imag[z(t)]2).  

Then we band-pass filtered the raw analytic signal to each frequency of the low frequency range 

(2-20 Hz, with 4 Hz-width). The phase of the band-pass filtered low and high frequency power 

time series were obtained from the Hilbert transform of the two time-series, respectively.  
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Figure 3: Graphic overview of the cross-frequency coupling analysis (based on Cohen MX, 

2008). The figure demonstrates how we calculated the synchronisation index between the lower 

and upper frequency oscillations in a 5-sec long EEG-data of the acquisition phase of the visual 

acquired equivalence test. The raw analytical signal (A) was first band-pass filtered to a 4 Hz-

width band centered at a high frequency (which was 15 Hz in this case). We got the power-

alterations (C) of the high-frequency band pass filtered data (B) using Hilbert transformation. 

The phases of the power alteration of the high-frequency band-pass filtered data (E) was 

calculated using Hilbert transformation. For the lower frequency band phases, first we band-

pass filtered the raw data to a 4 Hz-width band centered at a lower frequency band (which was 

4 Hz in this case, D). The phases of lower frequency band (F) was obtained using Hilbert 

transformation on the lower frequency band-pass filtered data. Having obtained the phases of 

the higher frequency band-oscillation (E) and a lower frequency band oscillation (F), we could 

calculate the SI value between the two oscillations (4 Hz for modulating frequency and 15 Hz 

for modulated frequency in this case, F).  

 

The synchronization between the phase of the two power time series can be calculated using 

the synchronization index, (SI) as follows: 

𝑆𝐼 = |
1

𝑛
×∑𝑒𝑖(φ𝑙𝑡−φ𝑢𝑡)

𝑛

𝑡=1

|

2

 

Where n is the number of time points, φut is the phase value of the fluctuations in the higher 

frequency power time series at time point t, and φlt is the phase value of the lower frequency 

band time series at the same time point. The SI varied between 0 and 1. If SI is 0 the phases are 

completely desynchronized, and if it is 1 the phases are perfectly synchronized. 
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Significant changes of the cross-frequency coupling at a population level was calculated by 

comparing the mean synchronisation index in a given modulating - and modulated frequency 

range of the baseline activity and the given phase of the paradigm. The mean SI-values in each 

phase of the paradigm were then compared using permutation based statistics, and the resulting 

Z-scores were corrected by the minimum and maximum point of the null hypothesis distribution 

(also known as cluster-mass correction) 124,125.  

 

Figure 4: Graphical overview of calculating the significant changes of the cross-frequency 

coupling. The figure demonstrates how the statistical difference can be in one channel (in this 

special case it was P6) between two conditions across subjects. First, we calculated the mean 

SI values of a given channel in the two conditions: in the visual (A) and audio-visual (B) 

paradigm. Then we calculated the mean difference (C) of them. After that, we iteratively 

changed the labels of the conditions, and we calculated the mean difference of each permutation 

(D). After 1000 iterations, we obtained the global band, a comodulogram, whose each 

datapoint contained 1000 values, thus giving a null-hypothesis distribution. Then we calculated 
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the Z-score between the global band and the mean difference (E). The result was then 

thresholded to the minimum-maximum distribution of the global band (G). For the clearer 

interpretation we averaged the Z-scores between alpha-beta and theta-beta, and the mean Z-

scores were plotted to a topographical figure (H). 

 

Correlation between performance in the psychophysical test and the power density 

changes  

Correlation between individual performance and power density changes in a given channel and 

frequency band was also calculated in each phase of the paradigm. Performance was defined as 

the ratio of the good trials to all trials, and the individual power changes was the individual Z-

scores between the baseline activity’s power density and the given phase’s power density in a 

given channel in a given frequency band. Pearson correlation coefficient was calculated using 

the ‘corr’ function of Matlab. Statistical analysis was performed by calculating the t-score for 

each correlation coefficient as follows: 

𝑡𝑐ℎ,𝑓𝑟 = 𝑟𝑐ℎ,𝑓𝑟 ∗ √
𝑛 − 2

1 − 𝑟𝑐ℎ,𝑓𝑟
2  

Where r is the correlation coefficient in channel (ch) and frequency (fr) band, n is the number 

of samples (in this case it was 18), and the t is the calculated t value in given channel and 

frequency band. T-values whose absolute value were smaller than 2.583 (which is the critical 

t-value if the degree of freedom is 16 and the significance level is 0.01) were set to 0. The 

corrected t-values in different frequency bands in each phase of the paradigm were plotted to a 

topographical map using EEGLab ‘topoplot’ function.  

  



25 

 

Results 

Altogether 23 healthy volunteers participated in the investigation. For the bio-mathematical 

analysis, the raw electrophysiological data of 18 volunteers were analysed, as in the other 

recordings the signal to noise ratio was low, and not even the excessive attempt to clean the 

data from EMG and ocular artefacts with pre-processing methods described earlier could make 

them acceptable. 

In the following the comparison of psychophysical and electrophysiological results between the 

visual and audio-visual tasks in each phase of the paradigm (Acquisition, Retrieval, 

Generalization) will be presented. 

Data visualization 

The electrophysiological results in four different frequency bands (theta (4-7 Hz), alpha (8-13 

Hz), beta 14-30 Hz), and gamma (31-70 Hz) will be presented below for each phase 

(Acquisition, Retrieval and Generalization) of the two (visual and audio-visual) paradigms. 

In the time-frequency results, the group-level statistical differences between the time-

frequency power spectra of the visual and audio-visual paradigm are presented in each 

frequency band, and in each phase of the paradigm (See Figure 6-8). In each case, the results 

are discussed in a range -500 ms – 500 ms in case of the Acquisition phase, and -500 ms-0 ms 

in case of the Retrieval and Generalization phases, where the 0 ms denotes the time of the 

answer. We will give a detailed description of the statistical differences between the visual 

and the audio-visual paradigm only in those cases, where we found significant difference 

between the visual and the audio-visual paradigms. The summary of the TF-results can be 

found in Table 1. Detailed descriptions of the changes in the time-frequency power spectra in 

each phase of the visual and audio-visual paradigm compared to baseline activity can be found 

in the supplementary material of one of our publication127.  

In the cross-frequency coupling results, the group-level statistical differences between the 

mean synchronization indices of the visual and audio-visual paradigm are presented in each 

frequency band, and in each phase of the paradigm. Detailed descriptions of the SI-value 

changes of each phase of the visual and audio-visual paradigm compared to the SI-value of 

the baseline activity are presented. Significant changes of the cross-frequency coupling in 

each channel in different phases of the paradigm will be presented using the topoplot function 

of EEGLab. For plotting purposes, only significant changes (i.e. where the Z-scores 
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were>1.69) are presented on the plots (Figure 9). In the smaller topographical plots, the 

significant difference between SI-values of the given phase and the background activity is 

shown. The red color indicates where the SI was significantly higher during the given phase 

compared to baseline-activity, and the blue color indicates where the SI in the given phase 

was significantly lower compared to baseline activity. On the larger topographical plots, we 

present the significant difference between the visual and audio-visual paradigm. Here, the red 

color indicates that the power of that specific frequency band in the given phase of the 

paradigm was significantly higher during the audio-visual task compared to the visual task, 

where the blue color indicates the opposite. As we found that the highest changes in the 

individual comodulogram occurred at the modulating frequency band 8-15 Hz and the 

modulated frequency band at 31-45 Hz, our results will indicate the group level results found 

in that frequency range. 

 

In the power-performance-correlation results, significant correlations (i.e. where the t-values 

were >2.583) are presented in each phase of the visual and audio-visual paradigm. For plotting 

purposes, only significant correlations (i.e. Z-score >1.69) between the performance in the 

psychophysical test and the cortical power changes (Figure 10) are plotted on the 

topographical figures. 
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Performance in the psychophysical learning tests 

 

Figure 5: Box plots of the good trial ratios in each phase of the paradigm during visual (A) 

and audio-visual (B) acquired equivalence test 

 

The median good trial ratios (good trial/all trial) during different phases of the visual acquired 

equivalence test were: 0.92 in the acquisition phase (range=0.83-0.98, SD±0.04), 0.96 in the 

retrieval phase (range = 0.9-1, SD±0.02), and 0.97 in the generalization phase (range=0.92-1, 

SD±0.04), see Figure 1A. Repeated measure ANOVA revealed significant difference in the 

good trial ratios (F= 20.87, p<0.001), and Tukey post-hoc analysis revealed that the good trial 

ratio in the acquisition phase was significantly lower compared to retrieval and generalization 

phase (p<0.001). The good trial ratios did not differ significantly between the generalization 

and retrieval phase (p=0.992).  

The median good trial ratios during different phases of the audio-visual acquired equivalence 

test were: 0.94 in the acquisition phase (range=0.90-0.98, SD±0.02), 0.96 in the retrieval phase 

(range = 0.88-1, SD±0.03), and 0.97 in the generalization phase (range=0.83-1, SD±0.05), see 

Figure 1B. Repeated measure ANOVA revealed significant difference in the good trial ratios 

(F= 7.49, p=0.002), and Tukey post-hoc analysis revealed that the good trial ratio in the 

acquisition phase was significantly lower compared to retrieval (p=0.002) and generalization 

phase (p=0.019). The good trial ratios did not differ significantly between the generalization 

and retrieval phase (p=0.709). 
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Time-frequency analysis of the EEG signals recorded during the learning tests 

Acquisition phase 

 

 

Figure 6: Time-frequency results in the acquisition phase. The figure shows the most 

important differences, which were found between the visual and the audio-visual tasks. Part 

A and Part B represent the results in the theta band, before and after the given answer, 

respectively. The C and D parts show the results in the alpha and gamma bands, respectively. 

Within each part of the figure, there are three different subplots. The subplots with number 1 

(A1, B1, C1, D1) show the normalized power-fluctuation of the given channels, and the 

significant Z-scores between the two time-series calculated with random permutation test 

before and after 500 ms of the given answer. 0 ms denotes the time point when the answer 

was given. The subplots with number 2 (A2, B2, C2, D2) show the topographical 

representation of the mean normalized power in certain time-windows. The red colour 

indicates power-increase, while the blue one indicates power- decrease compared to 

baseline-activity. The subplots with 3 (A3, B3, C3, D3) show the violin plot of the normalized 

powers in the selected time-window and in the selected channels. 

 

The Mann-Whitney test revealed that the power of the theta band was significantly higher 

during the audio-visual paradigm (mean=0.118 dB, STD=0.5 dB, Range=0 dB 2.814 dB) 

compared to the visual paradigm (mean=-0.042 dB, STD=0.459 dB, Range=-3.698 dB 2.012 

dB) over the frontal channels, 400 ms to 170 ms before the answer. After the answer (from 0 

ms to 400 ms after the answer), the power of the theta band was significantly higher (p<0.001) 

in the audio-visual paradigm (mean=0.078 dB, STD=0.494 dB, Range=-1.943 dB 6.794 dB) 

compared to the visual paradigm (mean=-0.023 dB, STD=0.655 dB, Range=-6.954 dB 5.212 

dB) not only over the frontal but over the parietooccpital channels, too.  

In case of the alpha frequency band we found that the power was significantly lower (p<0.001) 

during the visual paradigm (mean=-0.278 dB, STD=1.159 dB, Range=-6.664 dB 0 dB), than in 

the audio-visual one (mean=0.012 dB, STD=0.140 dB, Range=-1.386 dB 1.041 dB) over the 
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occipital channels, 350 ms to 170 ms before the answer. 

We observed no significant difference in the beta power between the visual and the audio-visual 

paradigm. 

The power of the gamma band was significantly higher (p=0.005) during the audio-visual 

paradigm (mean=0.093 dB, STD=0.417 dB, Range=-0.496 dB 4.472 dB) than in the visual one 

(mean=0.08 dB, STD=0.36 dB, Range=-0.842 dB 3.491 dB), over the parietal channels, starting 

from 0 ms until 500 ms after the given answer. 

 

 

Retrieval part of the test phase 

 

 

Figure 7: Time-frequency results in the retrieval phase. The figure shows the most important 

differences, which were found between the visual and the audio-visual task. The A, B, C and 

D parts show the results in the theta, alpha, beta and gamma bands, respectively. Other 

conventions are same as on Figure 6. 

 

The Mann-Whitney test revealed that the power of the theta band was significantly higher 

(p<0.001) in the audio-visual paradigm (mean=0.066 dB, STD=0.383 dB, Range=-1.871 dB 

3.718 dB) than in the visual paradigm (mean=-0.02 dB, STD=0.276 dB, Range=-3.549 dB 

2.006 dB) over the temporal and frontal channels, 500 ms to 0 ms before the answer. 

In case of the power of the alpha frequency band we found that it was significantly lower 

(p<0.001) during the visual paradigm (mean=-0.253 dB, STD=1.058 dB, Range=-8.308 dB 0 

dB) than in the audio-visual paradigm (mean=-0.036 dB, STD=0.222 dB, Range=-2.324 dB 

0.971 dB) over the parietooccipital channels, from 500 ms before the answer. 

The power of the beta frequency band was significantly higher (p<0.001) during the audio-

visual paradigm (mean=0.027 dB, STD=0.276 dB, Range=-3.61 dB 2.994 dB) than in the visual 
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paradigm (mean=-0.093 dB, STD=0.47 dB, Range=-5.524 dB 1.11 dB), over the occipital and 

parietooccipital channels, from 500 ms before the answer. 

The power of the gamma band was significantly higher (p<0.001) during the audio-visual 

paradigm (mean=0.026 dB, STD=0.27 dB, Range=-3.205 dB 4.133 dB) compared to the visual 

paradigm (mean=-0.041 dB, STD=0.302 dB, Range=-4.662 dB 2.088 dB), over the frontal and 

parietooccipital channels, starting from 500 ms before the answer. 

