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Abstract— Objective: The resting state is an internal state that is 

closely related to neural activation and the performance of tasks. 

Studying the relationship between the resting and task states is 

helpful for understanding the organization of information 

processing. It remains unclear how information is translated 

between these two states. Methods: In this study, we focused on 

electroencephalography (EEG) data because its high time 

resolution allowed us to study processing both overall and in 

detail. Resting-state functional connectivity (FC) networks were 

constructed in the time and frequency domains. Results: FC 

constructed by synchronization of signals in the time domain was 

suitable for predicting event-related potential activation. In 

addition, FC measured by phase distributions had superior 

prediction accuracy for predicting spectral power. Conclusion: 

Our findings suggest that there is intrinsic organization across the 

two states. Furthermore, the activity flow modelled in different 

domains could reflect different levels of neuronal activation. 

Significance: Changes in neural activity across resting and task 

states on a sub-second time scale can be detected by EEG, which is 

helpful for understanding the underlying mechanisms of illness 

and therapeutic outcomes. 

 
Index Terms — resting-state functional connection, task 

activation, activity flow, event-related potentials, spectral power. 

 

I. INTRODUCTION 

lectroencephalography (EEG) studies investigated 

task-evoked activation due to the high time resolution, thus 

providing a better understanding of how cognitive processes 

emerge. Event-related potentials (ERPs) mark neuronal 

responses to stimuli in the time domain and have been linked to 

attention [1], change detection [2], and control processes [3]. In 
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addition, oscillations are the most efficient way to establish 

synchrony in neuronal populations and can be identified 

according to the spectral peak in the frequency domain [4]. 

However, sensory systems are constantly receiving information 

and producing spontaneous activity even when we perform no 

tasks. This resting state can be measured by functional 

connectivity (FC) networks, which have been evaluated by 

synchronization between different brain regions. Changes in 

resting-state FC networks are age-related and reflect 

neuropsychiatric disorders such as schizophrenia and dementia 

[5, 6]. Studying the relationships between the resting and task 

states is helpful for understanding the underlying mechanisms 

of illness and therapeutic outcomes. 

Studies using functional magnetic resonance imaging (fMRI) 

have shown a close relationship between FC measured in the 

resting state and activation induced by tasks. On the one hand, 

brain activation at rest is a constant inner state of exploration to 

be optimally prepared for stimulus processing [7-9]. On the 

other hand, resting-state communication is an intrinsic learning 

mechanism used to consolidate the activation of a task [10, 11]. 

Because networks must completely reorganize into different 

spatial patterns on a sub-second time scale [12], EEG signals 

are more suitable to explore the temporal dynamics of resting 

states and their influence on cognitive processing. In addition, 

EEG reflects a more direct response to brain bioelectrical 

signals than fMRI measured by blood oxygen level-dependent 

(BOLD) activity. Although there is some debate about EEG 

data, it is too noisy for prediction purposes. However, studies 

using five machine learning algorithms revealed that 

resting-state FC was suitable for biometric identification and 

was comparable in accuracy to fMRI [13]. 

In studies on the visual-motor skill learning task, ongoing 

connectivity across areas before a task not only influenced the 

amplitude of neural response during the task but also affected 

the subsequent behavioural performance of participants [14-16]. 

In addition, frontal-occipital resting-state FC could be used to 

infer the performance of subjects when making decisions in an 

ultimatum game [17]. One study used regression-based models 

to predict individual task-evoked responses, which could 

capture the differences across participants [18]. However, it is 

unclear whether distributed resting-state connections could be 

used to predict localized cognitive task activation. In this study, 

we focused on how to quantify the relationship between 
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resting-state FC and task-state activation patterns recorded by 

EEG. We improved the activity flow mapping model to explore 

the changes in activity flow over time [19]. This method is 

based on the local circuit level findings, which make 

straightforward inferences regarding the relationship between 

two states. 

EEG data vary on a fast timescale in the time domain and are 

combined with oscillations at different frequencies. The 

amplitude fluctuation reflects the overall activity of the neural 

signals, which captures the synchronous activity of several 

thousand or millions of activated nerve cells. Furthermore, 

oscillations in the frequency domain could reveal the 

fine-grained neural mechanisms underlying perception. We 

hypothesized that the information carried by the different 

domains in resting-state FC reflects different levels of neuronal 

activation. Both time and frequency domains could be used to 

predict activations during a task, but the prediction accuracy 

may be different. To test this hypothesis, we chose four 

methods to construct resting-state FC networks, which included 

Pearson correlation (PC), multiple regression (MR), phase 

coherence (PHC) and phase lag index (PLI) methods. The 

resting-state FC networks constructed by PC and MR are based 

on amplitude fluctuations in the EEG data in the time domain, 

while PLI and PHC are based on phase distributions in the 

frequency domain. In addition, we modelled activity flow 

mapping between resting-state FC and task activation. 

