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Neural Markers of Auditory Symbol Learning: Multiscale EEG 
Evidence from Morse Code Training 

Abstract: To investigate how symbolic system learning induces neural plasticity, we examined the neural 

mechanisms of auditory symbolic processing using Morse Code (MC), a structured auditory symbolic system. In this 

study, novice learners underwent two months of MC training while electroencephalography (EEG) was recorded 

before and after training. We examined training-induced neural plasticity at two complementary levels: the local level 

and the global level. At the local level, MC training led to a significant decrease in N200 amplitude at the Fz electrode 

(p < 0.05), indicating reduced engagement of controlled processing and a shift toward more automated processing 

during the dot-count discrimination task (i.e., more efficient early task processing). At the global level, phase-locking 

value (PLV) analyses revealed a training-associated reorganization of task-evoked functional connectivity, with the 

right temporal T8 node showing increased hub-like centrality and network properties becoming more favorable for 

information integration and transmission. These findings suggest that, as a result of training, the brain's perception 

of rhythmic auditory stimuli has changed, reflecting both local processing optimization and global network 

reorganization. The findings were consistent with training-associated changes in task-evoked neural dynamics at both 

event-related potentials (ERP) and network levels, captured by candidate neural markers integrating ERP and 

network metrics. 

Keywords: Neural Markers; Auditory Symbol Learning; Morse Code; EEG 

I. Introduction 

Symbolic systems acquisition exemplifies the remarkable plasticity of the human brain, involving multi-level 

functional reorganization and structural optimization(Schmidt-Wilcke et al., 2010; Lövdén et al., 2013). However, 

similar to language and music learning, symbol systems learning in natural contexts is typically prolonged and 

involves complex, interacting variables, making it difficult to achieve effective experimental control(Zatorre et al., 

2007; Liu et al., 2021). To overcome this limitation, researchers often employ highly controllable artificial symbol 

systems as experimental paradigms. Morse Code (MC) encodes all characters using only two basic temporal units, 

“dot” and “dash.” While its physical structure is simple, it preserves the core combinatorial rules of symbolic systems 

and thus imposes multidimensional cognitive demands(Kujala et al., 2003). Mastering MC requires fine temporal 

discrimination, sustained attention, working memory, and rule-based decoding. Importantly, learners can usually 

achieve basic proficiency within several months, providing an ideal time window to track neural plasticity under 

strictly controlled conditions(Schlaffke et al., 2015). 

Building on these advantages, many studies have adopted MC as a model symbolic system to investigate 

experience-dependent neural plasticity. For example, Schmidt-Wilcke et al. reported enhanced activity after training 

in brain regions related to language perception and memory(Schmidt-Wilcke et al., 2010),while Schlaffke et al. 

showed that MC learning can induce plastic adaptations in regions associated with reading and language(Schlaffke 

et al., 2015) and examined the role of white matter in language learning(Schlaffke et al., 2017). In addition, Kujala 



 

 

et al. investigated the impact of MC learning on functional lateralization(Kujala et al., 2003), and Junker examined 

the role of multisensory experience in the decoding of non-lexical stimuli(Junker, n.d.). However, despite the 

millisecond-level temporal resolution of electroencephalography (EEG), which offers a unique advantage for 

capturing early neural dynamics during auditory symbol decoding(Näätänen & Picton, 1987), relatively few EEG 

studies have capitalized on this strength. Most have instead focused on later ERP components (such as P3a)(Uther et 

al., 2006), thereby failing to provide a comprehensive characterization of the multiscale neural plasticity processes 

induced by MC training. 

To more effectively leverage EEG to capture brain plasticity induced by symbolic system learning, we analyzed 

neural changes at two complementary levels: the local level and the global level. At the local level, event-related 

potentials (ERP) reflected temporally precise processing within specific cortical regions and thus provided a powerful 

tool. In the present study, we focused on the N200 component of ERP, which typically emerged around 200 ms after 

stimulus onset and was closely associated with auditory discrimination and attentional modulation(Folstein & Van 

Petten, 2008; Zou et al., 2019). In the context of MC learning, N200 can serve as a key index of early perceptual 

encoding efficiency(Patel & Azzam, 2005). At the global level, learning-induced neural reorganization is also 

reflected in dynamic changes in patterns of brain network connectivity(Klug et al., 2022). Phase-locking Value (PLV) 

can be used to quantify oscillatory synchrony between brain regions and thereby construct functional connectivity 

networks(Pei, Huang, et al., 2023); combined with graph-theoretical analysis, this allows for further characterization 

of network organization in terms of segregation, integration, efficiency, and lateralization(Bullmore & Sporns, 2009). 

Notably, studies on rhythm and prosody in auditory processing have shown that rhythm-dominant auditory stimuli 

(such as speech envelopes, prosody, and musical rhythms) tend to elicit right-hemisphere dominance, which may 

reflect the leading role of the right hemisphere in processing temporally organized auditory information(Abrams et 

al., 2008; Oechslin et al., 2018). However, there is still a lack of research that systematically examines MC learning 

from the combined perspectives of ERP and brain network analysis, and it remains unclear how training reshapes the 

organizational patterns of information-processing networks in the brain. 