 

Generalization part of the test phase 

 

 

Figure 8: Time-frequency results in the generalization phase. The figure shows the most 

important differences, which were found between the visual and the audio-visual task. The A, 

B, C and D parts show the results in the theta, alpha, beta and gamma bands, respectively. 

Other conventions are same as on Figure 6. 

 

The Mann-Whitney test revealed that the power of the theta band was significantly higher 

(p<0.001) during the audio-visual paradigm (mean=0.009 dB, STD=0.356 dB, Range=-3.022 

dB 3.157 dB) than in the visual one (mean=-0.127 dB, STD=0.677 dB, Range=-8.810 dB 2.529 

dB) over the frontal and parietooccipital channels, from 500 ms before the answer. 

The power of the alpha frequency band was significantly lower (p<0.001) during the visual 

paradigm (mean=-0.245 dB, STD=1.065 dB, Range=-8.11 dB 0.381 dB), compared to the 

audio-visual paradigm (mean=-0.033 dB, STD=0.409 dB, Range=-4.785 dB 3.102 dB) over the 

occipital and parietooccipital channels, from 500 ms before the answer. 

The power of the beta frequency band was significantly higher (p<0.001) during the audio-

visual paradigm (mean=0.017 dB, STD=0.347 dB, Range=-5.557 dB 3.102 dB) compared to 
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the visual paradigm (mean=-0.066 dB, STD=0.438 dB, Range=-6.089 dB 3.068 dB), over the 

parietooccipital channels, starting from 500 ms before the answer. 

The power of the gamma band was significantly higher in the audio-visual paradigm 

(mean=0.026 dB, STD=0.346 dB, Range=-4.803 dB 4.537 dB) than in the visual paradigm 

(mean=-0.038 dB, STD=0.376 dB, Range=-5.521 dB 3.49 dB), over the frontal and 

parietooccipital channels, starting from 500 ms before the answer. 

 

Condition 
Frequency 

band 
Time bounds Cortical region 

Power in visual paradigm p-value Power in audio-visual paradigm 

mean std min max  mean std min max 

Acquisition Theta -400ms -170ms Frontal -0,042 0,459 -3,698 2,012 <0.001 0,118 0,500 0,000 2,814 

Acquisition Theta 0 ms  400 ms Frontal Parietooccipital -0,023 0,655 -6,954 5,212 <0.001 0,078 0,494 -1,943 6,794 

Acquisition Alpha -350ms -170ms Occipital -0,278 1,159 -6,644 0,000 <0.001 0,012 0,140 -1,386 1,041 

Acquisition Gamma 0ms 500ms Parietal 0,080 0,360 -0,842 3,491 0.005 0,093 0,417 -0,496 4,472 

Retrieval Theta -500 ms 0 ms Temporal Frontal -0,020 0,276 -3,549 2,006 <0.001 0,066 0,383 -1,871 3,718 

Retrieval Alpha -500 ms 0 ms Parietooccipital -0,253 1,058 -8,308 0,000 <0.001 
-

0,036 
0,222 -2,324 0,971 

Retrieval Beta -500 ms 0 ms Occipital Parietooccipital -0,093 0,470 -5,524 1,110 <0.001 0,027 0,276 -3,610 2,994 

Retrieval Gamma -500 ms 0 ms Frontal+Parietooccipital -0,041 0,302 -4,662 2,088 <0.001 0,026 0,270 -3,205 4,133 

Generalization Theta -500 ms 0 ms Frontal+Parietooccipital -0,107 0,677 -8,810 2,529 <0.001 0,009 0,356 -3,022 3,157 

Generalization Alpha -500 ms 0 ms Occipital+Parietooccipital -0,245 1,065 -8,110 0,381 <0.001 
-

0,033 
0,409 -4,785 3,102 

Generalization Beta -500 ms 0 ms Parietooccipital -0,066 0,438 -6,089 3,068 <0.001 0,017 0,347 -5,557 3,933 

Generalization Gamma -500 ms 0 ms Frontal+Parietooccipital -0,038 0,376 -5,521 3,490 <0.001 0,026 0,346 -4,803 4,537 

Table 1: Table of the statistics of the most important differences between the visual and audio-

visual time-frequency results. We provide a summarizing table of the descriptive statistic of the 

normalized powers in different frequency band and time-window identified in the interactive 

surface provided in the Supplementary Data 1. The p-value between the visual and audio-visual 

task was calculated with Mann-Whitney test. 
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Cross-frequency coupling of the EEG signals in the visual and audio-visual associative learning 

paradigms 

 

 

Figure 9: Mean synchronisation indices in different phases of the paradigm. Each column 

represents the mean SI values in the different phases of the paradigm. The first row shows the 

cross frequency coupling results between theta and beta band, and the second row indicates 

the synchronisation between alpha and beta band. Small topographical plots represent the 

mean difference between the SI-values of the baseline activity and the SI values of the different 

phases of the visual or audio-visual stimuli. The larger plot indicates the mean difference 

between the visual and audio-visual paradigm. In case of the small topoplots, the red color 

indicates that the synchronisation was higher compared to baseline-activity. In the larger 

topoplots, the red color indicates that the power was significantly higher during the visual task 

compared to the audio-visual task, while the blue color shows the opposite 

We found significantly higher synchronization index (SI) in each phase of the paradigm 

compared to baseline activity both in the visual and audio-visual acquired equivalence tasks. 

Comparing the visual and the audio-visual task, we found that the theta-beta and alpha-beta SI 

was significantly higher during the acquisition phase of the audio-visual task compared to the 

visual task over almost every channels except the occipital visual areas.  

During the retrieval phase, we found that the SI was significantly higher in the visual task 

compared to audio-visual task in almost every channel, except over central areas, where the 

synchronisation index was higher in the audio-visual task. 

In the generalization phase similarly to the retrieval phase the SI was significantly higher in the 

visual task almost on every channel except over central areas, where the synchronisation index 

was higher in the audio-visual task. The most obvious differences in cross-frequency coupling 

between the visual and audio-visual learning task can be seen in parieto-occipital, occipital, and 

frontal areas. 
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Correlation between performance in the psychophysical test and the power density changes of 

the EEG signals  

 

Figure 10: Power-performance correlations in the visual and audio-visual acquired 

equivalence test. Each panel represents the significant correlations between the performance 

(good trial ratio) in the given phase of the paradigm (acquisition, retrieval, generalization), 

and the power in the given frequency band. The red color indicates that the power and 

performance were positively correlated, and the blue color indicates that they were negatively 

correlated. 

 

In general, there was strong correlation between the performance and the changes of power 

densities in the acquisition phase of both the visual and audio-visual paradigms but such 

correlation was not remarkable during retrieval and generalization phases of both visually 

guided and multisensory guided learning paradigms. 

We found increased correlation between the theta power and the performance in the acquisition 

phase of the visual acquired equivalence test in parietal, parieto-occipital and temporal areas. 

In case of the acquisition phase of the audio-visual acquired equivalence test we found increased 

correlation between theta power and the performance over frontal-prefrontal areas, as well as 

over parieto-occipital areas. 

Significant correlation was found between the power of the alpha band and the performance in 

the acquisition phase of the visual test in the temporal areas. In case of the acquisition phase of 

the audio-visual acquired equivalence test we found a negative correlation between the power 
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of the alpha band and the performance in the right fronto-temporal, temporal and parieto-

occipital areas. 

We found significant correlation between power of the beta and gamma band and the 

performance in the acquisition phase of the visual test in the central, parietal, parieto-occipital-

occipital and temporal areas. In case of the acquisition phase of the audio-visual acquired 

equivalence test we found negative correlation between the power of the beta or gamma bands 

and the performance in the right temporal and parieto-occipital areas. 
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Discussion 

In the present study we have analyzed the EEG correlates in a visually-guided and an audio-

visually (bimodal or multisensory) guided acquired -equivalence learning tasks. However, this 

learning paradigm critically requires the normal function of subcortical structures, i.e. 

hippocampi and basal ganglia (Myers et al., Sohami et al, Moustafa et al., 2010) the cortical 

contribution seems to be necessary in the visually and audio-visually guided learning paradigm, 

too. To our knowledge, this is the first study, which addresses the comparison of the cortical 

power spectra and their changes in an unimodal visual and a multisensory associative learning 

task. The major findings of the study are that the cortical activity depends critically on the phase 

of the paradigm, and some changes in cortical powers are characteristic to unimodal visual and 

multisensory audio-visual learning tasks. In general, during the audio-visual paradigm, the 

power changes of the event-related low and high-oscillations were higher compared to the 

visual paradigm, but the psychophysical performance of the acquisition phase only correlated 

with the power of different frequency bands in the visual paradigm. On the other hand, while 

the power changes of the event-related oscillations were higher during the audio-visual 

paradigm, the performance did not depend on the power of different oscillations, and the 

strength of the cross-frequency coupling was higher. Furthermore, the performance of the 

acquisition phase seems to be more connected to the strength of the alpha-beta coupling during 

the audio-visual paradigm. We are convinced that the cortical power differences in the two 

paradigms cannot be the result of having previously completed the first task (precondition), as 

the order of the two paradigms (visual and audio-visual) varied randomly across subjects. 

It is well known from earlier studies that both fundamentally involved brain structures in the  

visual associative learning, the basal ganglia and the hippocampi receive not only visual but  

multisensory information, too 128-130 

A bimodal or multimodal information could be more informative in its complexity than an  

unimodal stimulus from the environment. The role of multimodal cues in associative learning  

has been widely investigated (for review see131). The psychological studies provided evidence,  

that multisensory working memory improves recall for cross-modal objects compared to  

modality-specific objects132 133 , working  

memory capacity is higher for cross-modal objects under certain circumstances134 and visual  

and auditory information can interfere with each other135. While former studies revealed that 

mainly cortical areas are involved in associative learning136,137, only few electrophysiological 

studies showed the functional basis of the multisensory integration138, and to our knowledge, 
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our study is the first that describes the role of different oscillations in multisensory guided 

learning and the role of multisensory integration in assocaitive learning. 

The performance of the investigated population in the psychophysical test (acquisition error 

ratio, retrieval error ratio, generalization error ratio) was in the same range as that of the earlier 

investigated healthy controls of neurological and psychiatric patients59,60,139,140. Based on this 

we are strongly positive that the electrophysiological results showed here are representative. 

One of the common findings both in the visual and the audio-visual paradigms is the increased 

theta band activity in the parietooccipital, frontal midline, and prefrontal areas during the 

acquisition and retrieval phases. Frontal midline theta activity has been widely investigated 

(for review, see92), and its contribution seems to be obvious to internally-guided cognitive 

tasks that require no external responses141-143. A more general interpretation of the increased 

theta power in the frontal cortex could be the coordinated reactivation of information 

represented in visual areas. This was also found in single-unit recordings in primate V493 as 

well as LFP-synchronisation between the prefrontal cortex and V494. Regarding our findings, 

we hypothesize that the initial acquisition phase of the task requires more repeated 

reactivation of the cortical areas where the stimulus is processed. We also assume (based on 

the power-performance correlation) that the better the associations are encoded, the more 

enhanced theta activity can be observed in the frontal midline areas. 

Earlier findings of human electrophysiological studies indicated the role of the alpha band in 

visual144,145 as well as audio-visual processing146. Moreover, Hanslmayr and his colleagues147 

found that the performance in processing stimuli is more likely to be linked to decreased 

power in the alpha band. Another function that has been attributed to alpha activity is a 

mechanism of sensory suppression, thus functional gating of information in the task-irrelevant 

brain areas148,149. Indeed, our findings suggest that the initial parts of the trials (0-50 ms) are 

coupled to decreased alpha power, which were then followed by an increase of it in the visual 

(occipital) and audio-visual (parietooccipital) cortical areas. These together suggest that after 

a rapid processing of the cue image and sound, the threshold of the visual/audio-visual cortical 

areas for external stimuli becomes higher, allowing the information to be encoded (or 

retrieved). 

In the case of the beta frequency range, there is a growing evidence that enhanced beta 

oscillations appear in patients with Parkinson’s disease (PD) 150. A number of investigations 

found that the power increase of the beta frequency band negatively correlates with the 

severity of parkinsonian motor symptoms such as akinesia and rigidity151,152. As a result, beta 
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oscillations are currently investigated as a potential biomarker tracking the effectiveness of 

deep brain stimulation treatment of PD patients153. Furthermore, deep brain stimulation of the 

subthalamic nucleus at beta frequencies worsens motor symptoms in PD patients154. One of 

the main functions of the basal ganglia is to contribute to associative learning by the trial-and-

error method155,156. It is well-known that in PD (along with other deficits in which basal 

ganglia are affected) this learning mechanism is reduced33,34. Having seen in our results that a 

robust decrease of beta-power occurred in all phases (acquisition, retrieval and generalization 

phases) of both the visual and audio-visual learning tasks, one may consider that this cortical 

power density decrease in the beta band is a necessary cortical outcome of the normal action 

of the basal ganglia in visual and audio-visual associative learning tasks. 

The gamma frequency band plays an important role in memory processes157 as well as other 

cognitive processes, such as word learning, reading and expectancy36,37. We observed a power 

increase during the acquisition phase of the task in the frontal cortex and in associative cortical 

areas connected to the modality of the presented stimuli (i.e. the occipital cortex in the visual 

task, the parietotemporal areas in the audio-visual task). Thus, our results suggest that the 

acquisition phase of the learning paradigm needs strong cortical contribution. The power 

differences between the acquisition phase of the visual and audio-visual learning paradigm 

suggest stronger cortical contribution to the multisensory learning task. On the other hand, this 

increase in the gamma power was not obvious in the retrieval and the generalization phases of 

the paradigm. The explanation for this could be that the already-learned acquisitions were 

already transmitted to the hippocampus and the application of the earlier acquisitions does not 

need strong cortical activation in the gamma band. There is also evidence that a decrease in 

the gamma power of the local field potential correlates with performance and attention by 

selectively gating sensory inputs158,159 We assume that the decrease of the gamma power we 

found during the task over the cortical areas where the stimulus was processed (i.e. occipital 

areas in the visual and parietotemporal in the audio-visual task) could be beneficial in memory 

encoding and retrieval by filtering irrelevant external stimuli. 