 

II. MATERIALS AND METHODS 

A. Data collection 

The data were extracted from the EEG Motor 

Movement/Imagery dataset created by the developers of the 

BCI2000 instrumentation system (http://www.bci2000.org) 

[20]. These data are available in the PhysioNet database with 

the identifier doi:10.13026/C28G6P. Of the 109 subjects whose 

1,500 EEG recordings were collected in this dataset, we 

carefully withdraw 4 of them based on the low sampling rate 

and too few trials. The 64-channel EEG was recorded from the 

remaining 105 subjects while they were performing 

motor/imagery-related tasks [21]. Each volunteer was asked to 

complete 14 experimental runs composed of two baseline runs 

and four different motor/imagery tasks. The two baseline runs 

were recorded first—one with eyes open and one with eyes 

closed—and each took one minute. Next, the subject was 

recorded while performing each of the four tasks three 

consecutive times. The recording was two minutes for each of 

the remaining 14 experimental runs. The EEGs were recorded 

from 64 electrodes per the international 10-10 system, which is 

shown in Fig. 1A (excluding electrodes Nz, F9, F10, FT9, FT10, 

A1, A2, TP9, TP10, P9, and P10). 

 

B. Experimental design 

In the first two tasks, the subject needed to either physically 

open and close his/her corresponding fist (task 1) or imagine 

doing so (task 2) while locating the position of the target on the 

screen (on the left or on the right). The subject could relax after 

the target disappeared. In the remaining two tasks, the subject 

needed to either physically open and close his/her both fists or 

feet (task 3) or imagine doing so (task 4) while locating the 

position of the target on the screen (on the top or on the bottom). 

The subject was allowed to relax after the target disappeared. 

 

C. Data preprocessing 

The data preprocessing was carried out with MATLAB 

R2014b (MathWorks) using EEGLAB, an interactive open 

source toolbox (http://sccn.ucsd.edu/eeglab/). Raw data were 

first visually inspected to identify extremely noisy channels 

with high amplitudes. Then, the channel locations were 

corrected all 64 electrodes. The average signal from all 

electrodes was used for re-referencing. Signals were filtered 

with a high-frequency cutoff of 45 Hz. Note that no 

re-referencing was made in the construction of the resting-state 

network using MR because otherwise, the element values in the 

constructed network matrix would all be -1. Defaults 

Independent Component Analysis (ICA) in EEGLAB was used 

to remove artefacts (e.g., eye movement/blink, cardiac and 

muscle artefacts) from the data. If an independent component 

z-score had a kurtosis or skewness value of more than 30% and 

outside was ±2 of the distribution mean, we classified that 

independent component as an ocular or cardiac artefact [22]. A 

relatively artefact-free signal was reconstructed by the 

remaining components. The average number of artefactual 

components was 4.2 for all conditions. We concatenated all 

trials from the same subject. The baseline was also corrected 

using a mean voltage activity during the 200-ms pre-stimulus 

period for the task state. The 3000-ms time window (200-ms 

pre-stimulus and 2800-ms post-stimulus) was chosen based on 

the characteristics of task activation. 

 

D. FC estimation 

We used four methods to construct the resting-state FC. 

Initially, an estimation of FC measures was conducted using 

Pearson correlation (PC) between time series. Then, standard 

multiple linear regression (MR, the regstats function in 

MATLAB) was used. The time series of the target test electrode 

was predicted by that of all the other electrodes. The resulting 

betas were used as FC estimates in the following activity flow 

mapping. The well-known phase coherence was also measured 

by instantaneous phase differences projected on the unit circle 

[23]. In addition, the PLI was calculated based on asymmetry in 

the phase difference distribution, which reduces the 

interference of signals from common sources [24]. The FC 

constructed by PC and MR were based on amplitude 

fluctuations in the EEG data, while PLI and PHC were based on 

phase distributions. 

 

E. Activity flow mapping 

Quantification of the relationship between FC and task 

activation patterns was made possible by the development of 

the method discussed below [19]. Multiplying the task-related 
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activation amplitude of every electrode other than the 

to-be-predicted one by its FC enabled us to estimate the net 

input to each targeted electrode. The equation was formulated 

as follows: 

j i ij

i j V

P A F
 

= 
                                    (1) 

where Pj represents electrode j’s predicted activation 

amplitude in a specific task. On the other side of this equation 

are Ai and Fij. Ai represents the actual activation amplitude of 

electrode i and is meant to loop through all electrodes except for 

j so that their actual activation amplitudes can be summed up 

for the purpose of this study. The other symbol, Fij, indicates 

the FC estimate value between electrodes i and j. Summing up 

the multiplication of Ai and Fij would result in a vector that is 

indicative of the activation pattern over all the electrodes in a 

given task. Rather than using directed/effective connectivity in 

this algorithm, it is worth noting that the use of FC is capable of 

estimating total bidirectional activity flow. 

 

F. Task-state level estimation 

In the time domain, ERP waveforms were analysed as the 

average of all trials in each task. We selected -200 ms - 2800 ms 

as the total time window based on previous studies examining 

motion, in which a significant task-related positive wave 

appeared after stimulus presentation. In the time-frequency 

domain, we used two approaches to calculate the 

time-frequency energy, induced power and evoked power, 

which involved analysis of the 0.5-45 Hz frequency range. The 

wavelet family we used was defined as f0/sf = 7 (f0 ranging 

from 0.5 to 45 Hz in 0.5 Hz steps). The time-frequency 

representations of five power bands were calculated for each 

subject. The difference between induced and evoked 

oscillations is whether their phases are locked to the stimulus. 

For evoked power, we averaged all trials and then performed 

wavelet transform. In contrast, the wavelet transform was 

performed for each trial before they were averaged. Evoked 

power is more related to the stimulus, while induced power 

reflects autonomous mechanisms of high-order processes. 