To address these gaps, this study employed EEG to systematically investigate how MC training modulates the 

early processing of auditory rhythmic symbols and the reorganization of functional brain networks. A total of 22 

MC-naïve university students were randomly assigned to a experimental group and a control group. The training 

group received two months of auditory MC recognition training, whereas the control group received no intervention. 

All participants completed behavioral tests and EEG recordings both before and after the training period (the control 

group was tested with the same time interval). This study primarily investigates the changes in participants' perception 

of rhythmic patterns in MC after training, rather than the decoding of MC. 

Based on previous research, we proposed the following hypotheses. H1: The experimental group will 

demonstrate greater accuracy and shorter reaction times in the MC recognition task after training. H2: MC training 

will lead to significant changes in N200 amplitude, indicating enhanced efficiency in early perceptual encoding. H3: 

MC training will induce reorganization of PLV functional networks, potentially accompanied by changes in 

hemispheric lateralization patterns associated with rhythm-related information processing. 



 

 

II. Materials and Methods 

1.Participants 

22 participants (all male, average age 22.12 ± 1.78 years) have been recruited for the study and all are right-

handed with normal hearing. The 22 participants were all undergraduate students with no prior experience in MC and 

have sufficient time to participate in MC training. None of the participants had any history of using psychoactive 

substances, and no reports of personal or family history of mental or neurological disorders from them. 22 participants 

were randomly selected and assigned to two groups: 12 in the experimental group, drawn from a class learning MC, 

received two months of auditory identification training for MC; the other 10, in the control group, were selected from 

a class not studying MC and received no training related to MC aside from their participation in the experiment. The 

participants were informed of the content of the experiment beforehand and have signed an informed consent 

statement prior to the experiment. The sample size and homogeneity of the participants were limited due to the 

specific nature of the MC auditory identification task, as it is challenging to recruit individuals who are engaged in 

related work. This study adhered to the Declaration of Helsinki and has been approved by the Ethics Committee of 

University of Electronic Science and Technology of China (No. 106412023030125880). 

2.Stimuli 

The experimental stimulus material consisted of authentic MC audio for the 26 English characters (as shown in 

Figure 1), where “dot” was 1 unit length and “dash” 3 units lengths, with one unit length interval between dots and 

dashes within a character. The 26 characters had five options for the number of “dots” ranging from 0 to 4, and four 

options for the number of “dashes” ranging from 0 to 3. In this paper, the number of letters transmitted per minute 

has been defined as the code speed, referred to as Character Per Minute (CPM). The experiment includes three code 

speeds (15, 30, and 40 CPM), which were determined based on actual training objectives in the course. These rates 

serve as a dynamic difficulty adjustment mechanism, enabling a stepwise manipulation of task demands through 

speed-graded stimuli. The playback duration of each character stimulus material has been determined by the different 

code speeds, with the stimulus duration range for 40 CPM being 72 ms to 936 ms, and correspondingly longer 

durations for 30 and 15 CPM. 

 

Fig. 1. International Morse Code. The circle stands for dot and the box stands for dash. 



 

 

3. Procedure 

The experiment consisted of three parts: Session A, Session B, and Session C, corresponding to Data Collection, 

MC Training, and Data Collection, respectively (see Figure 2). Participants in the experimental group took part in all 

three sessions. Session B, the MC training, was integrated into the experimental group participants’ required 

coursework. They were required to complete at least 40 hours of MC training over a two-month period. Following 

the training, they had to pass a proficiency test achieving an accuracy rate exceeding 70% at 40 CPM. Participants in 

the control group only participated in Session A and Session C. The two data collection sessions were conducted two 

months apart, with the control group’s sessions scheduled in parallel with those of the experimental group. All 

participants completed two data collection sessions, which corresponded to the Pre- and Post-training phases for the 

experimental group (Sessions A and C). 

We designed an experimental paradigm using authentic MC communication signals to collect EEG data, thereby 

enhancing the ecological validity of our findings and ensuring their direct relevance for future applications in real-

world monitoring(Chiang et al., 2023).  

 

Fig. 2. Schematic diagram of the experimental process for the experimental and control groups. 

The data collection session consists of two phases: the practice phase and the experimental phase. The practice 

phase was designed to familiarize the participants with the basic experimental procedures. The experimental phase 

was divided into three blocks, with each block corresponding to one code speed. Each block contained 52 trials, and 

each trial consisted of one MC audio stimulus for an English character. The 26 characters were randomly displayed 

twice, resulting in a total of 52 MC audio stimuli for each block. The specific experimental procedure was as follows: 

• Experimental Preparation: Before the experiment, participants were informed of the precautions, 

operational procedures, and the code speeds of the MC to be delivered in each block. 

• Practice Phase: Once the participants were fully prepared, they could start the experiment by pressing any 



 

 

key. Each participant practiced 10 trials in the practice phase. The stimulus materials during the practice phase used 

MC at a speed of 15 CPM. 