Calculating the synchronization indices, we found increased coupling between theta and 

alpha/beta in each phase of both the visual and the audio-visual task, which are in accordance 

with earlier studies that emphasize the role of theta-gamma/beta coupling in memory 

processes40,41 and the alpha gamma/beta coupling in visual perception42,43. We also found that 

this synchronization was significantly stronger during each phase of the audio-visual task than 

in the visual paradigm. Furthermore, during the retrieval and generalization phases, we found 
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that the synchronization between theta-beta and alpha-beta was significantly stronger in the 

audio-visual task. We argue that the audio-visual paradigm required stronger synchronized 

cortical contribution in all phases of the task because of the cross-modal integration of the 

visual and auditory stimuli. This indicates that the multimodal (audio-visual) associations 

require more synchronized activation of the cortex. 

Optimal performance in the acquisition phase of the learning paradigms depends mainly on 

the integrity of the basal ganglia, whereas performance in the test phase (both retrieval and 

generalization) has been linked to the integrity of the hippocampal region59,160,161. It is also 

known that both fundamentally-involved structures, the basal ganglia and the hippocampi, are 

involved in attention processes (for a review, see162). At the behavioral level, multisensory 

integration could be dependent on the level of attention and is not an automatic, unconscious 

process163. A multisensory task seems to be more complex and probably needs more attention 

from the participants. However, our psychophysical results show no significant differences 

between the performances in the visual and the multisensory tasks. Although the role of 

attention cannot be excluded in the psychophysical learning test, the same level of 

performance in the unimodal visual and multimodal (audio-visual) learning paradigms 

contradicts the assumption that attention contributes significantly to the differences in cortical 

activation patterns. 
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Conclusion 

We can conclude that the changes in the power of the different frequency-band oscillations 

were more enhanced during the audio-visual paradigm than in the visual one. On the other 

hand, we found strong correlation during the acquisition phase between the power of different 

frequency bands and the psychophysical performance both in the visual and the audio-visual 

task. In addition, the acquisition retrieval and the generalization phases of the bimodal, audio-

visual task showed more synchronized cortical activity than the visual one. Our results suggest 

that the multisensory associative learning and the connected memory processes (retrieval, and 

generalization) require a prominent, and more synchronized cortical activation, while the 

unimodal visual associative learning and the connected memory processes require less 

synchronized cortical activity. These findings further emphasize the effect of multimodal 

integration during associative learning and memory processes. 
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Summary 

The three phases of the applied acquired equivalence learning test, i.e. acquisition, retrieval 

and generalization, investigate the capabilities of humans in associative learning, working 

memory load and rule-transfer, respectively. Earlier findings denoted the role of different 

subcortical structures of the visual test. Namely, the basal-ganglia seems to be crucial for the 

initial, acquisition phase of the paradigm, the latter retrieval and generalization phase of the 

paradigm requires intact mediotemporal lobe-hippocampal system.  However, there is a lack 

of information about how the cortical electrophysiology patterns measured with EEG are 

modified during the acquired equivalence task. It is also not obvious how multimodal cues 

would modify the EEG-patterns during acquired equivalence learning.  

To test this, we have recorded EEG from 18 healthy volunteers and analyzed the power spectra 

and the strength of cross-frequency coupling, comparing a unimodal visual-guided and a 

bimodal, audio-visual-guided paradigm. Time frequency-analysis using Morlet-wavelet 

convolution, and cross-frequency coupling analysis with group-level permutation-based 

statistics were performed on each phase of the paradigm. We found that the changes in the 

power of the different frequency band oscillations were more enhanced during the audio-

visual paradigm and they showed more synchronized activation compared to the visual 

paradigm. Furthermore, we found, that the performance of the acquisition phase was highly 

correlated with the power of the different frequency bands both in the visual and the audio-

visual task. These findings indicate that multimodal acquired equivalence learning and the 

connected memory processes require more synchronized cortical contribution than the visual 

one, which might be a possible biomarker of forming multimodal associations and the 

multisensory integration at behavioral level. 
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Power-spectra and cross-frequency 
coupling changes in visual and 
Audio-visual acquired equivalence 
learning
András Puszta   1, Ákos Pertich1, Xénia Katona1, Balázs Bodosi1, Diána Nyujtó1, Zsófia Giricz1, 
Gabriella Eördegh2 & Attila Nagy1

The three phases of the applied acquired equivalence learning test, i.e. acquisition, retrieval and 
generalization, investigate the capabilities of humans in associative learning, working memory load 
and rule-transfer, respectively. Earlier findings denoted the role of different subcortical structures and 
cortical regions in the visual test. However, there is a lack of information about how multimodal cues 
modify the EEG-patterns during acquired equivalence learning. To test this we have recorded EEG from 
18 healthy volunteers and analyzed the power spectra and the strength of cross-frequency coupling, 
comparing a unimodal visual-guided and a bimodal, audio-visual-guided paradigm. We found that the 
changes in the power of the different frequency band oscillations were more critical during the visual 
paradigm and they showed less synchronized activation compared to the audio-visual paradigm. 
These findings indicate that multimodal cues require less prominent, but more synchronized cortical 
contribution, which might be a possible biomarker of forming multimodal associations.

Associative learning is a complex task in which rule-transfer is increased between two superficially dissimilar 
stimuli (or antecedents) that have previously been associated with similar outcomes (or consequents)1. Catherine 
E. Myers and co-workers developed a learning paradigm (Rutgers Acquired Equivalence Test, also known as the 
fish-face paradigm), which can be applied to investigate a specific kind of associative learning, visually-guided 
equivalence learning2. This complex test consists of three phases which can be interpreted as better-known tests: 
The initial phase can be described as an associative learning or trial-and-error learning or rule-based learning 
task, which primarily requires an intact basal ganglia-network2,3. The second part is the retrieval phase, which can 
be interpreted as working memory maintenance, and the third part is the generalization or rule-transfer phase, 
which primarily requires an intact hippocampal-mediotemporal system4,5. Our research group adapted and mod-
ified the Rutgers Acquired Equivalence Test to make it more sensitive, and recently investigated the development 
of these learning functions in healthy humans and how migraines affect them6. This learning paradigm critically 
requires the normal function of subcortical structures, i.e. hippocampi and basal ganglia2,7. Cortical contribution 
is also necessary in the visually-guided learning paradigm as stimulus representations and associations are stored 
and (re)activated in stimulus-relevant cortical areas8–11. Thus, associative learning requires cooperation between 
the learning circuit and other task-specific brain areas.

Different areas of the brain must interact to provide the basis for the integration of sensory information, 
sensory-motor coordination and many other functions that are critical for learning, memory, and perception. 
Hebb suggested that this is accomplished by forming assemblies of cells whose synaptic linkages are strengthened 
whenever the cells are activated synchronously12. Neuronal oscillations are a natural consequence of forming 
such cell assemblies via the summation of hundreds of EPSPs and IPSPs, and the cerebral cortex generates mul-
titudes of oscillations at different frequencies mainly through inhibiting spike-trains at a specific frequency. To 
investigate these oscillations during associative learning, our research group used electroencephalography (EEG), 
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which is a well-known non-invasive monitoring method for investigating the electrical signals generated by large 
assemblies of neurons and their connections.

A number of investigations have described the EEG-features of the different phases of associative learning 
and memory. One key feature of the reward-related learning is that the positive feedback elicits beta power incre-
ment, while negative feedback causes power increment in both theta and beta power13,14. Furthermore, studies in 
associative learning tasks revealed gamma coherence over parietooccipital areas15,16. In working memory tasks, 
frontal midline theta power increment is a well-known phenomenon17–19. Theta/alpha-gamma cross frequency 
coupling in working memory load was described earlier20,21. The tasks described above mainly used unimodal 
stimulus-pairs to associate, and there is less information about how these patterns change if we apply multimodal 
stimulus-pairs.

It is well known from earlier studies that both brain structures fundamentally involved in visual associative 
learning, the basal ganglia and the hippocampi, receive not only visual but also multisensory information22–25. A 
bimodal or multimodal stimulus could be more informative in its complexity than a unimodal stimulus from the 
environment. The studies referenced above investigated visually-guided equivalence learning and to our knowl-
edge no study has addressed the cortical contribution to multisensory-guided acquired equivalence learning.

Multimodal information could be more informative, than a unimodal stimulus from the environment26,27. 
Multisensory integration occurs at different levels of brain functions. It can be observed at the cellular level28–31 in 
several brain regions, such as the superior colliculus32, the basal ganglia33,34 the cortex35, and the hippocampus36, 
and it can also be observed on the behavioral level37,38. In the present study we investigate the effect of multisen-
sory stimuli on associative learning and we ask whether there are any specific changes in the power spectra and 
in the cross-frequency coupling of the human neocortex in a multisensory task compared to a unimodal visual 
one39.

Results
Altogether 23 healthy volunteers participated in the investigation. For the biomathematical analysis (including 
the psychophysical results, time-frequency (TF) results, cross-frequency coupling results, and power - /synchro-
nization index (SI) - performance correlation), the raw electrophysiological data of 18 volunteers were analyzed, 
as in the other recordings the signal to noise ratio was low, and neither the excessive attempt to clean the data 
from muscular and ocular artefacts with preprocessing methods described earlier could make them acceptable.

Data visualization.  The electrophysiological results in four different frequency bands (theta (4–7 Hz), alpha 
(8–13 Hz), beta 14–30 Hz), and gamma (31–70 Hz) will be presented below for each phase (Acquisition, Retrieval 
and Generalization) of the two (visual and Audio-visual) paradigms.

In the time-frequency results, the group-level statistical differences between the time-frequency power spectra 
of the visual and audiovisual paradigm are presented in each frequency band, and in each phase of the paradigm 
(See Figs 1–3). In every case, the results are discussed in a range −500 ms–500 ms in case of the Acquisition 
phase, and −500 ms-0 ms in case of the Retrieval and Generalization phases, where the 0 ms denotes the time of 
the answer. We will give a detailed description of the statistical differences between the visual and the audiovisual 
paradigm only in those cases, where we found significant difference between the visual and the audiovisual para-
digms. Detailed descriptions of the changes in the time-frequency power spectra in each phase of the visual and 
Audio-visual paradigm compared to baseline activity are presented in the Supplementary Data (Supplementary 
Data 1). Furthermore, because of the huge amount of data, our detailed results of the time-frequency analysis 
cannot be interpreted with one plot. Instead, we provide an interactive surface, where the significant changes are 
available on each of the 64 channels in 10 ms-time bins (Supplementary Data 1).

In the cross-frequency coupling results, the group-level statistical differences between the mean synchroniza-
tion indices of the visual and Audio-visual paradigm are presented in each frequency band, and in each phase of 
the paradigm. Also, detailed descriptions of the SI-value changes of each phase of the visual and Audio-visual par-
adigm compared to the SI-value of the baseline activity are presented. Significant changes of the cross-frequency 
coupling in each channel in different phases of the paradigm will be presented using the topoplot function of 
EEGLab. For plotting purposes, only significant changes (i.e. where the Z-scores were >1.69) are presented on 
the plots (Fig. 4). In the smaller topographical plots, the significant difference between SI-values of the given 
phase and the background activity is shown. The red color indicates where the SI was significantly higher during 
the given phase compared to baseline-activity, and the blue color indicates where the SI in the given phase was 
significantly lower compared to baseline activity. On the larger topographical plots, we present the significant dif-
ference between the visual and audiovisual paradigm. Here, the red color indicates that the power of that specific 
frequency band in the given phase of the paradigm was significantly higher during the audiovisual task compared 
to the visual task, where the blue color indicates the opposite. As we found that the highest changes in the indi-
vidual comodulogram occurred at the modulating frequency band 8–15 Hz and the modulated frequency band 
at 31–45 Hz, our results will indicate the group level results found in that frequency range.

In the power-performance-correlation results, significant correlations (i.e. where the t-values were >2.583) 
are presented in each phase of the visual and audiovisual paradigm. For plotting purposes, only significant cor-
relations (i.e. Z-score > 1.69) between the performance in the psychophysical test and the cortical power changes 
(Fig. 5) are plotted on the topographical figures.

Performance in the visual and the Audio-visual psychophysical tests.  The mean correct trial ratios 
(correct trials/all trials) during different phases of the visual acquired equivalence test were as follows: 0.92 in 
the acquisition phase (range = 0.83–0.98, SD ± 0.04), 0.98 in the retrieval phase (range = 0.9–1, SD ± 0.02), and 
0.98 in the generalization phase (range = 0.92–1, SD ± 0.04), (Fig. 6A). Repeated measure analysis of variance 
(ANOVA) revealed significant difference in the correct trial ratios (F = 20.87, p < 0.001), and Tukey post-hoc 
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analysis revealed that the correct trial ratio in the acquisition phase was significantly lower compared to the 
retrieval and generalization phases (p < 0.001). The correct trial ratios did not differ significantly between the 
generalization and retrieval phase (p = 0.992).

The mean correct trial ratios during different phases of the Audio-visual acquired equivalence test were as 
follows: 0.94 in the acquisition phase (range = 0.90–0.98, SD ± 0.02), 0.98 in the retrieval phase (range = 0.88–1, 

Figure 1.  Time-frequency results in the acquisition phase. The figure shows the most important differences, 
which were found between the visual and the audiovisual tasks. Part (A) and Part (B) represent the results 
in the theta band, before and after the given answer, respectively. The (C,D) parts show the results in the 
alpha and gamma bands, respectively. Within each part of the figure, there are three different subplots. The 
subplots with number 1 (A1,B1,C1,D1) show the normalized power-fluctuation of the given channels, and 
the significant Z-scores between the two time-series calculated with random permutation test before and after 
500 ms of the given answer. 0 ms denotes the time point when the answer was given. The subplots with number 2 
(A2,B2,C2,D2) show the topographical representation of the mean normalized power in certain time-windows. 
The red colour indicates power-increase, while the blue one indicates power- decrease compared to baseline-
activity. The subplots with 3 (A3,B3,C3,D3) show the violin plot of the normalized powers in the selected time-
window and in the selected channels.