 

G. Task-specific and individual differences in activation 

patterns 

Principal component analysis was individually conducted for 

each subject and task. Task-general activation patterns were 

excluded, which were defined as the first principal component 

across tasks. After regressing out task-general activation, the 

average pairwise similarity among task-specific activation 

patterns dropped from 0.457 to 0.017. In addition, to test 

whether resting-state FC could predict the individualized 

patterns for each subject, the same approach was used to isolate 

the subject-specific activation. Subject-general activation 

patterns were defined as the first principal component across 

subjects, which was regressed out to obtain the subject-specific 

activation. The similarity among subjects dropped from an 

average of 0.872 to 0.003. Furthermore, we subdivided the data 

into five different frequency bands: delta (0.5-4 Hz), theta (4-8 

Hz), alpha (8-13 Hz), beta (13-30 Hz) and gamma (30-45 Hz). 

The same prediction processes were separately performed for 

each frequency band. 

 

H. Validation of the approach 

Apart from the empirical data, three validation methods were 

performed to test our activity flow mapping approach based on 

simulation data. We only assessed the predictive relationship 

between the FC network and ERP in the time domain. First, a 

random 65 ×  65 matrix was established for simulated 

resting-state FC based on the average and standard deviation of 

the empirical resting-state FC data. Second, we used empirical 

resting-state FC to predict the random simulated task activation. 

The task activation was generated from random data and a sine 

wave superposition. Last, we performed 15,000 random 

permutations targeting FC patterns across regions. This step 

scrambled the pattern of FC network organization. 

 

I. Statistics 

The accuracy of the predictions was calculated as the PC 

(correlation coefficient r) between actual and predicted 

activations, which was performed for each task and each 

subject separately. Each r value was subjected to Fisher’s 

z-transform before averaging and then returned for reporting 

purposes. The statistical significance tests were performed on 

Fisher’s z-transformed r values at the group level using 

two-sided one-sample t-tests relative to 0 (n = 105, degrees of 

freedom = 99). The p values are reported only for the cross-task 

average to reduce the number of reported p values, while r 

values for each task are reported. The p values below 0.001 

were reported as p <0.001 because they were too small for 

calculations based on the reported t values. Repeated measures 

ANOVA was also performed. Post hoc Bonferroni-corrected 

pairwise comparisons were used to assess differences between 

levels of significant factors. The significance level was set to 

α=0.05 for both ANOVAs and post hoc tests. We also assessed 

the sphericity and normality of the data. In cases of violation of 

sphericity, we conducted Greenhouse-Geisser corrections on 

the ANOVA results. 

 

III. RESULTS 

The EEG data were extracted from a dataset of 64 channels 

recorded by the BCI2000 instrumentation system (Fig. 1a). In 

this study, we constructed an activity flow mapping model to 

test whether resting-state FC networks could predict cognitive 

task activations in motion and imaginary motion tasks (Fig. 1b). 

In addition, two resting states, open eyes and closed eyes, were 

evaluated. To test whether information from the different 

domains could be transmitted and predicted through different 

resting-state FC networks, we used four methods to construct 

the resting-state functional network (Fig. 1c). 
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First, constructing a resting-state EEG network using 

Pearson correlation (PC) is a common and prominent method. 

Second, MR is normally used to predict a specific variable 

based on many other variables in a way that satisfies the goal of 

the activity flow mapping method. Third, the well-known phase 

coherence (PHC) method basically resembles the conventional 

statistic for circular data [23]. Last, an alternative measure of 

statistical interdependencies between the time series called the 

PLI could reduce the influence of volume conduction [24]. 

 

A. Time domain prediction with empirical EEG data 

We processed the empirical EEG data using the flow 

prediction approach in the time domain. In other words, a 

resting-state FC network was constructed to predict the 

task-state activated ERP. The predicted-to-actual similarities 

were very high: PC, cross-task average r = 0.628, t104 = 108.852, 

p<0.001; MR, cross-task average r = 0.352, t104 = 44.023, 

p<0.001; PLI, cross-task average r = 0.216, t104 = 14.978, 

p<0.001; PHC, cross-task average r = -0.032, t104 = -1.191, p = 

0.237. If the prediction was computed after averaging data 

across subjects, the r values were higher (cross-task averages: 

PC, r = 0.749; MR, r = 0.803; PLI, r = 0.309; PHC, r = 0.075). 

This might be because of an increased signal-to-noise ratio as 

more data were aggregated before the calculation. The 

prediction results using PC of the motion-related electrodes C3 

and C4 are shown in Fig. 2 as an example (open-eye resting 

state), in which prediction results were above the average of the 

other electrodes. 

The results of all channels are shown in Fig. 3. It is obvious 

that the prediction results were poor using PLI and PHC 

compared to PC and MR. Even PHC could not predict 

task-activated ERP. FC in the closed-eye state also predicted 

activation well. In addition, the r values were similar for each of 

the individual tasks. To reduce duplicate reports, the following 

results are focused on open-eye resting-state FC. The detailed 

results of the two resting states are summarized in 

Supplementary Tables 1-4. 

 

ERPs are the average results of multiple trials superimposed. 