• Experimental Phase: Each trial started with a white cross displayed for 300 ms, followed by MC audio 

stimuli. Participants listened to the stimuli without making any movement and were encouraged to remain as still as 

possible. Based on pre-experimental findings, it was noted that the “dot” sound was shorter, and more challenging to 

judge than the “dash” sound. Therefore, the participants were required to judge and to response the number of “dots” 

they had heard. Among the 26 English letters mapped to MC, the number of dots exhibits five distinct distributions 

ranging from 0 to 4. Participants response any those five number to complete the task. The judgment phase had a 

maximum duration of 3,000 ms, the trial advanced to a blank screen either after participant input or timeout. The 

black screen lasting between 1000 to 3000 ms presented randomly. 

The experimental paradigm was programmed using E-Primer3.0 software. 

4. Data Collection 

During the experiment, participants sat comfortably in a quiet, shielded room. When collecting EEG data, the 

stimuli were presented to the participants through external speakers, and they were instructed to avoid significant 

head movements to ensure the quality of the collected data. During the data collection phase under task conditions, 

participants were required to focus their attention, listen carefully to the stimuli, and respond based on their judgment. 

The experiment utilized a 64-channel HIamp active electrode EEG cap and g.Recoder software from g.tec, 

Austria, to collect EEG signals. The sampling rate was set at 600 Hz, and the filter range was set to [0.1 Hz, 100 Hz]. 

A notch filter was applied at 48 Hz-52 Hz to eliminate the influence of power frequency interference. The EEG data 

collection included 64 channels, with channel 63 connected to the right earlobe as reference electrode and channel 

64 left empty. The remaining effective EEG signal channels (channels 1-62) were used for subsequent analysis, with 

AFz connected to GND. 

5. Data Processing 

In this study, MATLAB software (version R2018a) has been used to process the EEG data collected Pre- and 

Post-training. The data processing workflow was shown in Figure 3, which mainly includes four steps: behavioral 

data analysis, EEG data preprocessing, ERP analysis, and brain network analysis.  This study focuses on changes 

in brain information processing before and after MC training. The effects of different code speeds are not analyzed, 

as combining data across speeds was prioritized to increase statistical power given the small sample size. 



 

 

 

Fig. 3. Data collection and processing flow for the experimental and control groups. 

(1) Behavioral Data Analysis 

Behavioral performance was assessed using reaction time (RT) and accuracy (ACC), which were extracted using 

E-Primer 3.0. Prior to statistical analysis, the distributions of RT and ACC for each condition were evaluated using 

the Lilliefors-corrected normality test. The results indicated that both measures conformed to a normal distribution; 

therefore, parametric tests were applied. For within-group comparisons, paired-samples t-tests (two-tailed, α = 0.05) 

were conducted separately for the training and control groups to examine Pre- versus Post-training differences in RT 

and ACC. 

(2) EEG Data Preprocessing 

For all participants, the raw EEG data from the 62 channels were preprocessed according to the following steps. 

• Eye Movement Removal: In this study, the FastICA algorithm was used to decompose the EEG signals into 

62 independent components(Pion-Tonachini et al., 2019). After selecting and removing the artifact components, 

typically there is one artifact component, the EEG signals free from artifact interference were reconstructed. 

Ultimately, the rejection rate of components via ICA was 1.61%. 

• Re-referencing Calculation: The data were re-referenced using the Reference Electrode Standardization 

Technique (REST) proposed by Yao et al.(Yao, 2001; Yao et al., 2019), which estimates a neutral reference at infinity 

via a forward head model. This approach was adopted to minimize the bias inherent in physical reference electrodes 

and to improve the comparability of EEG data across studies. 

• Signal Filtering: During ERP analysis, a 1-10 Hz bandpass filter was applied; for the brain network analysis, 

a 1-40 Hz bandpass filter was used. 

• Data Segmentation: The continuous EEG data were segmented based on the stimulus events into several 

equal-length segments. In this study, the onset of the experimental stimulus was set as the 0-time point, and the EEG 

data were divided into many segments, each spanning from 200ms before the 0-time point to 1000 ms after the point. 

Each block contained 52 trails, so an experiment contains 156 epochs. 



 

 

• Baseline Correction: This step was used to calculate relative changes in EEG signals compared to a pre-

stimulus mean. The data from 200 ms before the 0-time point were used as the baseline, assuming that the EEG 

signals before the 0-time point represented spontaneous EEG at the time of stimulus reception. By subtracting the 

average value of the data points before the 0-time point from the data after the 0-time point, part of the spontaneous 

EEG noise was eliminated. 

• Artifact Removal: The artifact rejection threshold was set at ±120 μV, consistent with commonly used 

criteria in ERP research(Luck, 2005). Segments with amplitudes greater than the threshold were defined as bad 

segments and were completely removed. When preprocessing with a 1-10 Hz bandpass filter, 705 of 6,864 trials were 

rejected (10.27%). While a 1-40 Hz bandpass filter, 1,688 trials were removed (24.59%). 