Figure 2.  Time-frequency results in the retrieval phase. The figure shows the most important differences, which 
were found between the visual and the audiovisual task. The (A–D) parts show the results in the theta, alpha, 
beta and gamma bands, respectively. Other conventions are same as on Fig. 1.
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SD ± 0.03), and 0.97 in the generalization phase (range = 0.83–1, SD ± 0.05), (Fig. 6B). Repeated measure 
ANOVA revealed significant difference in the correct trial ratios (F = 7.49, p = 0.002), and Tukey post-hoc anal-
ysis revealed that the correct trial ratio in the acquisition phase was significantly lower compared to the retrieval 
(p = 0.002) and generalization phases (p = 0.019). The correct trial ratios did not differ significantly between the 
generalization and retrieval phase (p = 0.709).

Group-level analysis of the time-frequency power spectra in the visual and Audio-visual asso-
ciative learning paradigms.  We interpret our EEG results in each frequency band by showing the cortical 
areas and the corresponding channels where we found significant differences between the power spectra of the 
two paradigms. Because of the huge amount of data, our detailed results cannot be interpreted with one plot. 
Instead, we provide an interactive surface where each significant difference is presented in all 64 channels and in 

Figure 4.  Topographical representation of the cross-frequency theta-beta and alpha-beta coupling results 
during the visual and audiovisual task. In the smaller topographical plots, the significant difference between 
SI-values of the given phase and the background activity is shown. The red color indicates where the SI was 
significantly higher during the given phase compared to baseline-activity, and the blue color indicates where the 
SI in the given phase was significantly lower compared to baseline activity. On the larger topographical plots, we 
present the significant difference between the visual and audiovisual paradigm. Here, the red color indicates that 
the power of that specific frequency band in the given phase of the paradigm was significantly higher during the 
audiovisual task compared to the visual task, where the blue color indicates the opposite.

Figure 3.  Time-frequency results in the generalization phase. The figure shows the most important differences, 
which were found between the visual and the audiovisual task. The (A–D) parts show the results in the theta, 
alpha, beta and gamma bands, respectively. Other conventions are same as on Fig. 1.
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each 10 ms-time section (Supplementary Data 1). Additionally, we provide summarizing pictures and a table of 
our results (see in Figs 1–3 for Acquisition, Retrieval, Generalization, respectively and Table 1).

Acquisition phase.  For the graphical interpretation of our time-frequency results in the acquisition phase 
see Fig. 1.

The Mann-Whitney test revealed that the power of the theta band was significantly higher during the audio-
visual paradigm (mean = 0.118 dB, STD = 0.5 dB, Range = 0 dB 2.814 dB) compared to the visual paradigm 
(mean = −0.042 dB, STD = 0.459 dB, Range = −3.698 dB 2.012 dB) over the frontal channels, 400 ms to 170 ms 
before the answer. After the answer (from 0 ms to 400 ms after the answer), the power of the theta band was sig-
nificantly higher (p < 0.001) in the audiovisual paradigm (mean = 0.078 dB, STD = 0.494 dB, Range = −1.943 dB 
6.794 dB) compared to the visual paradigm (mean = −0.023 dB, STD = 0.655 dB, Range = −6.954 dB 5.212 dB) 
not only over the frontal but over the parietooccpital channels, too.

In case of the alpha frequency band we found that the power was significantly lower (p < 0.001) during the 
visual paradigm (mean = −0.278 dB, STD = 1.159 dB, Range = −6.664 dB 0 dB), than in the audiovisual one 
(mean = 0.012 dB, STD = 0.140 dB, Range = −1.386 dB 1.041 dB) over the occipital channels, 350 ms to 170 ms 
before the answer.

We observed no significant difference in the beta power between the visual and the audiovisual paradigm.
The power of the gamma band was significantly higher (p = 0.005) during the audiovisual paradigm 

(mean = 0.093 dB, STD = 0.417 dB, Range = −0.496 dB 4.472 dB) than in the visual one (mean = 0.08 dB, 
STD = 0.36 dB, Range = −0.842 dB 3.491 dB), over the parietal channels, starting from 0 ms until 500 ms after 
the given answer.

Retrieval phase.  For the graphical interpretation of our time-frequency results in the retrieval phase see 
Fig. 2.

The Mann-Whitney test revealed that the power of the theta band was significantly higher (p < 0.001) in the 
audiovisual paradigm (mean = 0.066 dB, STD = 0.383 dB, Range = −1.871 dB 3.718 dB) than in the visual para-
digm (mean = −0.02 dB, STD = 0.276 dB, Range = −3.549 dB 2.006 dB) over the temporal and frontal channels, 
500 ms to 0 ms before the answer.

In case of the power of the alpha frequency band we found that it was significantly lower (p < 0.001) during 
the visual paradigm (mean = −0.253 dB, STD = 1.058 dB, Range = −8.308 dB 0 dB) than in the audiovisual para-
digm (mean = −0.036 dB, STD = 0.222 dB, Range = −2.324 dB 0.971 dB) over the parietooccipital channels, from 
500 ms before the answer.

The power of the beta frequency band was significantly higher (p < 0.001) during the audiovisual paradigm 
(mean = 0.027 dB, STD = 0.276 dB, Range = −3.61 dB 2.994 dB) than in the visual paradigm (mean = −0.093 dB, 
STD = 0.47 dB, Range = −5.524 dB 1.11 dB), over the occipital and parietooccipital channels, from 500 ms before 
the answer.

The power of the gamma band was significantly higher (p < 0.001) during the audiovisual para-
digm (mean = 0.026 dB, STD = 0.27 dB, Range = −3.205 dB 4.133 dB) compared to the visual paradigm 

Figure 5.  Topographical representation of the power-performance correlation in each phase of the paradigm, 
during the visual and audiovisual task. Significant correlations (i.e. where the t-values were >2.583) are 
presented in each phase of the visual and audiovisual paradigm. For plotting purposes, only significant 
correlations between the performance in the psychophysical test and the cortical power changes are plotted on 
the topographical figures.
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(mean = −0.041 dB, STD = 0.302 dB, Range = −4.662 dB 2.088 dB), over the frontal and parietooccipital chan-
nels, starting from 500 ms before the answer.

Generalization phase.  For the graphical interpretation of our time-frequency results in the generalization 
phase see Fig. 3.

The Mann-Whitney test revealed that the power of the theta band was significantly higher (p < 0.001) during 
the audiovisual paradigm (mean = 0.009 dB, STD = 0.356 dB, Range = −3.022 dB 3.157 dB) than in the visual one 
(mean = −0.127 dB, STD = 0.677 dB, Range = −8.810 dB 2.529 dB) over the frontal and parietooccipital channels, 
from 500 ms before the answer.

The power of the alpha frequency band was significantly lower (p < 0.001) during the visual paradigm 
(mean = −0.245 dB, STD = 1.065 dB, Range = −8.11 dB 0.381 dB), compared to the audiovisual paradigm 
(mean = −0.033 dB, STD = 0.409 dB, Range = −4.785 dB 3.102 dB) over the occipital and parietooccipital chan-
nels, from 500 ms before the answer.

The power of the beta frequency band was significantly higher (p < 0.001) during the audiovisual par-
adigm (mean = 0.017 dB, STD = 0.347 dB, Range = −5.557 dB 3.102 dB) compared to the visual paradigm 
(mean = −0.066 dB, STD = 0.438 dB, Range = −6.089 dB 3.068 dB), over the parietooccipital channels, starting 
from 500 ms before the answer.

The power of the gamma band was significantly higher in the audiovisual paradigm (mean = 0.026 dB, 
STD = 0.346 dB, Range = −4.803 dB 4.537 dB) than in the visual paradigm (mean = −0.038 dB, STD = 0.376 dB, 
Range = −5.521 dB 3.49 dB), over the frontal and parietooccipital channels, starting from 500 ms before the 
answer.

Condition
Frequency 
band Time bounds Cortical region

Power in visual paradigm

p-value

Power in audiovisual paradigm

mean std min max mean std min max

Acquisition Theta −400ms −170ms Frontal −0,042 0,459 −3,698 2,012 <0.001 0,118 0,500 0,000 2,814

Acquisition Theta 0 ms 400 ms Frontal Parietooccipital −0,023 0,655 −6,954 5,212 <0.001 0,078 0,494 −1,943 6,794

Acquisition Alpha −350ms −170ms Occipital −0,278 1,159 −6,644 0,000 <0.001 0,012 0,140 −1,386 1,041

Acquisition Gamma 0 ms 500 ms Parietal 0,080 0,360 −0,842 3,491 0.005 0,093 0,417 −0,496 4,472

Retrieval Theta −500 ms 0 ms Temporal Frontal −0,020 0,276 −3,549 2,006 <0.001 0,066 0,383 −1,871 3,718

Retrieval Alpha −500 ms 0 ms Parietooccipital −0,253 1,058 −8,308 0,000 <0.001 −0,036 0,222 −2,324 0,971

Retrieval Beta −500 ms 0 ms Occipital Parietooccipital −0,093 0,470 −5,524 1,110 <0.001 0,027 0,276 −3,610 2,994

Retrieval Gamma −500 ms 0 ms Frontal + Parietooccipital −0,041 0,302 −4,662 2,088 <0.001 0,026 0,270 −3,205 4,133

Generalization Theta −500 ms 0 ms Frontal + Parietooccipital −0,107 0,677 −8,810 2,529 <0.001 0,009 0,356 −3,022 3,157

Generalization Alpha −500 ms 0 ms Occipital + Parietooccipital −0,245 1,065 −8,110 0,381 <0.001 −0,033 0,409 −4,785 3,102

Generalization Beta −500 ms 0 ms Parietooccipital −0,066 0,438 −6,089 3,068 <0.001 0,017 0,347 −5,557 3,933

Generalization Gamma −500 ms 0 ms Frontal + Parietooccipital −0,038 0,376 −5,521 3,490 <0.001 0,026 0,346 −4,803 4,537

Table 1.  Table of the statistics of the most important differences between the visual and audiovisual time-
frequency results. We provide a summarizing table of the descriptive statistic of the normalized powers in 
different frequency band and time-window identified in the interactive surface provided in the Supplementary 
Data 1. The p-value between the visual and audiovisual task was calculated with Mann-Whitney test.

Figure 6.  Box plots of the correct trial ratios in each phase of the paradigm during visual (A) and Audio-visual 
(B) acquired equivalence learning test.
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Correlation between TF-power and psychophysical performance.  To reveal the significant TF-power that cor-
related with the psychophysical performance, we calculated the correlation between the mean power of differ-
ent frequency bands and performance in the different phases of the paradigm (Acquisition – before and after 
the given answer – Retrieval, Generalization). See detailed description of the calculations in the Materials and 
Methods section. In this section we summarize the significant differences in the regions in different frequency 
bands during the different phases of the paradigm. In the topographical figures we present the significant corre-
lation coefficients found in different phases of the paradigm (Fig. 5).

Visual associative learning paradigm.  We found a positive correlation between the power of the higher fre-
quency oscillations (beta, gamma) during the acquisition phase over the parietal and temporal channels before 
and after the answer.

In the alpha band, we found positive correlations between the power over the temporal channels before and 
after the answer and performance.

In the theta band power, we found a positive correlation between the performance and power before the 
answer over the temporal channels. However, we found that the power of theta band over the parietal channels 
after the answer was negatively correlated with performance.

During the retrieval phase of the visual-associative learning paradigm, we found that power of the gamma 
band over the temporal channels positively correlated with performance. Concerning the lower frequency bands, 
their power over the parietooccipital channels positively correlated with performance.

In case of the generalization phase, we observed positive correlation between the psychophysical performance 
and the power of beta band over the frontal channels.

In case of the alpha band, we observed positive correlation over the frontal channels, and in case of the theta 
band we found positive correlation over the frontotemporal and parietal channels.

Audiovisual associative learning paradigm.  In the acquisition phase of the audiovisual paradigm we found no 
significant correlation between the power of the higher frequency band (beta, gamma) and the psychophysical 
performance.

We observed positive correlation between the power of the alpha band before the answer over the frontal and 
frontotemporal channels and performance. After the answer we found, that the power of the alpha band positively 
correlated over the frontal channels, and negatively correlated over the parietooccpital channels.

We observed negative correlation over the frontal channels and positive correlation over the temporoparietal 
channels between performance and the power of the theta band before the answer. After the answer we found, 
that the power of the theta band negatively correlated over the parietooccipital channels with performance.

In the retrieval phase of the audiovisual paradigm we found, that the power of the theta band over the parietal 
channels positively correlated with the psychophysical performance. We did not find any significant correlations 
between the power of other frequency bands and the psychophysical performance.

In the generalization phase we found, that the power of the alpha band over the parietooccipital negatively 
correlated with performance. We also found that the power of the theta band over the parietotemporal channels 
positively correlated with performance.

Cross-frequency coupling in the visual and Audio-visual associative learning paradigms.  
During the acquisition phase of the paradigm, we found a significant decrease in cross-frequency theta-beta 
coupling compared to baseline-activity both in the case of the visual and the audiovisual paradigm before the 
given answer. After the given answer, we found significant SI-elevation compared to baseline activity over the 
occipital-parietooccipital channels (Iz, PO8), which was higher during the audiovisual paradigm.