We also performed time domain prediction on one trial 

waveform, which revealed a more realistic prediction of the 

task activation patterns. The results were similar to ERP 

predictions but slightly lower: PC, cross-task average r = 0.717, 

t104 = 58.866, p<0.001; MR, cross-task average r = 0.668, t104 = 

31.676, p<0.001; PLI, cross-task average r = 0.199, t104 = 

13.340, p<0.001; PHC, cross-task average r = -0.197, t104 = 

-7.080, p = 0.176. The results of averaging data across the 

subjects and the computation based on one trial waveform were 

consistent with our main conclusion. We summarized these 

data in Supplementary Tables 1-4. 

The time window for the abovementioned condition was 

3,000 ms in total (200 ms pre-stimulus and 2,800 ms 

post-stimulus). To further solidify this analysis, we reduced the 

time span and tested whether a shorter time window would 

reduce prediction accuracy. The r values of predicted ERPs 

were significantly higher in all seven different spans of time 

windows (Supplementary Table 5). We kept the original time 

window (200 ms pre-stimulus and 2,800 ms post-stimulus) for 

further analyses due to the characteristics of the task activation, 

 
Fig. 1.  Overview of research methods. (A) The 64 electrodes placed per the 

international 10-10 system (excluding electrodes NZ, F9, F10, FT9, FT10, A1, 
A2, TP9, TP10, P9, and P10). (B) Schematic diagram of the activity flow 

mapping model. The arrows represent functional connectivity between 

to-be-predicted electrode j and other electrodes i. Blue circles represent the 
actual task activity of i, while green circles represent the predicted activity j. 

(C) Resting-state (open eyes) FC matrixes constructed by four methods. 

 
Fig. 2.  Prediction of ERPs. (A) Actual and predicted ERPs in each task. (B) 

Prediction accuracy of all electrodes in each task. 
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and no significant differences among the eight time windows 

existed based on one-way ANOVA (F (7, 56) = 0.015, p>0.05). 

 

B. Time-frequency domain prediction with empirical EEG 

data 

ERP reflects the amplitude of ongoing oscillator activity, 

while spectral power could reveal fine-grained neural 

mechanisms underlying perception. To obtain a comprehensive 

assessment of the electrical activity flow in the brain, we 

selected two methods to calculate the spectral power (i.e., 

induced and evoked power) and a 0.5-45 Hz frequency range 

was analysed. The evoked power activations were predicted 

well above chance: PC, cross-task average r = 0.271, t104 = 

49.380, p<0.001; MR, cross-task average r = 0.211, t104 = 

32.978, p<0.001; PLI, cross-task average r = 0.432, t104 = 

68.801, p<0.001; PHC, cross-task average r = 0.425, t104 = 

87.792, p<0.001. We display one of the results in Fig. 4 as an 

example. Similar results were found when predicting induced 

power: PC, cross-task average r = 0.258, t104 = 39.727, p<0.001; 

MR, cross-task average r = 0.217, t104 = 32.916, p<0.001; PLI, 

cross-task average r = 0.515, t104 = 77.268, p<0.001; PHC, 

cross-task average r = 0.513, t104 = 85.031, p<0.001. Detailed 

results are summarized in Supplementary Table 1. 

Although the PLI and PHC results were unsatisfying with 

regard to ERP and EEG predictions, they did a better job in 

predicting spectral power than the PC or MR analyses. This 

suggested that PLI and PHC FC were well suited in predicting 

the time-frequency domain. In addition, we analysed and 

compared five different frequency bands using PLI FC. It 

appeared that the prediction results of all frequency bands were 

well above chance: average r = 0.749 (0.5~4 Hz), r = 0.748 

(4~8 Hz), r = 0.749 (8~13 Hz), r = 0.753 (13~30 Hz), and r = 

0.748 (30~45 Hz). We performed a paired-sample t-test (with 

1,000 bootstrap resamplings) across the five frequency bands. 

The results showed that all bands were significantly different 

from each other except for that between beta and gamma bands 

(Fig. 4c; Supplementary Table 6). This illustrated that the 

correlations between low-frequency prediction results were 

more reliable than those between high-frequency prediction 

results. 

According to all the above results, we proposed that PC and 

MR were more suitable for predicting ERP activation in the 

time domain, while PHC and PLI worked well in the 

time-frequency domain (Fig. 5a). A repeated measures 

ANOVA was performed with FC networks (4 levels) and 

domain (2 levels) as within-subject factors. The results showed 

that there was a significant main effect of domain (p = 0.015, F 

(1,104) = 6.070). Furthermore, simple effect analysis showed 

that prediction accuracy was much higher using resting-state 

PC and MR FC to model ERP activation than model spectral 

power, while the reverse was true for PHC and PLI (Fig. 5b). 

 

C. Validation of the FC network architecture organization 

To test the assumption implied by the activity flow mapping 

approach that the observed prediction accuracies were 

attributable to the specificity of the FC network architecture 

organization, we performed three validation methods. Initially, 

a constructed random FC network was used to predict task 

activation. A random 65 ×  65 matrix was established for 

simulated resting-state FC based on the average and standard 

deviation of the empirical resting-state FC data (Fig. 6a). We 

used this simulated FC network to predict the average of the 

actual activated ERPs across subjects (Fig. 6b). The cross-task 

average r value was -0.021. Second, to examine what was 

 
Fig. 4. Prediction of evoked power in the first task (left fist movement) as an 

example. (A) Activation predicted by resting-state (open eyes) PLI FC 
networks (left) and actual activation. (B) Power distribution of all frequency 

bands for predicted and actual spectral power. (C) Similarity between the 

actual and predicted activation patterns of each frequency band. 