(3) ERP Analysis 

This study focused on the changes in ERP Pre- and Post-training, as well as across different code speeds. The 

time window for the N200 component was selected to be 150-250 ms(Balconi & Vanutelli, 2016). 

We compared the changes in the N200 component between the experimental and control groups. The analysis 

focused on three aspects: topographical maps of the N200 component at Pre- and Post-training; statistical analysis of 

the difference in N200 topographical maps between Pre- and Post-training; changes in N200 amplitude. The 

difference topographical maps were obtained by performing electrode-wise paired-samples t-tests (two-sided, α = 

0.05, FDR correction) on the mean ERP amplitudes within the N200 time window Pre- and Post- training, and 

binarizing the resulting p-values (1 = significant, 0 = non-significant) to identify electrodes showing significant 

differences. For these electrodes, additional subject-level t-tests (two-sided, α=0.05) were conducted and the 

corresponding ERP waveforms were plotted. These results were not only used for comparisons of ERP waveforms, 

but were also combined with changes in the N200 component to examine how MC training modulates the neural 

mechanisms underlying information processing. 

To investigate the relationship between behavioral performance and changes in N200 amplitude, Pearson, 

Kendall’s tau-b, and Spearman’s rho correlation analyses were performed to assess the associations between 

behavioral indices (e.g., accuracy and reaction time) and N200 amplitude changes. 

(4) Brain Network Analysis 

To examine large-scale functional network changes associated with the experimental manipulation, we 

constructed PLV brain networks using EEG data. During the data preprocessing stage, a band-pass filter with a 1-40 

Hz frequency range was applied. PLV was computed using the Hilbert transform, yielding values ranging from 0 to 

1 that index the degree of phase synchronization between pairs of signals. 

In order to reduce computational load and the complexity of brain network connections, as well as to mitigate 

the impact of the volume conduction effect(F. Li et al., 2016), this study adopted the standards used in previous 

research and selected 21 typical EEG electrodes distributed across the entire brain: Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8, 

T7, C3, Cz, C4, T8, P7, P3, Pz, P4, P8, O1, O2, Oz(Murias et al., 2007; Xu et al., 2014; Zhang et al., 2021). We 

computed the PLV between every pair of EEG channels for all participants and across all experimental blocks for 

each participant, resulting in one 21x21 connectivity matrices per participant. Based on these PLV connection 

matrices, we set the threshold to 0.05 and computed the PLV network difference maps for different code speeds as 



 

 

well as the average across all code speeds before and after training. To quantitatively analyze network properties, we 

calculated the LI of the PLV network and assessed the degree of network lateralization using paired t-tests(two-sided, 

α = 0.05) and effect size analysis (Cohen’s d) (See Appendix A)(Seghier, 2008). Inspired by graph-theoretical 

analysis, we further computed Degree Centrality (DC), Node Strength (NS), Betweenness Centrality (BC), 

Eigenvector Centrality (EC) and Participation Coefficient (PC) to identify key nodes within the PLV network (See 

Appendix B)(Rubinov & Sporns, 2010; Newman & Newman, 2018). 

To further assess the training-induced changes in network properties, we computed the corresponding network 

metrics based on the PLV connectivity matrices. These attributes included Clustering Coefficient (CC), Characteristic 

Path Length (CPL), Global Efficiency (Ge) and Local Efficiency (Le). These four parameters were selected because 

they capture complementary aspects of brain network organization: CC indexes local segregation, CPL and Ge 

quantify global information integration, and Le reflects the robustness and efficiency of information processing 

within local subnetworks, together providing a comprehensive characterization of PLV network reconfiguration. The 

calculation methods for the four network properties are provided in Appendix C(Zhang et al., 2021). We used an 

alpha level of 0.05 and tested the pre-post differences in the four metrics of network using paired-sample t-tests, or 

Wilcoxon signed-rank tests when normality was violated. 

III. Experimental Results 

1.Behavioral Data Analysis 

In the behavioral data analysis, we focused on comparing the patterns of change in mean ACC and RT between 

the experimental and control groups. 

(1) Behavioral Results of the Experimental and Control Groups 

 

Fig. 4. Statistical comparison of mean ACC and RT between the experimental and control groups. 

As shown in Figure 4, in terms of ACC, the experimental group exhibited a significant improvement after 

training (p < 0.001), with an increase of 45.0%. In contrast, although the control group showed a slight increase in 

accuracy between the two tests (an improvement of 4.2%), this change did not reach statistical significance (p = 



 

 

0.355). Regarding RT, the experimental group responded significantly faster after training (p < 0.05), with an 

improvement of 15.9%. In the control group, however, the RT did not show a significant change (p = 0.971). 

2.ERP Analysis 

This section focuses on analyzing the ERP changes Pre- and Post- training in both the experimental and control 

groups, as well as the correlation between behavioral data and N200 amplitude in the experimental group. 