Regarding the alpha-beta coupling, we found a significant increase of the SI-values before the answer over the 
whole scalp in the case of the audiovisual paradigm, and over the left frontal-frontotemporal (FP1, AF3, AF7, 
F1, F3, F5, F7, FC1, FC3, FC5) and parietooccipital-occipital (PO4, O2) channels. Comparing the visual and the 
audiovisual paradigm, before the given answer in the acquisition phase, we found that the SI-values were signifi-
cantly higher over the temporal (T7, T8, TP8, C6) and frontotemporal (FC6, F6) channels during the audiovisual 
paradigm.

After the answer, we found that alpha-beta coupling was significantly higher compared to the baseline activity 
both in the visual and the audiovisual paradigm, predominantly over the parietooccipital-occipital (PO4, PO8, 
O2, Oz) channels, which was higher during the audiovisual paradigm.

During the retrieval phase of the paradigm, we observed significant theta-beta coupling decrease over the 
whole scalp during both the visual and audiovisual paradigm. Comparing the visual and the audiovisual para-
digm, we found that the SI-decrease was higher over the right parietooccipital (P8, P6) channels during the visual 
paradigm.

For the alpha-beta coupling, we observed a significant decrease of the SI-values compared to baseline activity 
over the right temporal, frontotemporal and parietoocciptal channels during the visual paradigm. We observed 
significant alpha-beta cross-frequency coupling increase over the whole scalp during the audiovisual paradigm. 
Comparing the visual and the audiovisual paradigm, we found that the SI-values were higher over the right 
temporal-frontotemporal (T8, C6, FT8, F8) and parietooccipital-occipital (Iz, P9) channels during the audiovis-
ual paradigm.

During the generalization phase, we found significant theta-beta coupling over the parietooccipital-occipital 
channels (PO8, PO4, P2, P4, P6, P8) during the visual paradigm. We found that the theta-beta coupling was sig-
nificantly higher compared to baseline activity over the whole scalp during the audiovisual paradigm. Comparing 
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the visual and audiovisual theta-beta coupling strength, we found that the SI-values were significantly higher over 
the frontotemporal (C4, F8, F6) and occipital (Iz, Oz, POz) channels during the audiovisual paradigm.

In the case of the alpha-beta coupling, we found the same pattern of SI-value increase that was observed in the 
theta-beta coupling during the generalization phase.

Discussion
The present study analyzed the EEG correlates in a visually-guided and an Audio-visually (bimodal or multisen-
sory) guided acquired -equivalence learning tasks. To our knowledge, this is the first study to address the compar-
ison of the cortical power spectra and their changes in a unimodal visual and a multisensory associative learning 
task. The major finding of the study is that the cortical activity depends critically on the phase of the paradigm, 
and some changes in cortical powers are characteristic to unimodal visual and multisensory Audio-visual tasks. 
In general, during the audiovisual paradigm, the power changes of the event-related low and high-oscillations 
were higher compared to the visual paradigm, but the psychophysical performance of the acquisition phase only 
correlated with the power of different frequency bands during the visual paradigm. On the other hand, while 
the power changes of the event-related oscillations were higher during the audiovisual paradigm, the perfor-
mance did not depend on the power of different oscillations, and the strength of the cross-frequency coupling was 
higher. Furthermore, the performance of the acquisition phase seems to be more connected to the strength of the 
alpha-beta coupling during the audiovisual paradigm. We are convinced that the cortical power differences in the 
two paradigms cannot be the result of having previously completed the first task (precondition), hence the order 
of the two paradigms (visual and Audio-visual) varied randomly across subjects.

The role of multimodal cues in associative learning has been widely investigated (for review see40). The psy-
chological studies provided evidence, that multisensory working memory improves recall for cross-modal objects 
compared to modality-specific objects41,42, working memory capacity is higher for cross-modal objects under 
certain circumstances43 and visual and auditory information can interfere with each other44. While former stud-
ies revealed mainly cortical areas are involved in associative learning45,46, only few electrophysiological studies 
showed the functional basis of the multisensory integration47, and to our knowledge, our study is the first that 
describes the role of different oscillations in multisensory integration during learning.

The performance of the investigated population in the psychophysical test (acquisition error ratio, retrieval 
error ratio, generalization error ratio) was in the same range as that of the earlier investigated healthy controls 
of neurological and psychiatric patients2,4,6,48. Based on this we are strongly positive that the electrophysiological 
results showed here are representative.

One of the common findings both in the visual and the Audio-visual paradigm is the increased theta band 
activity in the parietooccipital, frontal midline, and prefrontal areas during the acquisition and retrieval phases. 
Frontal midline theta activity has been widely investigated (for review, see49), and its contribution seems to be 
obvious to internally-guided cognitive tasks that require no external responses50–52. A more general interpretation 
of the increased theta power in the frontal cortex could be the coordinated reactivation of information represented 
in visual areas. This was also found in single-unit recordings in primate V453 as well as LFP-synchronisation 
between the prefrontal cortex and V454. Regarding our findings, we hypothesize that the initial acquisition phase 
of the task requires more repeated reactivation of the cortical areas where the stimulus is processed. We also 
assume (based on the power-performance correlation we observed) that the better the associations are encoded, 
the more enhanced theta activity can be observed in the frontal midline areas.

The earlier findings of human electrophysiological studies indicated the role of the alpha band in visual55,56 as 
well as Audio-visual processing57. Moreover, Hanslmayr and his colleagues58 found that the performance in pro-
cessing stimuli is more likely to be linked to decreased power in the alpha band. Another function that has been 
attributed to alpha activity is a mechanism of sensory suppression, thus functional gating of information in the 
task-irrelevant brain areas59,60. Indeed, our findings suggest that the initial parts of the trials (0–50 ms) are coupled 
to decreased alpha power, which were then followed by an increase of it in the visual (occipital) and Audio-visual 
(parietooccipital) cortical areas. These together suggest that after a rapid processing of the cue image and sound, 
the threshold of the visual/Audio-visual cortical areas for external stimuli becomes higher, allowing the informa-
tion to be encoded (or retrieved) internally.

In the case of the beta frequency range, there is a growing evidence that enhanced beta oscillations appear 
in patients with Parkinson disease (PD)61. A number of investigations found that a power increase of the beta 
frequency band correlates with the severity of parkinsonian motor symptoms such as akinesia and rigidity62,63. 
As a result, beta oscillations are currently investigated as a potential biomarker tracking the effectiveness of deep 
brain stimulation treatment of PD patients64. Furthermore, deep brain stimulation of the subthalamic nucleus at 
beta frequencies worsens motor symptoms in PD patients65. One of the main functions of the basal ganglia is to 
contribute to associative learning by the trial-and-error method66,67. It is well-known that in PD (along with other 
deficits in which basal ganglia are affected) this learning mechanism is reduced33,34. Having seen in our results 
that a robust decrease of beta-power occurred in all phases (acquisition, retrieval and generalization phases) of 
both the visual and Audio-visual learning tasks, one may consider that this cortical power density decrease in the 
beta band is a necessary cortical outcome of the normal action of the basal ganglia in visual and Audio-visual 
associative learning

The gamma frequency band plays an important role in memory processes68 as well as other cognitive pro-
cesses, such as word learning, reading, and expectancy36,37. We observed a power increase during the acquisition 
phase of the task in the frontal cortex and in associative cortical areas connected to the modality of the presented 
stimuli (i.e. the occipital cortex in the visual task, the parietotemporal areas in the Audio-visual task). Thus, we 
hypothesize that the acquisition phase of the learning paradigm needs strong cortical contribution. The power 
differences between the acquisition phase of the visual and Audio-visual learning paradigm suggest stronger cor-
tical contribution to the multisensory learning task. On the other hand, this increase in the gamma power was not 
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detectable in the retrieval and the generalization phases of the paradigm. The explanation for this could be that 
the already-learned acquisitions were already transmitted to the hippocampus and the application of the earlier 
acquisitions does not need strong cortical activation in the gamma band. There is also evidence that a decrease 
in the gamma power of the local field potential correlates with performance and attention by selectively gating 
sensory inputs69,70 We assume that the decrease of the gamma power we found during the task over the cortical 
areas where the stimulus was processed (i.e. occipital areas in the visual and parietotemporal in the Audio-visual 
task) could be beneficial in memory encoding and retrieval by filtering irrelevant external stimuli.

Calculating the synchronization indices, we found increased coupling between theta and alpha/beta in each 
phase of both the visual and the Audio-visual task, which are in accordance with earlier studies that emphasize 
the role of theta-gamma/beta coupling in memory processes40,41 as well as the alpha gamma/beta coupling in 
visual perception42,43. We also found that this synchronization was significantly stronger during each phase of the 
Audio-visual task than in the visual paradigm. Furthermore, during the retrieval and generalization phases, we 
found that the synchronization between theta-beta and alpha-beta was significantly stronger in the audiovisual 
task. We argue that the audiovisual paradigm required stronger synchronized cortical contribution in all phases 
of the task because of the cross-modal integration of the visual and auditory stimuli. Furthermore, as the power 
of the cortical oscillations increased more during the visual task compared to the Audio-visual task, this indicates 
that the multimodal (audiovisual) associations require less, but more synchronized activation of the cortex.

Optimal performance in the acquisition phase of the learning paradigms appears to depend mainly on the 
integrity of the basal ganglia, whereas performance in the test phase (both retrieval and generalization) has been 
linked to the integrity of the hippocampal region2,71,72. It is also known that both fundamentally-involved struc-
tures, the basal ganglia and the hippocampi, are involved in attention processes (for a reviews, see73). At the 
behavioral level, multisensory integration could be dependent on the level of attention and is not an automatic, 
unconscious process74. A multisensory task seems to be more complex and probably needs more attention from 
the participants. However, our psychophysical results show no significant differences between the performances 
in the visual and the multisensory tasks. In summary, although the role of attention cannot be excluded in the psy-
chophysical learning test, the same level of performance in the unimodal visual and multimodal (Audio-visual) 
learning paradigms contradicts the assumption that attention contributes significantly to the differences in cor-
tical activation patterns.

We can conclude that the changes in the power of the different frequency-band oscillations were more critical 
during the visual paradigm. On the other hand, the encoding and the retrieval part of the bimodal, Audio-visual 
task required more strongly synchronized cortical activity than those of the visual one. The two former statements 
are probably due to the fact that in the case of the multisensory associations the investigated memory processes 
(encoding, retrieval, and generalization) require less prominent, but more synchronized cortical activation, while 
the unimodal associations require more prominent and less synchronized cortical activity during the same mem-
ory processes. These findings further emphasize the effect of multimodal integration during associative learning 
and memory processes.

Materials and Methods
The EEG data of 23 adult healthy young adults were recorded (12 females, 11 males, mean age: 26 years, 
range = 18–32). The participants were free of any ophthalmological or neurological conditions, and they were 
tested for parachromatism with the PseudoIsochromatic Plate Color Vision Test. The participants were recruited 
on a voluntary basis. The potential subjects were informed about the background and goals of the study, as well as 
about the procedures involved. It was also emphasized that, given the lack of compensation or any direct benefit, 
the participants were free to quit at any time without any consequence (no one did so). Those who decided to 
volunteer signed an informed consent form. The study protocol conformed to the tenets of the Declaration of 
Helsinki in all respects, and was approved by the Medical Ethics Committee of the University of Szeged, Hungary 
(Number: 50/2015-SZTE). The datasets generated and analyzed during the present study and the Matlab codes, 
that were used in the analytical process connected to this study are available in the Supplementary Data 2.

Visual associative learning test.  The testing software (described in earlier studies and originally written 
for iOS2) was adapted to Windows. It was coded in Assembly for Windows and translated into Hungarian, with 
the written permission of the copyright holder. The paradigm was also slightly modified to reduce the probability 
of completing its acquisition phase by mere guessing (see below). The tests were run on a PC. The stimuli were 
displayed on a standard 17- inch CRT monitor (refresh rate 100 Hz) in a quiet room separated by a one-way mir-
ror from the recording room. Participants sat at a 114 cm distance from the monitor. One participant was tested at 
a time and no time limitation was set. The test was structured as follows: in each trial of the task, the participants 
saw a face and a pair of fish of different color, and had to learn through trial and error which fish was connected 
with which face (Fig. 1). There were four faces (A1, A2, B1, B2) and four possible fish (X1, X2, Y1, Y2), referred to 
as antecedents and consequents, respectively. In the initial, acquisition stages, the participants were expected to 
learn that when A1 or A2 appears, the correct answer was to choose fish X1 over fish Y1; given face B1 or B2, the 
correct answer was to choose fish Y1 over fish X1. If the associations were successfully learned, participants also 
learned that face A1 and A2 were equivalent with respect to the associated fish (faces B1 and B2 likewise). Next, 
participants learned a new set of pairs: given face A1, they had to choose fish X2 over Y2, and given face B1, fish 
Y2 over X2. This was the end of the acquisition phase. To this point, the computer provided feedback about the 
correctness of the choices, and six of the possible eight fish-face combinations were taught to the participants. In 
the following phases (retrieval and generalization), no feedback was provided. Beside the already-acquired six 
pairs (tested in the retrieval phase) the hitherto not shown two pairs were also presented, which were predictable 
based on the learned rules (tested in the generalization phase). Having learned, that faces A1 and A2 are equiv-
alent, participants were expected to generalize from learning that if A1 goes with X2, A2 also goes with X2; the 
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same holds for B2 (equivalent to B1) and Y2 (equivalent to B1). During the acquisition stages, new associations 
were introduced one by one, mixed with trials of previously-learned associations. The subjects had to achieve a 
certain number of consecutive correct answers after the presentation of each new association (4 after the pres-
entation of the first association, and 4, 6, 8, 10, 12 with the introduction of each new association, respectively) to 
be allowed to proceed. In order to minimize the repetition effect in the acquisition phase, the last, 12-answer trial 
of the acquisition phase were set to be the part of the retrieval phase. This resulted in an elevated number of the 
required consecutive correct trials compared to the original paradigm, which made getting through the acquisi-
tion phase by mere guessing less probable. Similarly, in the test phase there were 48 trials (12 trials of new and 36 
trials of previously-learned associations), as opposed to the 16 trials of the original paradigm.