 
Fig. 3. Activation patterns in the first task (left fist movement) as an example. 

(A) Actual activation. (B) Predicted activation using PC. (C) Predicted 

activation using MR. (D) Predicted activation using PLI. (E) Predicted 

activation using PHC. 

 
Fig. 5. Prediction accuracy comparison among the four resting-state (open 

eyes) FC networks for the first task (left fist movement) as an example. (A) 

Spyder graph of the prediction accuracy in the time domain and 

time-frequency domain. (B) Detailed statistical analysis results. 
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generated from the randomized data and a sine wave 

superposition, we used empirical resting-state FC to predict the 

random simulated task activation. The averaged r value after 

1,000 permutations was 0.011, which was much lower than the 

actual predicted result (Fig. 6c). Finally, we performed 15,000 

random permutations targeting FC patterns across regions. The 

highest r value computed using PC between predicted and 

actual activity was r = 0.056 (average r = 0.013, Fig. 6d). 

 

D. Independence between resting-state FC and task activation 

The fact that the collection of resting-state EEG data was 

done during different runs from that of the task EEG data was 

likely to be explanatory for such independence. However, there 

has been a misunderstanding that task-state activations 

included much resting-state activation information, possibly 

because of a strong similarity between resting-state and 

task-state EEG. Therefore, to disprove such a myth, we 

calculated the correlations between amplitudes of task-specific 

activations and resting-state FC using a standard measure of 

resting-state activation amplitudes. No electrode-to-electrode 

correlation was found: cross-task average r = -0.002, t104 = 

-0.287, p = 0.775. 

In addition, there has been an assumption that brain regions 

tended to show higher task activation amplitudes if they 

expressed stronger resting-state FC. Though this feature would 

not deny the functionality of the activity flow network 

mechanism, it still led to the possibility that the resting-state FC 

could, without the guidance of the activity flow mapping 

mechanism, predict activation amplitudes. We calculated the 

average PC of resting-state FC for each channel as well as a 

correlation taking task activation amplitudes into consideration. 

Only a very small (but significant) correlation was found 

between summed resting-state FC and task-specific activation 

amplitudes: average r = 0.034, t104 =4.46, p<0.001. This 

suggested that increased resting-state FC did not necessarily 

have a corresponding relationship with increased task-specific 

activations, which further illustrated the lack of ability for this 

effect to drive the observed activity flow mapping results. 

Taken together, these results provide much support for the 

assumptions regarding the activity flow mapping approach. 

 

E. Task-specific activation and individual differences in 

cognitive task activations 

The results above showed that the predications were well 

applicable to all eight tasks. We then tested the prediction 

reliability of task-specific activation patterns by excluding the 

general activation patterns with high prediction accuracy due to 

their universality. We used principal component regression 

(PCA) to eliminate the general activation component, leaving 

the task to be specifically activated. As a result, the similarity 

between task activation patterns dropped from 0.457 to 0.017. 

The prediction results of ERP were also higher than chance on 

average: cross-task average r = 0.599, t104 = 99.056, p<0.001 

(Supplementary Table 7). 

Previous studies have presented differences across subjects. 

To prove that resting-state network connectivity is a universal 

brain activity mechanism, we tested whether the individual’s 

resting-state FC was capable of predicting the individual’s 

activity characteristics. PCA was again used to eliminate the 

general activation component across subjects. The similarity 

between subjects dropped from 0.872 to 0.003, while the 

prediction results were again above chance: cross-task average 

r = 0.734, t104 = 59.316, p<0.001 (Supplementary Table 8). 

 

IV. DISCUSSION 

The relationships between resting-state FC and task-related 

activations have been widely studied. Recent studies have often 

been based on fMRI due to its high spatial resolution. Some 

studies have argued that EEG signals reflect mainly 

extracellular currents and could be detected at a distance from 

neuronal sources, which makes these signals unsuitable for 

prediction [4]. However, the dynamic changes in neuron 

signals are very fast and can be detected through EEG. In 

addition, large-scale EEG resting-state brain networks reflect 

reorganization, which may be a significant biomarker of illness 

and therapeutic outcomes [12, 25]. Studying the relationship 

between EEG resting-state FC and task-related activations 

could provide us with new insight into how cognition is shaped, 

 
Fig. 6. Validation of the FC network architecture organization. (A) The 

constructed random FC network. (B) The predicted activation ERP for the left 
fist task using the constructed random FC. (C) The predicted (left) and the 

random simulated task-activated ERP. (D) The distribution of Pearson 

correlation r values between predicted and actual activity patterns over 15,000 

permutations of FC. 
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which is a central goal of cognitive neuroscience [19]. The 

portability of the EEG device makes it convenient for clinical 

detection and intervention [26]. In this study, the results 

confirmed our hypothesis that EEG resting-state FC could be 

used to predict activations induced by tasks. 

Several other studies also sought to identify this relationship, 

with results that were consistent with our study [27, 28]. 

Because resting-state networks measured by FC reflect 

communication across brain areas, we extended the research to 

different pathways. Activity flow mapping was modelled both 

in the time and frequency domains, which could reflect 

different levels of neuronal activation [29]. Four types of 

resting-state FC were constructed based on synchronous signals 

in the time or frequency domain. In addition, task-related 

activations were also quantified as ERPs and oscillatory power. 