(1) Comparison of N200 Between the Experimental and Control Groups 

 

Fig. 5. A comparison of N200 topographic maps and statistical differences between the experimental and control groups before 

and after training. (A) Experimental Group: (a, b) topographical maps of the N200 component at Pre- and Post-training; (c) difference 

topographical maps of N200 between Pre- and Post-training (p < 0.05, FDR corrected); (d) ERP waveforms at the Fz electrode. (B) 

Control Group: (e, f) topographical maps of the N200 component before and after the equivalent time interval; (g) difference 

topographical maps of N200 between Pre- and Post-training (p < 0.05, FDR corrected). (h) ERP waveforms at the Fz electrode. 

Figure 5 illustrated the changes in the N200 component between Pre- and Post- training in the experimental and 

control groups. As shown in Figure 5(a), (b), (e), and (f), the main activation of the N200 component in both groups 

was localized over the frontoparietal region and the parietal lobe, which is consistent with previous findings(Crowley 

& Colrain, 2004; Luck, 2005). After training, the activation in the frontoparietal region decreased in the experimental 

group (i.e., the absolute values of the negative potentials at the corresponding electrodes were reduced), whereas no 

obvious changes were observed in the control group. Figures 5(c) and 5(g) present the t-test results of the whole-

brain N200 topographical maps. The results show that, in the experimental group, the N200 component exhibited 

significant differences between Pre- and Post-training at four electrodes: Fz, FC2, FC4, and P8 (p < 0.05). In contrast, 

no significant differences were found between the two sessions in the control group. Based on these results, we 

selected the Fz electrode as a representative site to further examine the waveform changes of the N200 component(Pei, 

Qiu, et al., 2023). As shown in Figures 5(d) and 6(h), the N200 amplitude at Fz in the experimental group was 

significantly reduced after training (p < 0.05), which is consistent with the decreased ERP activation over the frontal 

regions observed in the topographical maps. By contrast, the N200 component at Fz in the control group did not show 



 

 

any significant change between Pre- and Post-training (p = 0.9553). While the N400 component is typically 

associated with semantic processing, this study primarily focuses on the brain’s sensitivity to rhythmic patterns in 

auditory symbols. In the experimental group, we observed a reduction in the amplitude of the post-N400 components, 

suggesting a potential modulation of the neural processing dynamics due to the training. This change may reflect an 

adaptation to the rhythmic stimuli rather than semantic processing, as our task emphasized rhythmic symbol 

discrimination. As such, although the post-N400 components show differential patterns, we do not emphasize these 

findings in the context of semantic processing, as they are outside the scope of the current investigation. 

Figure 5 showed that training-induced changes in the N200 component were found only in the experimental 

group, suggesting that MC training specifically modulated early cortical information processing. 

(2) Correlation Between Behavioral Data and N200 Amplitude in the Experimental Group 

To examine the relationship between training-induced changes in behavioral performance and changes in N200 

amplitude, we conducted correlation analyses on the overall change scores within the experimental group (see Table 

1). 

Table 1. Correlation coefficients between behavioral changes and AM index changes. 

Variable Pair Pearson r(p) Kendall’s τ(p) Spearman’s ρ(p) △ACC&△AM -0.202(0.265) -0.246(0.135) -0.291(0.179) △RT&△AM -0.547(0.033*) -0.242(0.136) -0.392(0.104) 

The results showed a significant negative correlation between changes in reaction time (△RT) and changes in 

N200 amplitude (△AM) (Pearson r = -0.547, one-tailed p = 0.033), indicating that greater improvements in reaction 

time (larger reductions in RT) were associated with more pronounced changes in N200 amplitude. In contrast, the 

correlations between changes in accuracy (△ACC) and changes in N200 amplitude did not reach statistical 

significance (all one-tailed p > 0.10). The nonparametric Kendall’s Tau-b and Spearman’s Rho correlation analyses 

also did not reveal additional significant associations, and overall converged with the conclusions drawn from the 

Pearson correlation. 

3.Brain Network Analysis 

In this section, we first compared the Pre- and Post-training PLV network changes between the experimental 

and control groups. We then employ graph-theoretical analyses to quantitatively characterize the PLV network 

reorganization within the experimental group. Finally, we examine the training-related alterations in the experimental 

group’s network attributes.  

(1) Changes in the PLV network in the experimental and control groups 

We first compared the differential PLV brain network, LI and PLV connection strength between the 

experimental and control groups, as shown in Figure 6. 



 

 

 

Fig. 6. Differences in PLV network patterns between experimental and control group. (A) The PLV difference statistical analysis 

in brain network patterns of the experimental groups, and blue lines indicate strengthened connections (p < 0.01, FDR corrected). (B) 

The PLV difference statistical analysis in brain network patterns of the control group (p < 0.01, FDR corrected).  