Audio-visual associative learning test.  We developed the Audio-visual (multisensory or bimodal) guided 
acquired equivalence learning test. The structure of the paradigm was the same as of the visual associative learning 
test, with the difference that the four antecedents were four sounds (A1, A2, B1, B2) and the consequents were the 
same four faces as in the visual associative learning paradigm. The main task of the participants was to determine 
from trial to trial which of the two given faces corresponds to the sound heard at the beginning of the trial. The 
sounds of the paradigm were a female voice saying “Hello”, the sound of a guitar, the sound of a motorcycle, and the 
sound of a cat. Each sound lasted less than 1 sec. The category rule implemented in the four faces (i.e. sex, age, hair 
color) was the same as in the visual paradigm, so similarity across the sounds was not important, but the similarity 
across the four faces was the same as in case of the visual paradigm. During the acquisition phase, six of the possible 
eight sound-face combinations were learned. During the test phase, no feedback was provided anymore, but beside 
the already-acquired six pairs (learned in the retrieval phase), the hitherto not shown last two pairs were also pre-
sented (generalization phase). For visual representation of the two task, see Fig. 7.

Data acquisition.  Sixty-four channel EEG recordings were performed using a Biosemi ActiveTwo AD-box 
with 64 active electrodes. Actiview software was used to set up the parameters and record the EEG-data (Biosemi 
B.V., The Netherlands). The sampling rate was 2048 Hz. Electrode offsets were all kept within normal and accept-
able ranges. Raw signals were recorded on the computer that controlled the psychophysical learning task. The 

Figure 7.  Graphic overview of the unimodal visual (lower panel) and the bimodal Audio-visual (upper panel) 
acquired equivalence paradigms.
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stimulating software generated trigger signals to indicate the beginning of each trial. These trigger signals were 
recorded on an additional (sixty-fifth) channel. In order to obtain the baseline activity, one-minute-long resting 
state activities were recorded before and after testing the visual and Audio-visual associative learning test. The 
order of the two tests (visual and Audio-visual associative learning test) varied randomly across volunteers.

Preprocessing.  The raw EEG data was first high-pass filtered (the filtering method used a 2 Hz highpass, 
two-way, least-squares FIR procedure, as implemented in the eegfilt.m script included in the eeglab package)), 
and then re-referenced to the average of the channels. All trials were visually inspected, and those containing 
EMG or other artefacts not related to blinks were manually removed. Independent components analysis was com-
puted using the EEGLab toolbox for Matlab75, and components containing blink/oculomotor artefacts or other 
artefacts that could be clearly distinguished from brain-driven EEG signals were subtracted from the data. The 
trials were defined as 500 ms before and after the given answer. In order to minimize the repetition effect in the 
acquisition phase, the last 12-answer trial of the acquisition phase was set to be the part of the retrieval phase. The 
subtracted trials did not exceed 1% of all trials. The mean trials of the phases of the paradigm was 54, 50 and 12, 
in the acquisition, retrieval and generalization phase, respectively. Additionally, noisy channels were interpolated 
using EEGLab toolbox. Then we used Laplacian fitting to improve the spatial resolution of the recording76. After 
the preprocessing steps, the data was resampled to 256 Hz, to minimize the computational time. This is the reason 
that in the present study the results of the time-frequency analysis are given in 10 ms-bins.

Data analysis.  All data analysis was performed using Matlab (MATLAB and Statistics Toolbox Release 
2018a, The MathWorks, Inc., Natick, Massachusetts, United States.) and Statistica software (Dell Statistica for 
Windows v13).

Analysis of the performances in the psychophysical learning tasks.  The psychophysical data were 
analysed in three groups: data from the acquisition phase, data from the retrieval parts of the test phase (i.e. when 
the participant was presented an already-learned association), and data from the generalization part of the test 
phase (i.e. previously-not-learned associations). The number of correct and wrong responses were calculated in 
all phases, as well as the ratio of these to the total number of trials during the respective phase.

Time-frequency analysis.  Time-frequency analysis was performed using a Continous Morlet wavelet con-
volution (CMW) via FFT algorithm77. Firstly, FFT was first performed on one selected channel of the raw data. 
Then complex Morlet wavelets were created for each frequency (1–70 Hz) on which FFT was also executed. The 
cycles of the wavelets increased logarithmically as the frequency varied in a linear manner. After that, we calcu-
lated the dot product of the given channel’s FFTs and the FFTs of the complex Morlet wavelets at each individual 
frequency, which yielded 70 complex numbers. Thereafter, the inverse Fast Fourier transform of the results of the 
dot product showed the alterations of the power in the time domain as follows:

= ⋅K IFFT fft C fft W( ( ) ( ))x x

where the K is the time-series of the given channel, wavelet-filtered to frequency x, C is the time series of all 
trials of different phases, and W is the complex Morlet wavelet in a given frequency x. In order to avoid the 
edge-artifacts of the Morlet wavelet convolution, the raw data was multiplied five times before the convolution, 
yielding a two-series-long buffer zone at the beginning and the end of the time-series, which was cut out after 
the time-frequency analysis. After that, the channel’s data was cut into different phases of the paradigm (baseline, 
acquisition, retrieval, generalization). The trials were defined as the 500 ms before and after the given answer. 
As the baseline activity was longer than the compared periods (i.e. the signal belonging to a given condition), 
the baseline activity was bootstrap-resampled to match the given condition by cutting one-second-long periods 
randomly from the baseline activity (1–1 minute before and after the first and the last trigger-signal, respec-
tively). The bootstrapping method was the same as described in78.The data set for the purposed null-hypothesis 
(global band) was generated by iteratively calculating the mean difference of the randomized permutation of 
the power values of a particular channel in a given frequency band in two different phases of the paradigm 
(Baseline-Acquisition, Baseline-Retrieval, Baseline-Generalization). The Z-scores for each channel were then 
calculated between the distributions derived from the global band and the mean difference of the power values 
in a given frequency band between the analysed phase and the baseline activity. Z-scores were corrected by the 
minimum and maximum point of the null hypothesis distribution (also known as cluster-mass correction77,79).

Group-level analysis of the CMW was carried out in the same way as in the individual analysis described above, 
with the difference that the random permutation was performed across the mean power values of the subjects and 
not across the power value of each individual trial. The visualized methodological procedures of the above-described 
permutation-based test can be seen in one of our earlier publications through an individual example80. In the interactive 
surface provided in the Supplementary Material (Supplementary Data 1) only significant Z-scores calculated the above 
mentioned way are provided. As the data was resampled to 256 Hz, the time-bins in the Supplementary Data are 10 ms.

We identified the time-windows in which we found significant difference between the visual and the audio-
visual paradigm, using the interactive surface provided in the Supplementary Material (Supplementary Data 1). 
After we identified the significant time-windows and the corresponding channels in each frequency band and 
condition, we additionally tested if the individual normalized powers of the different frequency bands in the 
selected channels and time-points are significantly different in the visual and the audiovisual paradigm by 
using Mann-Whitney test. The individual normalized powers were obtained by normalizing each individual 
time-frequency power in each condition and on each channel to the mean power of the baseline activity in the 
same channel and same frequency using decibel-normalization. Furthermore, to see the significant differences in 
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the time-domain in the selected channels, we performed permutation-test between the normalized power time 
series of the visual and audiovisual test.

Calculation of event-related cross-frequency coupling.  Event-related synchronization index (SI) was 
calculated in order to examine whether the power of the high-frequency oscillations are coupled to the phase of 
the low-frequency oscillations on the same channel. The calculation method was almost the same as described by 
Cohen81. We will give a detailed description of the calculation of the SI in one phase of the paradigm in one chan-
nel’s data referred as raw analytic signal. In the first step, the higher-frequency power time series were extracted 
from the concatenated trials. This was done by the combination of band-pass filtering and Hilbert transforma-
tion. First, we used a narrow band pass to filter the analytic signal to each frequency of beta and gamma band 
(15–70 Hz). The filtering method used a 4 Hz-width, two-way, least-squares FIR procedure (as implemented in 
the eegfilt.m script included in the eeglab package). Then we performed Hilbert transformation on the narrow 
bandpass-filtered epochs. The power time-series was extracted as the squared magnitude of z(t), the analytic sig-
nal obtained from the Hilbert transform (power time series: p(t) = real[z(t)]2 + imag[z(t)]2).

Then we band-pass filtered the raw analytic signal to each frequency of the low-frequency range (2–20 Hz, 
with 4 Hz-width). The phase of the band-pass filtered low- and high-frequency power time series were obtained 
from the Hilbert transform of the two time-series, respectively.

The synchronization between the phases of the two power time series can be calculated using the synchroni-
zation index (SI) as follows:

∑= ×
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where n is the number of time points, ϕut is the phase value of the fluctuations in the higher-frequency power time 
series at time point t, and ϕlt is the phase value of the lower-frequency band time series at the same time point. The 
SI varied between 0 and 1. At SI 0 the phases are completely desynchronized, and at SI 1 the phases are perfectly 
synchronized.

Significant changes of the cross-frequency coupling at a population level were calculated by comparing the 
mean synchronization index in a given modulating - and modulated frequency range of the baseline activity and 
the given phase of the paradigm. The mean SI-values in each phase of the paradigm were then compared using 
permutation-based statistics, and the resulting Z-scores were corrected by the minimum and maximum point of 
the null hypothesis distribution (also known as cluster-mass correction77,79). See Supplementary Figs 1 and 2 for 
the graphical interpretation of the calculation of the SI values and their statistical comparison.

Correlation between performance in the psychophysical test and the power density changes.  
Correlation between individual performance and power density changes in a given channel and frequency band 
was also calculated in each phase of the paradigm. Performance was defined as the ratio of the correct (good) 
trials to all trials, and the individual power changes were defined as the individual Z-scores between the baseline 
activity’s power density and the given phase’s power density in a given channel in a given frequency band. The 
Pearson correlation coefficient was calculated using the ‘corr’ function of Matlab. Statistical analysis was per-
formed by calculating the t-score for each correlation coefficient as follows:
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−

−
t r n

r
2

1ch fr ch fr
ch fr
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,
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where r is the correlation coefficient in channel (ch) and frequency (fr) band, n is the number of samples (in this 
case it was 18), and t is the calculated t value in a given channel and frequency band. T-values whose absolute val-
ues were smaller than 2.583 (which is the critical t-value if the degree of freedom is 16 and the significance level is 
0.01) were set to 0. The corrected t-values in different frequency bands in each phase of the paradigm were plotted 
to a topographical map using the ‘topoplot’ function of EEGLab.
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The computer-based Rutgers Acquired Equivalence test (RAET) is a widely used
paradigm to test the function of subcortical structures in visual associative learning. The
test consists of an acquisition (pair learning) and a test (rule transfer) phase, associated
with the function of the basal ganglia and the hippocampi, respectively. Obviously, such
a complex task also requires cortical involvement. To investigate the activity of different
cortical areas during this test, 64-channel EEG recordings were recorded in 24 healthy
volunteers. Fast-Fourier and Morlet wavelet convolution analyses were performed on the
recordings. The most robust power changes were observed in the theta (4–7 Hz) and
gamma (>30 Hz) frequency bands, in which significant power elevation was observed in
the vast majority of the subjects, over the parieto-occipital and temporo-parietal areas
during the acquisition phase. The involvement of the frontal areas in the acquisition
phase was remarkably weaker. No remarkable cortical power elevations were found
in the test phase. In fact, the power of the alpha and beta bands was significantly
decreased over the parietooccipital areas. We conclude that the initial acquisition of the
image pairs requires strong cortical involvement, but once the pairs have been learned,
neither retrieval nor generalization requires strong cortical contribution.

Keywords: EEG, acquired equivalence, associative learning, FFT, time-frequency analysis

INTRODUCTION

Associative learning is a basic cognitive function, through which discrete and often strongly
different ideas and percepts are linked together. This type of learning is responsible for classical
conditioning (Ito et al., 2008), as well as weather-prediction (Gluck et al., 2002), latent inhibition
(Weiss and Brown, 1974) and sensory preconditioning (Rescorla, 1980). Visual equivalence learning
is a special kind of associative learning, which can be tested with the Rutgers Acquired Equivalence
Test (RAET, Myers et al., 2003). The RAET can be divided into two main phases. The first one
of these is the acquisition phase where the subjects learn to associate two different visual stimuli.
The participants’ task throughout the whole test is to indicate their choice by pressing one of two

Abbreviations: CMW, Complex Morlet Wavelet convolution; FFT, Fast Fourier Transform; RAET, Rutgers acquired
equivalence test.
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marked keyboard buttons. During the acquisition phase, the
computer provides feedback about the correctness of the
responses. When this phase is over, the test phase follows. In this
phase, both the previously learned stimulus pairs (retrieval) and
hitherto not seen but predictable associations (generalization or
transfer) are presented. The subjects get no feedback about the
correctness of their responses in the test phase (Figure 1).

Optimal performance in the acquisition phase appears to
depend mainly on the integrity of the basal ganglia, whereas
the test phase performance (both retrieval and generalization)
has been linked to the integrity of the hippocampal region
(Myers et al., 2003; Moustafa et al., 2009). Clinical studies
corroborate this. Patients with Alzheimer’s and schizophrenia,
characterized by hippocampal functional deficit (Seab et al.,
1988; Altshuler et al., 1998) showed intact acquisition but poor
retrieval and generalization as compared to healthy controls
(Bódi et al., 2009; Weiler et al., 2009). On the other hand,
patients with Parkinson’s, affecting primarily the basal ganglia
(Montgomery, 2009), performed poorly in the acquisition phase.
However, if they managed to pass it, their retrieval and transfer
performance was comparable to controls (Myers et al., 2003;
Ventre-Dominey et al., 2016). In a recent study of ours, we
demonstrated altered performance in migraine in both the
acquisition and test phases of RAET, pointing to suboptimal
functioning of the basal ganglia in migraine (Öze et al.,
2017).