The signals calculated in the time domain revealed 

coarse-grained neural mechanisms underlying perception, 

while in the frequency domain, they may provide deeper insight 

into the fine-grained coding of sensory information [30]. The 

results showed that the prediction accuracy for ERPs was 

higher when using PC and MR, especially for motor-related 

electrodes such as C3 and C4. This indicated that greater 

responses to the task make the predictions more accurate. In 

contrast, PLI and PHC performed better when we used them to 

predict evoked power or induced power for the task 

time-frequency energy. Thus, FC constructed by phase 

distribution was more suitable for prediction in the frequency 

domain. 

In addition, we divided the EEG oscillations into five 

frequency bands. Although all the results showed highly similar 

patterns between the predicted and actual patterns, the accuracy 

was higher at low frequencies. The key mechanism of the 

activity flow mapping model is the propagation of action 

potentials along axons [31, 32]. Previous studies have indicated 

that slow oscillations are more likely to engage the processing 

of establishing a functional bias throughout a large population 

of neurons [33], while higher frequency bands are adequate for 

transferring packets of specific information through relatively 

discrete populations [34]. Studies have proven that the resting 

state is a preparatory state for neural activation to quickly 

respond and optimize processing during tasks [35]. Better 

prediction results in the low-frequency bands supported the 

notion that there is a whole-brain network architecture present 

across resting and task states, which is an intrinsic and standard 

organization [9, 36]. Furthermore, there is still a set of networks 

that are distinguishable between task states and resting states. 

To identify the prediction that was specific for each task, 

PCA was performed to exclude the general activation patterns. 

After that, the similarity between the tasks showed a dramatic 

decrease. Although the accuracy of prediction decreased, it was 

still significant. These results demonstrated that resting-state 

FC could be used to predict task differences. Furthermore, 

inter-individual variability in brain functions was preserved 

after removing universal activation across subjects. Similar 

results were found in that individualized routes existed in 

resting-state FC, which could result in individual differences in 

the way individuals perform tasks. Recent studies have reported 

a close relationship between individual connectivity and 

cognitive task activation, which is consistent with our results 

[13]. In addition, resting-state FC is an alternative technique 

that can be used for biometric identification purposes [9, 36, 

37]. Furthermore, multidisciplinary research methods rooted in 

neuroscience and computer science could also be extended to 

study the relationship of two states [38-40]. In the future, these 

results may help us predict and understand cognitive processing 

in patients who cannot perform a given task. 

 

V. CONCLUSION 

In summary, we modelled activity flow mapping between 

resting-state FC and task-related activation patterns. The results 

provided evidence that there is an intrinsic network across the 

two states, which could be detected by EEG signals. In addition, 

the activity flow in the time and frequency domains could 

reflect different levels of information. FC networks constructed 

based on synchronization features could be used to predict 

different fine-grained activation patterns induced by tasks. 

Furthermore, this prediction is task-specific and individualized. 

However, we did not find differences in prediction accuracy 

between open-eye and closed-eye resting states. Although 

studies have found differences in the power level of frequency 

bands across these two conditions [41], they may share the 

same information pathways. The limitation of this study is that 

the model lacked information about the direction of influence, 

which could be studied in the future to further explore the 

relationship between resting-state and task activation patterns. 
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Supplementary Materials 

Supplementary Table 1. Pearson Correlation (PC) Resting-State Network 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

PC Prediction Amplitude (ERP) 

open 0.7420 0.7473 0.7179 0.7208 0.7529 0.7462 0.7311 0.7437 0.7377 

closed 0.7268 0.7387 0.7406 0.7457 0.7141 0.7280 0.7216 0.7438 0.7324 

open (mean) 0.7012 0.7153 0.7105 0.7249 0.7363 0.7915 0.6896 0.8259 0.7369 

closed (mean) 0.8296 0.8378 0.8698 0.8808 0.7589 0.8461 0.7995 0.8534 0.8345 

PC Prediction Amplitude (EEG) 

open 0.7152 0.7180 0.6892 0.6900 0.7300 0.7146 0.7013 0.6978 0.7070 

closed  0.6978 0.6990 0.7010 0.7020 0.7008 0.6982 0.6998 0.7046 0.7004 

PC Prediction Power (Evoked) 

open 0.2725 0.2715 0.2713 0.2722 0.2673 0.2661 0.2698 0.2717 0.2703 

closed  0.2629 0.2605 0.2659 0.2635 0.2594 0.2554 0.2625 0.2641 0.2618 

open (mean) 0.2995 0.2971 0.3263 0.3143 0.2840 0.3115 0.2931 0.3453 0.3089 

closed (mean) 0.2457 0.2188 0.2455 0.2394 0.1920 0.2249 0.1972 0.2400 0.2254 

PC Prediction Power (Induced) 

open 0.2549 0.2577 0.2546 0.2576 0.2585 0.2598 0.2549 0.2583 0.2570 

closed  0.2197 0.2212 0.2266 0.2260 0.2178 0.2198 0.2235 0.2262 0.2226 

open (mean) 0.3568 0.3600 0.3560 0.3601 0.3705 0.3672 0.3555 0.3624 0.3611 

closed (mean) 0.1758 0.1881 0.2124 0.2169 0.1931 0.1970 0.2180 0.1897 0.1989 

Note:  

