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1. INTRODUCTION 

1.1 Background and Significance 

The dynamic increase in the digital technologies has 
altered the manner people interact with information, 
which sometimes calls on a concurrent processing of 
many cognitive demands. Although the process of 
multitasking, which is defined as performing two or 

more activities simultaneously that require a common 
source of cognition (of intellectual ability), was once 
considered an exception, it has now become ubiquitous 
in the work place, academia, and even in social places. 
Despite the perceived productivity boost that 
multitasking is said to enhance, a substantial body of 
research has shown that it often leads to accuracy, 
research time and attention fragmentation and mental 
fatigue. Although the findings of this behaviour, the 
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Multitasking has risen as one of the digital behaviour characteristics defining how 

people work with information, how they distribute attention, and how they cognitively 

adjust to multitask conditions. Although it is widespread, the specific neural 

mechanism by which multitasking determines cognitive load and triggers neuroplastic 

transformations has not been studied properly. The present study offers a detailed 

examination of the high-resolution neuroplastic adaptations of the brain activities of 

neural efficiency and cognitive load interdependence in relation to the effects of 

neural activation variables of the high-resolution electroencephalography (EEG) brain 

activity mapping. An analytical framework across time frequency decomposition, 

spectral power analysis, functional connectivity modelling and machine learning-based 

cognitive load classification were used to elicit finer grains neural proxies of 

intensifying multitasking load. According to the experimental findings, there is a 

significant increase in frontal theta and beta oscillation, which is symptomatic of 

increased working memory levels, attentional control and executive processing loads 

due to increased levels of multitasking. Also, there are an increase in fronto-parietal 

connexion and a decrease in parietal-occipital alpha activity suggesting more cross-

regional coordination needed to serve multiple streams of tasks and more perceptual 

gating and sensory processing. Longitudinal studies also indicate neuroplastic changes, 

which are marked with persistent changes in baseline spectral power, enhanced 

adaptability in the modularity of the fronto-parietal networks, and enhanced neural 

efficiency on repeated exposure to multitasking settings. Classifiers built using 

information extracted with EEG features were high-ranking in distinguishing between 

cognitive states of load, emphasising the plausibility of automated systems to track 

state of cognitive functions in real-time. Together, these results have essential 

implications regarding the way in which the brain reconfigures and optimises neural 

circuits during continued multitasking pressure which can be used to depict more 

insight into cognitive neuroscience, neuroergonomics, human-computer interaction, 

and the design of workload-sensitive neuroadaptive systems. The study is also the 

foundation of the development of customised cognitive training regimes, improved 

adaptive user interfaces, as well as training the strategies to reduce cognitive fatigue 

in multitasking high-challenge environments. 
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neurophysiological basis of multitasking performance 
and the interaction of cognitive load with adaptive 
neural reorganisation in particular, is not fully 
understood. 
 

1.2 Multitasking In Cognitive Load and Neural 
Dynamics 

Cognitive load is based on the pressure on working 
memory that is caused by task performance. 
Multitasking puts significant executive load on 
executive control attentional control, task switching 
and updating of working memory. These activities are 
facilitated by sophisticated neural networks which 
enable coordination of activity in frontal parietal and 
temporal fields. But not only the neural features of 
increasing multitasking loads, i.e., the alteration of 
oscillatory activity, the cortical excitability, and the 
functional connectivity, have not been outlined 
systematically. Determining these signatures is crucial 
to the explanation of how multitasking loads the 
cognitive capacity and the way the brain reorganises 
resources in the high workload conditions. 
 

1.3 EEG as the Window Conference load into mind 
and neuroplasticity 

EEG is a very powerful, non-invasive technique to 
record fast neural activity relating to complex 
cognitive tasks. The mapping of the brain activity in 
EEG allows the detailed analysis of the frequency-band 
activities, the cortical activation of the processes, and 
cross-regional cortical synchrony, which can provide 
valuable results not only on cognitive load but also on 
the long-term neuroplastic changes. EEG can be used 
to decode real time cognitive states and view the 
effects of repeated exposure to multitasking tasks by 
using time frequency decomposition, connectivity 
measures, and spatial patterns in the neural activity of 
the brain by seeing the impact on neural efficiency and 
network structure. 
 