As shown in Figure 6(A), in the experimental group the connectivity of the right hemisphere in the PLV network 

was significantly enhanced Post- training compared with Pre-training (p < 0.01), exhibiting a clear right-lateralized 

pattern. This suggested cortical reorganization following MC training and was consistent with the findings reported 

by Mankel and Oechslin(Mankel et al., 2022; Oechslin et al., 2018). To verify this lateralization effect, we calculated 

the LI for both the experimental and control groups using the method described in Appendix A. For the experimental 

group, the LI decreased from -0.0031 (± 0.0124) before training to -0.0160 (± 0.0163) after training, corresponding 

to a change rate of -412.3%, and a Cohen’s d of -0.889 indicates a large effect(Panjeh et al., 2023). In addition, a 

paired t-test (one-tailed) on LI at the subject level revealed a significant difference between Pre- and Post-training (p 

< 0.01). For the control group, we applied the same analytical procedure. As shown in Figure 6(B), the differential 

statistical analysis of the PLV network connectivity revealed that only one connection line showed a significant 

change between the two measurement sessions. Meanwhile, the LI changed only slightly, from 0.0075 (± 0.0087) to 

-0.0002 (± 0.0090), with a change rate of −102.6%. The pre-test LI values greater than 0 could be attributable to inter-

subject variability; however, the LI decreased after participants became familiar with the experimental task. 

(2) Graph-theoretical analysis of PLV network in the Experimental Group 

As shown in Figure 6(A), in the experimental group, the PLV network after training is organized around the 

temporal T8 region as a hub node, with its functional connections to the frontal and occipital lobes markedly 

strengthened. We computed graph-theoretical metrics of the PLV network in the experimental group following the 

procedures described in Appendix B. Following previous graph-theoretical studies that defined hubs as nodes whose 

centrality ranks fall within the top quantiles of the distribution (e.g., top 20% of degree centrality) in either biological 

or brain networks(X. Li et al., 2023; Song et al., 2022), We defined a node as a hub if at least three of its graph-

theoretical metrics ranked within the top 50% among all nodes. The corresponding results were presented in Figure 

7. 



 

 

 

Fig. 7. Changes in the T8 node and network connectivity properties Pre- and Post-training. (A) Changes in multiple centrality 

metrics of the T8 node after training; (B) Changes in the ranking of the T8 node ranking; (C) Differences (post vs. pre) in the brain 

functional network characterized by PLV; (D) Changes in the strength of specific connections between the T8 node and other brain 

regions. 

At the nodal level, group-averaged results indicate an increase in the centrality of the T8 node.. As shown in 

Figure 7A, the normalized values of four centrality metrics (DC, NS, EC, PC) for the T8 node increased after training, 

with DC and NS showing the most pronounced improvement (+12.7%), while BC remained unchanged. 

Correspondingly, the relative ranking of the T8 node within the whole network also improved positively (Figure 7B): 

the number of metrics entering the top 50% increased from 0 before training to 3 after training, indicating that the 

training effectively enhanced the node’s importance within the network. 

At the network connectivity level, the training induced a functional reorganization centered around the T8 node. 

The heatmap of the PLV connectivity matrix (Figure 7C) revealed widespread changes in the connection patterns 

corresponding to the row/column of the T8 node after training, manifested as enhanced connections (warm colors) 

with other brain regions. Further analysis of the direct connections of the T8 node (Figure 7D) corroborated this trend, 

showing strengthened connectivity with multiple channels (e.g., Fz, P8) to varying degrees, with some connections 

exhibiting particularly notable increases. 

(3) Comparison of PLV Network Properties Pre- and Post- Training in the Experimental Group 



 

 

To further validate the training-induced changes in network properties, we conducted comparative tests on the 

Pre- to Post-training differences in four network metrics: CC, CPL, Le, and Ge. Both paired sample t-tests and 

Wilcoxon signed-rank tests revealed statistically significant differences in three network properties (CC, CPL, and 

Le) between the Pre- and Post-training (**p < 0.01). Although Ge did not show a significant difference, it exhibited 

an increasing trend after training, as shown in Figure 8. 

 

Fig. 8. Changes in network properties across 21 electrodes Pre- and Post- training (**p < 0.01). 

Ⅳ. Discussion 

This study employed MC, a time- and rhythm-based auditory symbolic system, as the stimulus, examined neural 

plasticity changes that occur as the brain transitions from a “novice” to a “proficient decoder.” By integrating results 

from ERP, and brain networks, we systematically characterized how symbolic system learning modulates task-

evoked brain information-processing patterns. 

At the behavioral level, two months of MC training improved both ACC and RT in the experimental group: after 

training, participants decoded more accurately and responded more quickly, indicating increased efficiency in neural 

circuits involved in MC symbol processing and more effective information transmission and integration(Mai et al., 

2024; Skoe & Kraus, 2024). The control group showed largely stable performance across the two measurement 

sessions, ruling out practice effects and natural maturation as alternative explanations and supporting the conclusion 

that behavioral improvements primarily stem from MC training itself. The marked Post-training improvement in the 

experimental group is consistent with the hypothesis proposed in the Introduction that learning a structured auditory 

symbolic system can induce experience-dependent neural plasticity within a relatively short time window(Tamminen 

et al., 2024). 