As previous investigations emphasized the role of the
hippocampus and the basal ganglia during the test, (Moustafa
et al., 2010) information is lacking about the cortical areas
involved in RAET in healthy humans. Earlier studies indicated
that increased gamma band phase coherence over parieto-
occipital areas is important during associative learning (Miltner
et al., 1999; Gruber et al., 2001), and that frontal midline theta
power elevation is related to working memory maintenance and
retrieval (Hsieh and Ranganath, 2014; Kardos et al., 2014). In a
test where the subjects had to learn categories, the contribution
of the prefrontal associative cortex was demonstrated (Helie
et al., 2015), but hitherto the cortical contribution to acquired
equivalence learning has not been studied.

In this study, we sought to investigate what cortical areas
are activated during the individual phases of RAET by means
of multichannel EEG recordings in healthy human subjects. We
hypothesized that activation would be seen in the associative
cortices (i.e., the prefrontal and parieto-temporo-occipital
regions) that serve as the cortical input to the cognitive loops of
the basal ganglia (Shepherd, 2003). Specifically, we hypothesized
that different activation patterns would be seen in the different
phases of the paradigm, as what we know so far is that the
different phases are related to different subcortical structures,
which suggests different cortical input sources.

MATERIALS AND METHODS

Participants
EEG data of 30 healthy young adults were recorded. The
data of six participants were excluded because of bad signal

quality. Thus, we present the results of 24 participants
(14 females, 10 males, mean age: 26 ± 5.28 years). The
participants were free of any ophthalmological or neurological
conditions. The participants were recruited on a voluntary
basis from our university. The potential subjects were informed
about the background and goals of the study, as well as
about the procedures involved. It was also emphasized that
given the lack of compensation or any direct benefit, the
participants were free to quit at any time and without any
consequence (no one did so). This study was carried out in
accordance with the recommendations of the Guideline for
non-invasive investigations involving healthy human volunteers,
of the Medical Ethics Committee of the University of Szeged,
with written informed consent from all subjects and also in
accordance with the Declaration of Helsinki. The protocol was
approved by the Medical Ethics Committee of the University of
Szeged Hungary. The datasets generated and analyzed during the
current study are available from the corresponding author on
request.

The Instrument
The testing software (described in Myers et al., 2003 and
originally written for iOS) was adapted to Windows and
translated into Hungarian in Assembly for Windows, with the
written permission of the copyright holder. The paradigm was
also slightly modified to make getting through its acquisition
phase by mere guessing less probable (see below). The tests
were run on a PC. The stimuli were displayed on a standard
17′′ CRT monitor (refresh rate 60 Hz) in a quiet room
separated from the recording room by a semi-transparentmirror.
Participants sat at a 114-cm distance from the monitor. One
participant was tested at a time and no time limit was set.
The test was structured as follows: On each trial of the task,
participants saw a face and a pair of fish (where each member
of the pair had different color), and had to learn through
trial and error which fish was associated with which face
(Figure 1).

There were four faces (A1, A2, B1, B2) and four possible fish
(X1, X2, Y1, Y2), referred to as antecedents and consequents,
respectively. In the initial (acquisition) stages, the participants
were expected to learn that when A1 or A2 appeared, the
correct answer was to choose fish X1 over fish Y1; given face
B1 or B2, the correct answer was to choose fish Y1 over fish
X1. In that context, if the associations are successfully learned,
participants also learn that face A1 and A2 are equivalent
with respect to the associated fish (faces B1 and B2 likewise).
Next, participants learned a new set of pairs: given face A1,
they had to choose fish X2 over Y2, and given face B1,
fish Y2 over X2. This was the end of the acquisition phase.
Until this point, the computer had provided feedback about
the correctness of the choices, and six of the possible eight
fish-face combinations had been taught to the participants. In
the following phase (the test phase), no feedback was provided
anymore, but beside the already acquired six pairs (retrieval
testing) the hitherto not shown last two pairs were also shown
(generalization testing). Having learned that faces A1 and A2 are
equivalent, participants may generalize from learning that if
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FIGURE 1 | Summary of the acquired equivalence task. The task consists of three phases: acquisition, retrieval and generalization. In the acquisition phase, the
subject has to learn three image pairs (one fish and one face make a pair) out of four pairs, one by one, through trial-and-error learning with feedback. Then, in the
test phases, the subject will get no feedback, and, beyond the already learned three pairs (retrieval), a new, previously not taught but predictable pair is also
presented (generalization).

A1 goes with X2, A2 also goes with X2; the same holds true
for B2 (equivalent to B1) and Y2 (associated with B1). While
the formal description may make the impression that the task
is a difficult one, in fact, healthy children (Goyos, 2000) and
also mentally retarded individuals (de Rose et al., 1988; Dube
et al., 1989) reliably make this kind of generalization. During
the acquisition stages, new associations were introduced one
by one, mixed with trials of previously learned associations.
To be allowed to proceed, the subjects had to reach a predefined
number of consecutive correct responses after the presentation
of each new association (four after the presentation of the first
association, and 4, 6, 8, 10, 12 with the introduction of each
new association, respectively). This meant an elevated number
of the required consecutive correct responses compared to the
original paradigm, which made getting through the acquisition
phase by mere guessing less probable. Similarly, in the test phase
there were 48 trials (12 trials of new and 36 trials of previously

learned associations), as opposed to the 16 trials of the original
paradigm.

Data Acquisition
Sixty-four channel EEG recordings were made. Data were
acquired in Actiview, via the ActiveTwo AD-box with
64 active electrodes (Biosemi B.V., Netherlands). The signal
of each electrode was referenced to the algebraic sum of the
electric signals recorded by five scalp electrodes given by the
manufacturer (FPz, T7, Cz, T8, Oz). The sampling rate was
2048 Hz. The impedance of the electrodes was consistently below
5 k�. Raw signals were recorded on the stimulating computer.
The stimulating software generated trigger signals (TTL pulses)
to indicate the beginning of each trial. These trigger signals were
recorded on an additional (65th) channel. To obtain baseline
activity, 1-min-long resting state activities were recorded before
and after stimulus presentation.
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Data Analysis
The psychophysical data were analyzed in three groups: data
from the acquisition phase, data from the retrieval part of the
test phase (i.e., when the participant was presented with already
learned associations) and data from the generalization part of
the test phase (i.e., when the participant was presented with
previously not learned associations). The number of correct and
wrong responses were calculated in all phases, as well as the ratio
of these to the total number of trials during the respective phase
(Figure 2). The number of trials necessary for the completion of
the acquisition phase was also recorded.

Preprocessing
After visual inspection to confirm that the signal-to-noise ratio
was acceptable, the raw EEG data were first exported to a
.mat file using Spike2 (CED). This was followed by high-pass
filtering (>2 Hz, FIR filter). The signal of each channel was
referenced to the average signal of all channels. All trials
were visually inspected and those containing EMG or other
artifacts not related to blinks were manually removed. The
removal of blink/oculomotor artifacts was based on independent
components analysis performed in the Eeglab toolbox for Matlab
(Delorme and Makeig, 2004). The Eeglab toolbox was also used
to interpolate noisy channels. Then we used Laplacian to improve
the spatial resolution of the recording (Perrin et al., 1989).
Finally, the trials were sorted by the phases of the psychophysical
paradigm (acquisition, retrieval and generalization), based on the
trigger signals and on the event file generated by the stimulating
software.

Fast Fourier Transformation
The majority of the trials were somewhat longer than 1 s.
To avoid mismatch on summation, the first second of each
trial (2048 data points) was analyzed. If the trial was shorter
than 1 s (data points <2048), the trial was not analyzed to
avoid zero-padding artifacts during the Fast Fourier Transform
(FFT). The baseline periods (1 min) were divided into 1-s-long
(2048 data points) epochs. After these pre-processing steps, FFT
was performed on all trials in each phase, and for every channel.
To give an example, in the acquisition phase the power spectra
were whitened and normalized to baseline as follows:

Nfr = 100+ 100 ∗

( n∏
i = 1

PAf ri −

n∏
i = 1

PBf ri

)/ n∏
i = 1

PBf ri

where N is the normalized power density of a given fr frequency
band for a given channel, PA is the whitened power density in
the acquisition phase’s given i trial within the same channel and
same fr frequency, and PB is the whitened power density during
baseline activity. Note that both for PB and PA, the letter n
indicates the number of trials within the phase that was compared
to the baseline (in this case the acquisition phase). As the baseline
activity was longer than the compared periods (i.e., the signal
belonging to a given phase), the baseline activity was cropped to
match the given phase by cutting 1-s-long periods randomly.

After the FFT, the nonparametric permutation test was
utilized to compare power spectra among the different phases

of the behavioral task, in the following frequency bands: delta
(1–4 Hz), theta (4–8 Hz), alpha (9–14 Hz), beta (15–31 Hz) and
gamma (32–70 Hz). The following comparisons were made:
baseline-acquisition phase, baseline-retrieval phase and baseline-
generalization phase, learning phase-retrieval phase, learning
phase–generalization phase, retrieval phase–generalization
phase. Statistically significant differences were tested based
on nonparametric permutation testing and correction for
multiple comparisons at the minimum-maximum point of the
null-hypothesis distribution.

The data set for the global band was generated by iteratively
calculating the mean difference of randomized permutation of
the power values of a particular channel in a given frequency
band in two different phases of the paradigm. The Z-scores
for each channel were then calculated between the distributions
derived from the global band and the mean difference of the
power values in a given frequency band between the two different
analyzed phases. Z-scores were corrected by the minimum and
maximum point of the null hypothesis distribution, also known
as cluster mass statistics (Ing and Schwarzbauer, 2014). Group-
level analysis of the FFT was carried out in the same way as in
the individual analysis described above, with the difference that
the random permutation was performed across the mean power
values of the subjects and not across the power value of each
individual trial.

For the FFT topographical plots, we used the ‘‘topoplot’’
function of EEGlab (Delorme and Makeig, 2004).

Morlet Wavelet Convolution
Time-frequency analysis was performed using continuous
Morlet Wavelet Convolution (CMW) via FFT algorithm (Cohen,
2014). The convolution was decomposed into different steps.
First, we performed FFT on one selected channel of the raw data.
Then, we created complex Morlet wavelets for each frequency
(1–70 Hz) on which we executed the FFT. After that, we
calculated the dot product of the given channel’s FFTs and
the FFTs of the complex Morlet wavelets at each individual
frequency, which yielded 70 complex numbers. An inverse FFT
of the dot product results was utilized to show power alterations
in the time domain as follows:

Kx = IFFT
(
fft(C) · fft(Wx)

)
where the K is the time-series of the given channel, wavelet-
filtered to x-frequency, C is the time series of all trials of
different phases, and W is the complex Morlet wavelet at a
given × frequency. To avoid the edge-artifacts of the Morlet
wavelet convolution, the raw data was multiplied five times
before the convolution, yielding a two-series-long buffer zone
at the beginning and the end of the time-series, which were
cut out after the time-frequency analysis. After that, the data
were cut according to the different phases of the paradigm
(baseline, acquisition, retrieval, generalization). The data set for
the global band was generated by iteratively calculating the mean
difference of randomized permutation of the power values of a
particular channel in a given frequency band in two different
phases of the paradigm. The Z-scores for each channel were
then calculated between the distributions derived from the global
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band and the mean difference of the power values in a given
frequency band between the two different analyzed phases.
Z-scores were corrected by the minimum andmaximum point of
the null hypothesis distribution. See individual time-frequency
plots in Supplementary Figure S1. Group-level analysis of the
CMW was carried out in the same way as in the individual
analysis described above, with the difference that the random
permutation was performed across the mean power values of
the subjects and not across the power value of each individual
trial. These procedures are shown in detail in the Supplementary
Material (Supplementary Figure S2).

Correlation Between Performance in the
Psychophysical Test and Power Density
Changes
Correlation between individual performance and power density
changes in a given channel and frequency band was also
calculated in each phase of the paradigm. Performance was
defined as the ratio of the successful trials to all trials. Individual
power changes were expressed as the individual Z-scores between
the baseline activity’s power density and the given phase’s power
density in a given channel in a given frequency band. Pearson
correlation coefficients were calculated using the ‘‘corr’’ function
of Matlab. The t-score for each correlation coefficient was
calculated as follows:

tch, fr = rch, fr ∗

√
n− 2

1− r2ch, fr

where r is the correlation coefficient in channel ch and fr
frequency band, n is the number of samples (in this case it
was 24), and the t is the calculated t-value in given channel
and frequency band. T-values whose absolute value were smaller
than 2.819 (which is the critical t-value if the degree of freedom
is 22 and the significance level is 0.01) were set to 0. The
corrected t-values in different frequency bands in each phase of
the paradigm were plotted to a topographical map using EEGLab
‘‘topoplot’’ function.

Data Visualization
The electrophysiological results are presented below for
each phase of the paradigm (Acquisition, Retrieval and
Generalization) and for the four different frequency bands
(theta (4–8 Hz), alpha (9–14 Hz), beta 15–31 Hz), and gamma
(32–70 Hz). The results of FFT and CMW are shown at the
population level, where each phase of the paradigm (acquisition,
retrieval and generalization) are compared to the baseline
activity. As our research is more exploratory than hypothesis-
driven we will not discuss the statistical p-values in detail, but we
do discuss the significant z-score maps of the group-level statistic
of the FFT and CMW. Time-frequency plots of the channels
where the FFT results showed significant changes are presented
for each phase of the paradigm. Examples for individual
time-frequency plots can be found in the Supplementary
Material (Supplementary Figure S1). The correlation between
performance in the psychophysical test and cortical power
changes (rho values) for each frequency band are plotted
in topographical figures. See corresponding Figures 3–6 for
electrophysiological results in each frequency band.