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 
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Supplementary Table 2. Multiple Regression (MR) Resting-State Network 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

MR Prediction Amplitude (ERP) 

open 0.6898 0.7001 0.2641 0.2573 0.2550 0.2549 0.2591 0.2622 0.3678 

closed 0.6959 0.7119 0.2813 0.2824 0.2773 0.2833 0.2830 0.2859 0.3876 

open (mean) 0.7683 0.8113 0.8316 0.8462 0.7603 0.8390 0.7838 0.8184 0.8074 

closed (mean) 0.8131 0.8243 0.8448 0.8342 0.8414 0.9193 0.8592 0.9252 0.8577 

MR Prediction Amplitude (EEG) 

open 0.6458 0.6504 0.6359 0.6371 0.6531 0.6410 0.6418 0.6417 0.6434 

closed  0.6489 0.6532 0.6388 0.6391 0.6550 0.6444 0.6427 0.6425 0.6456 

MR Prediction Power (Evoked) 

open 0.2071 0.2098 0.2115 0.2112 0.2098 0.2078 0.2094 0.2121 0.2098 

closed  0.2214 0.2237 0.2306 0.2277 0.2234 0.2228 0.2291 0.2304 0.2261 

open (mean) 0.7360 0.7335 0.7240 0.7456 0.7671 0.7425 0.7164 0.7401 0.7382 

closed (mean) 0.7559 0.7547 0.7478 0.7677 0.7910 0.7638 0.7342 0.7595 0.7593 

MR Prediction Power (Induced) 

open 0.2190 0.2156 0.2127 0.2132 0.2218 0.2171 0.2158 0.2116 0.2159 

closed  0.2343 0.2362 0.2299 0.2335 0.2418 0.2368 0.2362 0.2327 0.2352 

open (mean) 0.8645 0.8600 0.8419 0.8446 0.8673 0.8720 0.8352 0.8468 0.8540 

closed (mean) 0.8765 0.8716 0.8524 0.8558 0.8879 0.8867 0.8584 0.8618 0.8689 

Note:  

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 
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Supplementary Table 3. Phase lag index (PLI) Resting-State Network 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

PLI Prediction Amplitude (ERP) 

open 0.2324 0.2416 0.2211 0.2112 0.2384 0.2099 0.2032 0.1969 0.2193 

closed 0.0943 0.1049 0.0982 0.0914 0.0909 0.0719 0.0773 0.0627 0.0865 

open (mean) 0.3660 0.3608 0.3695 0.2731 0.3269 0.2159 0.2672 0.2299 0.3012 

closed (mean) 0.2950 0.2739 0.2939 0.2284 0.2899 0.1201 0.2434 0.0829 0.2284 

PLI Prediction Amplitude (EEG) 

open 0.2064 0.2053 0.1886 0.1854 0.2089 0.1927 0.1860 0.1818 0.1944 

closed  0.0727 0.0713 0.0715 0.0693 0.0684 0.0612 0.0665 0.0654 0.0683 

PLI Prediction Power (Evoked) 

open 0.4265 0.4310 0.4245 0.4283 0.4374 0.4329 0.4263 0.4324 0.4299 

closed  0.4196 0.4256 0.4175 0.4222 0.4305 0.4266 0.4204 0.4254 0.4235 

open (mean) 0.6460 0.6702 0.6390 0.6715 0.7403 0.6879 0.6923 0.6783 0.6782 

closed (mean) 0.6453 0.6685 0.6371 0.6692 0.7387 0.6854 0.6915 0.6763 0.6765 

PLI Prediction Power (Induced) 

open 0.5210 0.5143 0.4985 0.5006 0.5301 0.5241 0.5054 0.5021 0.5120 

closed  0.5169 0.5104 0.4936 0.4961 0.5259 0.5202 0.5012 0.4968 0.5076 

open (mean) 0.8417 0.8250 0.8124 0.8050 0.8369 0.8331 0.7849 0.8142 0.8192 

closed (mean) 0.8409 0.8247 0.8101 0.8039 0.8353 0.8316 0.7834 0.8124 0.8178 

Note:  

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 
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Supplementary Table 4. phase coherence (PHC) Resting-State Network 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

PHC Prediction Amplitude (ERP) 

open -0.1481 -0.1437 -0.1355 -0.1382 -0.1360 -0.1389 -0.1369 -0.1472 -0.1406 

closed -0.0922 -0.0955 -0.0877 -0.0924 -0.0891 -0.1095 -0.0929 -0.1039 -0.0954 

open (mean) 0.0948 0.0636 0.1199 0.0941 0.1087 0.0971 0.1188 0.0373 0.0918 

closed (mean) 0.2007 0.1797 0.2012 0.2053 0.2099 0.1032 0.1867 0.0197 0.1633 

PHC Prediction Amplitude (EEG) 

open -0.1872 -0.1851 -0.1782 -0.1806 -0.1788 -0.1773 -0.1745 -0.1744 -0.1795 

closed  -0.1241 -0.1242 -0.1202 -0.1222 -0.1199 -0.1240 -0.1212 -0.1192 -0.1219 

PHC Prediction Power (Evoked) 