At the electrophysiological level, the N200 component amplitude decreased after MC training (i.e., the negative 



 

 

deflection was reduced), indicating that processing of MC symbols in the early information-processing stage became 

more efficient (as shown in Figures 5d and 5h). In light of cognitive automation theory, it can be inferred that as task 

proficiency increases, the extraction of MC acoustic and rhythmic features shifts from resource-demanding, 

controlled processing toward a more automated mode(Shiffrin & Schneider, 1977), reducing the need for conflict 

monitoring and error signaling and thereby decreasing N200 negativity(Botvinick & Braver, 2015; Houghton & 

Tipper, 1996). At the same time, theories of attentional bias and learning–memory suggest that training strengthens 

selective attention and memory representations for MC symbols, allowing participants to extract task-relevant 

information more rapidly and directly from the background without recruiting large amounts of additional cognitive 

resources(Shim et al., 2023). Thus, the reduction in N200 amplitude does not imply weaker processing; rather, it 

likely reflects more economical and efficient resource utilization in the domains of attention, control, and memory 

encoding(Pei et al., 2022). This finding provides support for Hypothesis 2 proposed in the Introduction. 

At the brain network level, this study examined the impact of MC learning on the organization of neural 

information processing from three perspectives: lateralization, network topology, and hub nodes. The PLV difference 

network showed that post-training connectivity was globally enhanced in the right hemisphere, and the network 

exhibited a right-lateralized pattern(Zatorre et al., 2007; Harding et al., 2019). This pattern suggests that long-term 

training may induce remodeling of neural pathways, either by forming new neuronal connections or by strengthening 

existing one(Schlaffke et al., 2017; Schmidt-Wilcke et al., 2010). Quantitatively, a significant 412.3% reduction in 

LI (p < 0.01, Cohen’s d = −0.889) was found in the training group, signaling a shift to right-hemispheric dominance, 

with no significant change in the control group. This pattern is consistent with previous findings on the advantages 

of the right hemisphere in temporal processing, rhythm perception, and non-lexical auditory symbolic 

processing(Limb et al., 2006; Riecker et al., 2002), and suggests that learning MC, as a time-rhythm-based symbolic 

system, drives a shift from relatively symmetric processing toward a right-hemisphere-dominant network 

organization(Tierney & Kraus, 2015). Graph-theoretical analyses further revealed that, within this right-lateralized 

network, the right temporal T8 node exhibited typical hub-like properties after training: the rankings of DC, NS, EC, 

and PC all improved, with three of these metrics entering the top 50% of all nodes. At the same time, connectivity 

between T8 and regions such as the prefrontal and occipital cortices was generally strengthened, indicating that T8 

gradually evolved into a key hub for cross-regional information integration-coordinating, on the basis of auditory 

symbol encoding, attentional regulation and working memory in the prefrontal cortex, as well as rhythm/pattern 

perception in the occipital cortex(Harding et al., 2019). These findings consistently support that the T8 node exhibits 

prominent hub-like properties within the functional brain network. 

In addition, MC training not only altered interhemispheric connectivity patterns and hub-node status, but also 

reshaped the global topological properties of the PLV network(Lou et al., 2025; Zhan et al., 2022). As shown in 

Figure 8, a significant increase in CC and Le points to enhanced local clustering and processing efficiency, while a 

significant decrease in CPL indicates optimized global integration. Despite not being statistically significant, the 

upward trend in Ge implies a concomitant improvement in global information transfer(Gu et al., 2023; J. Li et al., 

2016; Lou et al., 2025; Zhan et al., 2022). Taken together, the LI results, the hub-like role of T8, and the network 

topological changes indicate that learning an auditory symbolic system such as MC not only promotes right-



 

 

hemisphere-biased reorganization of functional connectivity, but also enhances both local and global information-

processing efficiency through T8-centered network reconfiguration, providing strong evidence for tracking the neural 

network reorganization process from “novice” to “proficient decoder” within a controlled symbolic system(J. Li et 

al., 2016; Zheng et al., 2022).One limitation of this study is that the relatively long training period and the specialized 

occupational sample restricted the sample size and task scope. Given the small sample size, we prioritized combining 

data across different code speeds to enhance statistical power, and thus, did not analyze the effects of varying code 

speeds on behavioral and neural outcomes. Additionally, while the task focused on symbol discrimination (dot 

counting), it did not involve full letter-level decoding. Therefore, the observed ERP and connectivity changes should 

be interpreted as task-specific modulations, rather than as a broad reorganization of neural architecture. 

V. Conclusion 

In this study, MC was used as the stimulus to characterize neural plasticity underlying the transition from 

“novice” to “proficient decoder” two complementary levels: the local level (ERP) and the global level (PLV). Two 

months of MC training significantly improved participants’ performance in rhythmic perception, supporting the 

notion that structured symbolic learning can induce brain plasticity within a relatively short period. The decrease in 

N200 amplitude indicated more efficient extraction of MC’s acoustic and rhythmic information, with reduced 

reliance on highly controlled processing and conflict monitoring, suggesting a shift toward more automated decoding. 