RESULTS

The data of 24 participants were analyzed. The participants
accomplished the acquisition phase in a mean of 55 trials
(SD ± 6.93, Range: 44–73). The mean number of failed trials
in the acquisition phase was 4.43 (SD ± 2.67, Range: 0–32), in
the retrieval phase 4.69 (SD ± 5.96, Range: 0–24), and 2.87 in
the generalization phase (SD ± 4.18, Range: 0–12). The means
of the error ratios in the different phases were the following:
in the acquisition phase 0.08 (SD ± 0.036; Range: 0–0.14), in
the retrieval phase: 0.15 (SD ± 0.17, Range: 0–0.65), and in the
generalization phase 0.31 (SD± 0.38, Range: 0–1) (Figure 2).

Acquisition Phase
Power Density Changes
Theta Band (4–8 Hz)
The group-level analysis revealed significant power-elevation in
parietooccipital-occipital areas as well as in the frontal areas.

FIGURE 2 | Psychophysical results. Panel (A) denotes the number of trials in the acquisition phase. Panel (B) shows the number of failed trials in different phases of
the paradigm, and Panel (C) shows the error ratio during all three phases of the paradigm. The lower margin of the boxes indicates the 25th percentile, the line within
the boxes marks the median, and the upper margin of the box indicates the 75th percentile. Whiskers (error bars) above and below the box indicate the 90th and
10th percentiles.
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FIGURE 3 | Significant group-level changes in the power of the different frequency bands during acquisition. The power of the investigated four frequency bands
(theta, alpha, beta, gamma) during acquisition were compared to the baseline activity using nonparametric permutation test with correction for multiple comparisons
at the minimum-maximum point of the null-hypothesis distribution. The upper part of the figure shows the Fast Fourier Transform (FFT) results of the 64 channel EEG
recordings in topographic representation in different frequency band during acquisition, while the lower part of the figure corresponds to the group-level
time-frequency results in different channels (O1, C4, FP2, AF4, Pz C5, CPz, PO8, respectively). The color scales beside the upper three panels indicate the z-score
values, obtained by calculating cluster-mass statistics in individual power changes between acquisition and baseline activity. The red color indicates significant
power-increase and the blue color represents significant power-decrease compared to baseline. The z-scores threshold was set to 1.645 (which is equal to the 0.05
p-value).

FIGURE 4 | Significant power-performance correlation during acquisition in different frequency bands. The corrected t-values in different frequency bands were
plotted to a topographical map using EEGLab “topoplot” function.

The time-frequency results indicate that the power elevation in
the occipital and parietooccipital areas started earlier (around
75 ms after the beginning of the trial), than over the frontal areas
(around 550 ms after the beginning of the trial).

Alpha Band (9–14 Hz)
A significant decrease in power could be observed during
acquisition compared to baseline over the parietal,
parietooccipital and temporal areas. The time-frequency
results show that the power decrement was phasically present
over the parietooccipital areas, and over the temporal-central
areas it started around 300 ms after the beginning of the trial.

Beta Band (15–30 Hz)
A significant decrement of power was found during acquisition
compared to baseline over the central areas. A significant increase
of power was also found over frontal areas. The Morlet wavelet
convolution showed that the frontal power increase occurred
phasically, and the power decrease—along with the changes in
the alpha frequency band—started around 300 ms after the
beginning of the trial.

Gamma Band: (31–70 Hz)
The group-level analysis revealed significant power-elevation
over the frontal, parietooccipital, and temporal areas. The results
of the time-frequency analysis indicate that the power increase
over the parietooccipital areas began immediately after the
beginning of the trial and 50 ms later over the frontal areas.

Power-Performance Correlation
Significant correlation was found over the frontal and temporal
areas in all frequency bands (Figure 4). The most prominent
changes occurred in the theta and gamma frequency bands,
while in the beta frequency band the correlation was limited to
channel AF4.

Retrieval Phase
Power Density Changes
Theta Band (4–8 Hz)
The group-level analysis revealed significant power elevation
over the parietooccipital and occipital and frontal areas.
The time-frequency results indicate that the power elevation
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FIGURE 5 | Significant group-level changes in the power of the different frequency bands during retrieval. The power of the investigated four frequency bands (theta,
alpha, beta, gamma) during retrieval were compared to the baseline activity using nonparametric permutation test with correction for multiple comparisons at the
minimum-maximum point of the null-hypothesis distribution. The upper part of the figure shows the FFT results of the 64 channel EEG recordings in topographic
representation in different frequency band during retrieval, while the lower part of the figure corresponds to the group-level time-frequency results in different channels
(O1, C3, FP2, AF4, PO8 C6, CPz, P6, respectively). The color scales beside the upper three panels indicate the z-score values, obtained by calculating cluster-mass
statistics in individual power changes between retrieval and baseline activity. The red color indicates significant power-increase and the blue color represents
significant power-decrease compared to baseline. The z-scores threshold was set to 1.645 (which is equal to the 0.05 p-value).

FIGURE 6 | Significant group-level changes in the power of the different frequency bands during generalization. The power of the investigated four frequency bands
(theta, alpha, beta, gamma) during generalization were compared to the baseline activity using nonparametric permutation test with correction for multiple
comparisons at the minimum-maximum point of the null-hypothesis distribution. The upper part of the figure shows the FFT results of the 64 channel EEG recordings
in topographic representation in different frequency band during generalization, while the lower part of the figure corresponds to the group-level time-frequency
results in different channels (O1, C3, F2, AF4, PO8 C6, CPz, P6, respectively). The color scales beside the upper three panels indicate the z-score values, obtained
by calculating cluster-mass statistics in individual power changes between generalization and baseline activity. The red color indicates significant power-increase and
the blue color represents significant power-decrease compared to baseline. The z-scores threshold was set to 1.645 (which is equal to the 0.05 p-value).

over the occipital and parietooccipital areas started earlier
(around 75 ms after the beginning of the trial) than over
the frontal areas (around 700 ms after the beginning of the
trial).

Alpha Band (9–14 Hz)
Significant power decrease could be observed compared to
baseline over the parietal, parietooccipital and temporal areas.
The results of the time-frequency analysis show that the power
decrement was phasically present over the parietooccipital areas,
while over the temporal-central areas it started around 300 ms
after the beginning of the trial.

Beta Band (15–30 Hz)
There was a significant power decrease over the parietooccipital,
temporal and central areas during retrieval phase compared to
baseline. Significant power increase was also found over the
frontal areas. CMW showed that the frontal power increase
occurred phasically, and the power decrease—similarly to the
changes in the alpha frequency band—started around 300 ms
after the beginning of the trial.

Gamma Band: (31–70 Hz)
The group-level analysis revealed significant power decrease
over the parietooccipital and temporal areas. Significant
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power increase was also found over the frontal areas. The
time-frequency analysis revealed that the power changes
occurred over the parietooccipital areas immediately after the
stimulus onset, while over the frontal areas they began 50ms after
the beginning of the trial.

Power-Performance Correlation
The correlation between the performance and the power changes
was not significant in either frequency band or channel.

Generalization Phase
Power Density Changes
Theta Band (4–8 Hz)
The group-level analysis revealed significant power elevation
over the parietooccipital and occipital areas, and power decrease
over the temporal areas. The time-frequency analysis showed that
the power elevation over the occipital and parietooccipital areas
started earlier (around 75ms after the beginning of the trial) than
the central-temporal power decrease (around 300 ms after the
beginning of the trial).

Alpha Band (9–14 Hz)
Significant power decrease could be observed compared to
baseline over the parietal, parietooccipital and temporal areas.
The time-frequency results show that the power decrement
was phasically present over the parietooccipital areas, and over
the temporal-central areas it started around 300 ms after the
beginning of the trial.

Beta Band (15–30 Hz)
A significant power decrease compared to baseline was observed
over the parietooccipital, temporal and central areas. Significant
power increase was found over the frontal areas. CMW showed
that the frontal power increase occurred phasically, and the
power decrease—along with the changes in alpha frequency
band—started around 300 ms after the beginning of the trial.

Gamma Band: (31–70 Hz)
The group-level analysis revealed significant power decrease
over the parietooccipital and temporal areas. The results of the
time-frequency analysis indicate that the power changes occurred
over the parietooccipital areas immediately after stimulus onset,
while over the frontal areas they started 50 ms after the beginning
of the trial.

Power-Performance Correlation
No significant correlations were found in either frequency band
or channel.

DISCUSSION

In the present study we analyzed the psychophysical performance
and EEG data of 24 healthy young volunteers in a visual
associative learning test. As for the behavioral performance in
the psychophysical paradigm, the results were comparable to
the findings of other studies using the same paradigm in adult
healthy volunteers (Öze et al., 2017). Behavioral performance in
this paradigm was widely investigated in healthy volunteers and

patients with psychiatric and neurological disorders (Myers et al.,
2008; Vadhan et al., 2008; Meeter et al., 2009; Simon and Gluck,
2013; Kostek et al., 2014). However, to our knowledge, no study
so far has attempted to investigate cortical activity associated with
behavioral performance.

Despite the considerable individual variability in the changes
of the power spectra, characteristic patterns of power change
could be identified over different cortical areas as related to the
different phases of the paradigm at the population level. Correct
and missed trials could not be compared, though, because of
the low number of missed trials. Subtraction of the EEG signal
recorded during the missed trials from all trials left the activation
patterns virtually unchanged, so we decided to analyze and
present both types of trials together.

In the acquisition phase, markedly increased population-level
activity could be observed over the parieto-temporo-occipital
areas, and somewhat weaker increase over the frontal associative
areas in the theta (4–7 Hz) and the gamma frequency bands
(over 30 Hz). Such a strong power increase was not found in the
retrieval and generalization phases of the task. In those phases,
power decrement was the dominant tendency over the same
areas. That tendency was obvious not only in the alpha and beta
frequency bands, but also in the gamma frequency band.

The detailed mathematical analysis showed the most robust
power increment in the gamma frequency band (>30 Hz)
in the parietal, parietooccipital and temporoparietal channels
during the acquisition phase in most of the participants. These
channels correspond to the associative cortical areas, which
were mainly suppressed during the retrieval and generalization
phases. The most noteworthy finding of this study is the strong
difference in the power density changes between the acquisition
and the test phases (i.e., retrieval and the generalization) in
the gamma band. Furthermore, the frontal and prefrontal
associative cortices showed activity increment in the gamma
band in the acquisition phase too, and weak power elevation
was found in the test phase. The strong increment in the
power of the gamma band over the parieto-temporo occipital
associative cortex suggests a critical role of this region in
the studied task. These cortical structures, together with the
connected basal ganglia (Postuma and Dagher, 2006) could be
necessary for this kind of equivalence learning (Middleton and
Strick, 2000; Yin and Knowlton, 2006). Nos such increment
was detectable in the gamma band in the retrieval and the
generalization phases. The explanation of this could be that the
successfully learned associations had already been transmitted to
the hippocampus, and the utilization of these does not require
strong cortical contribution. Hamamé et al. (2014), applying a
visual naming model in humans, found robust activity increment
in the high gamma frequency band in the left hippocampus,
500 ms post-stimulus. Although the model tests long-term
memory retrieval rather than associative retrieval, their findings
correlate well with psychophysical (Gluck et al., 2003; Myers
et al., 2003) and electrophysiological studies in primates
regarding associative retrieval (Brincat andMiller, 2015). As high
gamma activity can be regarded as an indicator of multi-unit
spiking activity (Le Van Quyen et al., 2010), we assume
that acquired equivalence learning requires cortical activation,
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whereas retrieval and generalization do not. In a similar test,
where the task was category learning, marked contribution
of the prefrontal associative cortex was demonstrated in the
acquisition phase (Helie et al., 2015). Our results show not
only increased power over the frontal areas but also a strong
correlation between the performance and the gamma power
changes during acquisition, which points to the frontal areas’
prominent role in memory encoding and rule based learning
(Gruber et al., 2002; Hester et al., 2007). While we found similar
power increment over the frontal areas during acquisition, it was
less pronounced than that found in the cited studies. The reason
for this difference may be the lower difficulty of the task we
applied.

Power decrements were found in most of the participants
in the alpha and beta frequency bands. These decrements
occurred over the central and more characteristically over the
parieto-temporo-occipital areas, similarly to what was found
in other studies with different visual paradigms (Hanslmayr
et al., 2005; Romei et al., 2008; Klimesch, 2012). Concerning
the lowest frequencies (delta and theta bands), their role in
cognitive tasks is still a matter of debate (Hanslmayr et al., 2016).
The power spectrum analysis in our study revealed significant
power elevation over the parietooccipital and occipital, as well
as over the frontal areas. The enhanced frontal midline and
parietooccipital power of the theta band during workingmemory
encoding and retrieval is a well-known phenomenon in learning
tasks (Klimesch et al., 1997; Weiss et al., 2000; Sauseng et al.,
2010) and in attentional processes (Fellrath et al., 2016). Indeed,
in our study we found that the frontal-midline theta power
alterations are in strong correlation with task performance
during acquisition, but not during the second part (retrieval and
generalization) of the paradigm. This could indicate that the
early part of the paradigm (acquisition) required a high level
of attention, while the later parts (retrieval and generalization)
did not.

In summary, the most robust cortical power changes were
observed in the higher frequency bands (gamma, over 30 Hz)
in the acquisition phase of the applied paradigm over the

parieto-temporo-occipital associative cortex. The frontal
associative areas were less involved. On the other hand,
such power changes were not obvious in the retrieval and
generalization phases. These findings indicate that the activation
of the associative cortical areas is necessary for acquisition, but
retrieval and generalization are relatively independent of cortical
activation. In other words, basal ganglia-mediated learning
in the given context depends on the cortical input, but once
the equivalence has been acquired, the hippocampi can apply the
learned and memorized information without significant cortical
contribution.
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