open 0.4207 0.4244 0.4168 0.4199 0.4314 0.4266 0.4207 0.4240 0.4231 

closed  0.4248 0.4288 0.4171 0.4243 0.4352 0.4304 0.4249 0.4282 0.4267 

open (mean) 0.6487 0.6708 0.6409 0.6710 0.7393 0.6893 0.6954 0.6762 0.6790 

closed (mean) 0.6494 0.6715 0.6416 0.6718 0.7398 0.6898 0.6959 0.6767 0.6796 

PHC Prediction Power (Induced) 

open 0.5205 0.5140 0.4955 0.4984 0.5298 0.5238 0.5053 0.4989 0.5108 

closed  0.5234 0.5170 0.4988 0.5017 0.5327 0.5366 0.5082 0.5022 0.5151 

open (mean) 0.8426 0.8286 0.8104 0.8090 0.8392 0.8346 0.7915 0.8148 0.8213 

closed (mean) 0.8428 0.8286 0.8107 0.8092 0.8392 0.8347 0.7916 0.8149 0.8215 

Note:  

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 
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Supplementary Table 5 Different Time Windows 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

-200~2800 ms 0.7326 0.7484 0.7218 0.7247 0.7495 0.8056 0.6856 0.8223 0.7488 

-200~1800 ms 0.7331 0.7401 0.7142 0.7226 0.7534 0.8127 0.6770 0.8289 0.7478 

-200~1300 ms 0.7396 0.7547 0.7118 0.7205 0.7405 0.8178 0.6745 0.8290 0.7486 

-200~800 ms 0.7451 0.7603 0.7157 0.7267 0.7279 0.8262 0.6883 0.8300 0.7525 

0~2800 ms 0.7323 0.7486 0.7206 0.7218 0.7479 0.8039 0.6874 0.8241 0.7483 

0~1800 ms 0.7327 0.7495 0.7100 0.7172 0.7500 0.8114 0.6767 0.8309 0.7473 

0~1300 ms 0.7403 0.7556 0.7059 0.7133 0.7242 0.8164 0.6865 0.8302 0.7465 

0~800 ms 0.7458 0.7625 0.7124 0.7206 0.7296 0.8199 0.6965 0.8294 0.7521 

Note: 

* Resting-state FC was constructed by Pearson correlation, and was used to predict amplitude ERP. 

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 

 

Supplementary Table 6 Power at Different Frequency Band 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

all 0.8693 0.8281 0.8948 0.9094 0.9009 0.9089 0.9278 0.9122 0.8939 

delta 0.9807 0.9787 0.9827 0.9839 0.9859 0.9857 0.9840 0.9811 0.9828 

theta 0.9484 0.9400 0.9518 0.9472 0.9320 0.9362 0.9339 0.9424 0.9415 

alpha 0.8893 0.8776 0.8600 0.8707 0.8554 0.8433 0.8227 0.8559 0.8594 

beta 0.8425 0.8164 0.7863 0.7718 0.8090 0.8018 0.7471 0.7966 0.7964 

gamma 0.7535 0.7400 0.7388 0.7300 0.7944 0.7943 0.7178 0.7362 0.7506 

Note: 

* Resting-state FC (open eyes) was constructed by phase lag index, and was used to predict induced power. In addition, the 

prediction was computed after averaging data across subjects. 

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 
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Supplementary Table 7 Task Specificity 

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

open 0.6752 0.6859 0.5131 0.4964 0.6761 0.5290 0.6196 0.5264 0.5902 

closed 0.6676 0.7011 0.5839 0.5572 0.6695 0.5499 0.6188 0.5069 0.6069 

open (mean) 0.7056 0.7000 0.5193 0.5110 0.7120 0.5229 0.6321 0.5254 0.6035 

closed (mean) 0.7210 0.7547 0.6407 0.6014 0.7108 0.5691 0.6497 0.5087 0.6445 

Note: 

* Resting-state FC was constructed by Pearson correlation, and was used to predict amplitude ERP. 

* The first component (taking up 42.15%) was deleted from the eight tasks using principal component analysis (PCA), and the 

average pairwise similarity between the eight task activations was r=0.0169 thereafter (formerly r=0.4573). 

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 

 

 

 

Supplementary Table 8 Individualized Task Activations  

 Task11 Task12 Task21 Task22 Task31 Task32 Task41 Task42 Average 

open 0.6897 0.6985 0.6997 0.7003 0.7131 0.7766 0.6791 0.8108 0.7210 

closed 0.7819 0.7879 0.8155 0.8193 0.7192 0.8186 0.7559 0.8270 0.7907 

open (mean) 0.7018 0.7140 0.7094 0.7251 0.7363 0.7915 0.6897 0.8265 0.7368 

closed (mean) 0.8302 0.8377 0.8694 0.8806 0.7589 0.8461 0.7982 0.8533 0.8343 

Note: 

* Resting-state FC was constructed by Pearson correlation, and was used to predict amplitude ERP. 

* The first component (taking up 89.79%) was deleted from the 105 individual subjects using principal component analysis (PCA), 

and the average pairwise similarity between the eight task activations was r=0.0030 thereafter (formerly r=0.8720). 

* Task11: movement left fist. Task12: movement right fist. Task 21: imaginary movement left fist. Task 22: imaginary movement 

right fist. Task31: movement both fists. Task 32: movement both feet. Task41: imaginary movement both fists. Task42: imaginary 

movement both feet. 

* Mean: the prediction was computed after averaging data across subjects. 

 

 

 

 