1.4 Objectives of the Study 

The proposed research will contribute to 
neuroscientific literature on multitasking in that (i) it 
will identify EEG-based biomarkers to show the change 
in cognitive load during multitasking, (ii) it will analyse 
neuroplasticity during multitasking with exposure to 
repeated exposures (long-term analysis), and (iii) it will 
build a computational model of relationships between 
EEG features and cognitive performance metrics Figure 
1. By using an integrated approach of spectral, 
connectivity, and machine-learning techniques, this 
study demonstrates a better comprehension of the way 
human brain adjusts to multitasking conditions of high 
demand and complexity. 
 

 
Fig. 1. Conceptual framework illustrating the relationship 

between multitasking, cognitive load, neural dynamics, and 
EEG-based brain activity mapping. 

 

2. BACKGROUND AND RELATED WORK 

2.1 Cognitive Load Theory 

Cognitive Load Theory (CLT) explains the presence of 
human task performance limitation due to the small 
capacity of the working memory. It categorises 
cognitive load as intrinsic, extraneous and germane, 
which in combination form the total mental effort 
needed in the execution of a task [15]. Multitasking 
increases intrinsic and extraneous load as the managing 
of multiple tasks requires the switching of tasks, 
processing and parallel processing, and involves partly 
overlapping attentional requirements. The rise in 
cognitive load beyond working memory size leads to 
negative performance, which is manifested in a higher 
error rate and, more importantly, a decrease in 
attentional control [5]. 
 

2.2. Cognitive Processing of neurons undergoes 
neuroplasticity 

Neuroplasticity is a term that can be used to refer to 
the brain capacity to restructure and remodel 
structural and functional networks according to 
experience or training. There are research studies that 
indicate that the repetitive practise of multitasking can 
impose adaptive as well as maladaptive changes in the 
brain. Adaptive plasticity is a process whereby, people 
gain better cognitive flexibility, ability to switch and 
attentional allocation [3]. Conversely, over 
multitasking is linked with the impaired filtering 
processes, poor precision of the working memory, and 
lower efficiency of the executive control [8]. These 
results indicate that the neural performance of 
multitasking highly relies on the nature of the task and 
the level of exposure. 
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2.3 EEG as an Assessment Tool of Cognition 

EEG offers a high level of temporal resolution in real-
time neural-activity analysis in the occurrence of 
cognition projects. Different bands in EEG signal show 
the occurrence of different cognitive processes: theta 
(48 Hz) is a working memory load and cognitive 
control, alpha (813 Hz) is a cortical inhibition, 
attentional suppression, beta (1330 Hz) is a task 
engagement, and gamma (exceeding 30 Hz) is a 
perceptual and integrative processing [6], [7]. It has 
been found that, as cognitive load increases, the 
frontal-midline theta, and parietal alpha activity tends 
to decrease, which is indicated to be a major 
frequency change markers in measurability of cognitive 
load to be caused by multitasking [10]. 
 

2.4 Neural connectivity and Multitasking 

Functional connectivity investigates how neural activity 
is synchronised across brain regions, which offers the 
perspective into the dynamics of networks when a 
person is multitasking. The results indicate that 
multitasking improves the connexion between the 
frontal lobe and parietal lobes, which reflects an 
overload between the executive control and working 
memory systems [12]. Moreover, the decrease in the 
occipital connectivity during a heavy load on cognitive 
load indicates the occupation of the resources by the 
executive networks at the expense of sensory 
processing [13]. Multitasking has also been identified to 
cause neuroplastic changes in these networks in the 
long-term due to strengthening or weakening of 
connexions based on mental requirements [1]. 
 