PLV-based analyses further revealed a rightward reorganization of functional connectivity, with the right temporal 

T8 node showing increased hub-like centrality, and network properties becoming more favorable for information 

integration and transmission. This study proposes a set of candidate neural markers for EEG-based auditory 

discrimination assessment. Future research will address the limitations of this study by examining how different code 

speeds influence neural dynamics and performance. We also plan to design experiments exploring the role of 

semantic processing in MC recognition, focusing on EEG-based decoding of the semantic aspects of auditory 

symbolic processing. These efforts will extend the results to larger, more diverse samples and tasks, incorporating 

multimodal imaging and online decoding techniques to assess the stability and real-world applicability of these neural 

markers. 
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Appendix 

A. Lateralization Index Calculation Method 

To assess the lateralization of brain networks, we calculate the average functional connectivity of the left and 

right sides and perform statistical analysis. 

• Left-side connectivity average (L) 

• Right-side connectivity average (R) 

The Lateralization Index (LI) is defined as: 
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L R

−
=

+
 (1) 

The lateralization is interpreted as follows: 

⚫ LI > 0: Left-side connectivity is stronger 



 

 

⚫ LI < 0: Right-side connectivity is stronger 

⚫ LI = 0: No significant lateralization 

Statistical tests for each participant’s LI are performed using paired t-tests and effect size (Cohen’s d) analysis 

to assess the degree of network lateralization, and the calculation formula is as follows: 
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Among them, _mean LI1  , _mean LI 2  , _std LI1  , _std LI 2， represent the means and standard 

deviations from the two measurements, respectively. 

B. Graph Property Calculation Method 

To comprehensively analyze the topological properties of brain functional networks, we employed several 

graph-theoretical metrics to quantify the connectivity and importance of nodes. Below are the methods for calculating 

the main graph properties: 

1. Degree Centrality (DC) 

Degree centrality measures the extent to which a node is connected to other nodes in the network. In weighted 

networks, degree centrality is the sum of the weights of all the edges connected to the node. 

Formula: 
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Where ݓ௜௝ is the connection weight between node ݅ and node ݆, and ܰis the total number of nodes in the 

network. 

2. Node Strength (NS) 

Node strength is a standardized version of degree centrality, where the degree centrality is divided by the 

maximum possible number of connections (i.e., the number of nodes minus 1), resulting in a value between 0 and 1. 

This makes it easier to compare networks of different sizes. 

Formula:  
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Where ݓ௜௝ is the connection weight between node ݅ and node ݆, and ܰ is the total number of nodes in the 

network. 

3. Betweenness Centrality (BC) 

Betweenness centrality measures the importance of a node as a “bridge” in the network, indicating how many 

shortest paths pass through the node. In weighted networks, the shortest paths are typically calculated based on 



 

 

distance (the inverse of the weight). 

Formula: 
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Where ߪ௦௧ is the number of shortest paths between nodes ݏ and ݐ, and ߪ௦௧(݅) is the number of shortest paths 

passing through node ݅. 
4. Eigenvector Centrality (EC) 

Eigenvector centrality measures the importance of a node by considering not only the number of its neighbors 

but also the importance of those neighbors. A node with high eigenvector centrality is connected to many important 

nodes. 

Formula: 
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Where ܣ௜௝  is the adjacency matrix representing the connection between node ݅ and node ݆ , ߣ  is the 

eigenvalue, and ܥܧ௜ is the eigenvector centrality of node ݅. Typically, the eigenvector corresponding to the largest 

eigenvalue is used for calculating centrality. 

5. Participation Coefficient (PC) 

The participation coefficient measures the distribution of a node's connections across different communities 

(modules). A high participation coefficient indicates that the node connects multiple different communities, playing 

a role in integration. 

Formula: 
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Where ݇௜ is the degree of node ݅, ݇௜௠ is the sum of the connection weights between node ݅ and the nodes in 

community ݉, and ܯ is the total number of communities (e.g., left hemisphere, right hemisphere, and midline). 

C. Network Attributes Calculation Method 

We calculated the network attributes for each participant based on the PLV connection matrices. These attributes 

included: 

1.Clustering Coefficient (CC) 

The CC quantifies the extent to which the neighbors of a node are interconnected, reflecting the network’s local 

segregation or modular organization. 

2.Characteristic Path Length (CPL) 

CPL measures the average shortest path length between all node pairs, reflecting the global communication 

efficiency of the network, with shorter path lengths suggesting more efficient communication between distant regions. 



 

 

3.Global Efficiency (Ge) 

Ge is defined as the average inverse shortest path length between all node pairs, which captures the network’s 

ability to exchange information across long distancess 

4.Local Efficiency (Le) 

Le evaluates the fault tolerance and information-processing efficiency of a node’s immediate neighborhood after 

removing that node, which reflects the efficiency of information processing within local subnetworks and indicates 

network robustness under disruption. 

The calculation methods for the four network properties are as follows (Zhang et al., 2021): 
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Where 
ijd  is the shortest weighted characteristic path length between i and j, 

ijw  is the coherence coefficient 

between channel i and channel j; coherence represents the linear relationship between two different channel signals 

in a specific frequency domain. T is the number of nodes, and N is the set of all nodes in a single experimental 

network. 

 