3. METHODOLOGY 

3.1 Experimental Design 

Cases and Conditions of Multitasking and Structure of 
tasks 

The experimental protocol was made in such a way 
that it could provide a logical study of cognitive 
performance and neural dynamics with different tasks 
of multitasking. The participants were asked to 
perform three different task related conditions that 
varied in terms of cognitive complexity; one task tasks 
based baseline, one task two-task condition and one 
task three-task condition. In the single-task control, 
people handled a single cognitive task to measure 
reference level in terms of attention, working memory 
and neural functions. Students were put in the dual-
task situation where they simultaneously carried out 
two activities, usually an arithmetic computation task 
along with a continuous monitoring task thus, creating 
moderate cognitive load and division of attention. The 
triple task condition has also increased the load of 
multitasking by adding a verbal processing task to the 
arithmetic and monitoring tasks, a high load condition, 

whereby the participants had to coordinate several 
streams of thinking activities at the same time. 
 

Task Difficulty and Switching Frequency Manipulation 

The level of task difficulty was manipulated in a 
systematic manner which aims to replicate the 
relationship between cognitive load and increasing 
intensive when performing multiple tasks. The problem 
of difficulty was accommodated through the change in 
levels of arithmetic problems, the change of 
monitoring tasks pace, and creation of linguistic 
complexity in the verbal task. Also, manipulation of 
switching frequency was done by contesting the 
frequency with which subjects had to alternate 
between the two tasks and thus simulated realistic 
multitasking conditions where swapping of context is 
likely to take place easily. Through these 
manipulations, this experiment was in a position to 
determine not only the additive effects of multitasking 
but it was also able to determine the dynamic cognitive 
load created by task-switching, divided attention, and 
concurrent information processing. This was done so 
that the design admitted both static and dynamic 
aspects of cognitive load in multitasking conditions. 
 

Workload Assessment and Metrics Performance 

The research used several measures of behavioural 
effects of different multitasking requirements to assess 
the behavioural effects, including response time, 
accuracy rates, and error rates in all the task 
situations. These objective assessments gave an idea 
about the effect of cognitive overload on the 
processing speed, decision accuracy and attentional 
stability. Also to the behavioural data, they evaluated 
the subjective workload by the use of NASA Task Load 
Index (NASA-TLX) which is a highly established tool to 
measure perceived mental effort, temporal demand, 
level of frustration and the level of overall task 
intensity Figure 2. Objective performance measures of 
multitasking were coupled with subjective workload 
rating which allowed assessing both the quantitative 
and qualitative impacts of multitasking on cognitive 
functioning. 
 

 
Fig. 2. Flowchart illustrating the task structure and 

multitasking conditions used in the experimental design. 
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3.2 EEG Acquisition and Preprocessing 

EEG Hardware set up and Recording set up 

The samples were recorded at the EEG electrodes 
(high-precision, 32 channels) according to the 
international 1020 electrode placement system to 
cover the frontal, parietal, temporal, and occipital 
areas of the brain. Each session loop was preceded by 
recalibration of the device to ensure consistency in the 
integrity of signals as well as the reduction of 
impedance with all the electrodes, usually maintained 
at lower than 5 k of impedance in order to achieve 
optimal conductivity. The respondents were made to 
sit comfortably in a low noise and controlled 
environment to minimise movement and electrical 
noise during recording. This hardware system enabled 
the high resolution recording of neural oscillations in 
relation to cognitive load and the performance of 
multitasking and would guarantee consistent and 
reliable recording of a hardware system. 
 

Parameters and frequency filtering of sampling 

The EEGs were recorded at the rate of 512Hz that gives 
a high temporal resolution which helps in capturing the 
neural changes as fast as the attention, working 
memory and task switching. Doing preprocessing A 
bandpass philtre of 0.1 Hz-50 Hz was used to isolate 
the appropriate EEG frequencies, as well as suppress 
the low frequency drift, DC offset and high-frequency 
noise such as muscle artefact and electrical 
interference. This narrowing down made sure that the 
filtered signals were correctly representative of the 
cortical rhythms that fell into the theta, alpha, beta, 
and gamma range that are pivotal to cognitive load and 
neural processing mechanisms during the performing of 
multiple tasks. 
 

ICA-based Artefact Removal and Identification of 
Artefacts 

Independent Component Analysis (ICA) was used as an 
effective or powerful step in preprocessing data to 
enhance its quality and eliminate physiological 
artefacts. ICA is able to isolate the neural signals 
against electrophysiological sources of contamination 
including eye blinks, saccadic movements, facial 
muscle tension, and cardiogenic artefact. Topographic, 
frequency profile, and time-based components that 
were found to be non-neural were eliminated and 
thereafter the cleaned EEG dataset was reconstructed. 
This approach allowed establishing a high-quality 
neural activity in the form of spectral decomposition 
and connectivity measures, which were used in further 
analysis to measure cognitive load with high precision 
and high reliability. 
 
 

Time-locked Signal extraction and Epoch 
Segmentation 

After correction of artefacts, EEGs were divided into 
epochs between -200 ms and 1200 ms with reference to 
the occurrence of task stimuli. The normalisation 
baseline was the pre-stimulus period (between 0 ms 
and -200 ms), and the post-stimulus recording period 
was the neural activity when performing the task based 
on encoding, attention distribution, decision-making, 
and the execution of the response Figure 3. Such 
epoching method made it possible to align neuronal 
activity to certain events of the task very accurately 
making it possible to extract event-related potentials 
(ERP), time-frequency dynamics and patterns related 
to cognitive load. The high-level division supported 
strong, detail analysis of how multitasking 
requirements alter the brain action in the course of 
time. 
 

 
Fig. 3. EEG Hardware Configuration and 10–20 Electrode 

Placement for Data Acquisition. 

 

3.3 EEG Feature Extraction 

Time–Frequency Decomposition 

The dynamic oscillatory properties of the EEG signals 
were analysed with the help of timefrequency 
decomposition techniques and used to measure 
spectral properties to cognitive load during 
multitasking. Short-Time Fourier Transform (STFT) was 
used to create a representation with fixed resolution in 
frequency and time of the signal rhythmic activity in 
common EEG bands e.g. theta, alpha, beta, and 
gamma. Besides this, Continuous Wavelet Transform 
(CWT) was used to adequately record non-stationary, 
transient neural activities with tissues that are highly 
time sensitive, and thus suited to record sudden 
changes in execution of different tasks and attention. 
STFT and CWT in combination gave complete time-
frequency representation where band-specific spectral 
power was obtained as a leading characteristic of the 
cognitive load estimation. 
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Delegation: Functional Connectivity Analysis 

It was determined that functional connectivity 
measured the coordination and synchronisation of 
distributed brain regions that underlie multitasking. 
Phase-Locking Value (PLV), quantifying consistency of 
phase synchronisation between electrode pairs, 
coherence, quantifying linear correlation between 
signals at a frequency and the Imaginary Part of 
Coherency (iCoh) to isolate interactions not occurring 
at zero lag were key connectivity measures. Also, 
graph based metrics including clustering coefficient, 
betweenness centrality, and global efficiency were also 
calculated to describe the topological structure of 
large scale brain networks. This test yielded the 
insights about the way multitasking frees neural 
integration, segregation, and communication 
effectiveness in cognitive control and sensory-
processing areas. 
 

Classifying cognitive loads with machine learning 

Diverse levels of cognitive load caused by multitasking 
had to be categorised with the help of multiple 
machine-learning models, among which Support Vector 
Machines (SVM), Random Forest classifiers, and 
Convolutional Neural Networks (CNNs) were used. 
These models utilised spectral power as well as 
functional connectivity matrices and spatial properties 
of EEG scalp maps in their feature space enabling the 
classifiers to elucidate both temporal and spatial 
features of neural activity. The classical models like 
SVM and Random Forest yielded interpretable margin 
decision but using handcrafted features whereas CNNs 
used spatial-temporal behaviour to automatically 
discover the strong representations using EEG 
topographies Figure 4. This multi-model classification 
technique allowed the identification of cognitive load 
conditions in single, dual and triple-task conditions 
with high level of accuracy. 

 

 
Fig. 4. Time–Frequency Spectrogram of EEG Signal During 

Task Processing. 

 

4. RESULTS AND DISCUSSION 

4.1 Cognitive Load Indicators 

EEG spectral analysis demonstrated that there are 
specific neural activities related to the growing burden 
of multitasking. Dual- and triple-task conditions 
induced a strong increase in frontal theta power (p < 
0.01), which indicated the increase in the working 
memory involvement and the activation of the 
executive control under the cognitive load. This was 
coupled with more beta power in the left prefrontal 
cortex which showed higher degrees of concentration 
of mental efforts and concentration on a task. 
Conversely, alpha activity in the parietal and occipital 
areas was significantly suppressed and it corresponds 
with decreased cortical idling and increased 
attentional distraction to task-relevant stimuli. The 
combination of these oscillatory patterns points to the 
burdening action of multitasking on neural resources 
and confirm spectral power as a cognitive load 
biomarker. 
 

4.2 Patterns of Functional Connectivity 

The functional connectivity analysis showed that there 
are significant changes in network coordination under 
multitasking conditions. There was significant trend of 
growing fronto-parietal Phase-Locking Value (PLV) that 
indicated the improvement of synchronisation between 
the executive control and working memory networks 
with increase in task demands. On the other hand, 
lower connectivity in the occipital areas showed 
lowered sensory processing and this would be evident 
because the brain relocates resources in other higher 
cognitive processes. Graph-theoretic measures also 
revealed reduced global efficiency indicating a global 
integrated processing to more localised segregated 
neural communication with heavy cognitive demands. 
These connectivity patterns attest that multitasking 
causes high reorganisation of bulk functional networks. 
 

4.3 Neuroplastic Adaptations between Repeated 
Sessions 

The longitudinal analysis indicated evident 
neuroplasticity after getting exposure to repeated 
multitasking. Theta power at the baseline slowly 
declined through the sessions meaning that neural 
efficiency is higher and cognitive effort is less because 
of adaptation. Also, the network structure of the 
fronto-parietal systems increased modularity and 
reduced the path length, and indicated adaptive 
restructuring of the network topology to allow 
maintenance of multitasking performance. The 
improvements in the behavioural measures that were 
observed to accompany these neural changes were in 
the form of an overall increase in accuracy and 
response speed and therefore it was established that 
the brain is optimised in terms of its functionality when 
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consistently subjected to a multitasking environment. 
Nevertheless, there was a difference in the degree of 
adaptation between individuals which indicated that 
there are interactions between cognitive strategy, 
previous experience, and neural flexibility. 
 

4.4 Performance and Implications in Classifying 

Machine learning-based systems providing facial 
recognition to EEG-based features showed a high level 
of performance in determining the level of cognitive 
loads under specific task conditions. SVM support 
vectors effectively determined its 86 percent accuracy, 
random forest models actually desirably determined 
their 90 percent accuracy and convolutional neural 
network (CNN) determined the highest 94 percent 
accuracy, due to the capability of the medium to 
automatically derive the spatiotemporal features on 
the EEG scalp maps Figure 5. These findings highlight 
the fact that it is possible to monitor real-time 
cognitive loads in an advanced way through 
computational processes. Notably, spectral measures, 
functional connectivity derived data and spatial EEG 

signatures were very effective in distinguishing 
between single, dual and triple workload Table 1. The 
proven effectiveness of these models implies bright 
perspectives of their use in neuroergonomics, through 
innovative learning models, and brain-computer 
interface technologies that could dynamically adapt to 
user workload. 
 

 
Fig. 5. Classification Performance across Models 

 
Table 1. Summary of EEG-Based Findings across Cognitive Load, Connectivity, Neuroplasticity, and Classification Performance 

Section Result Category Key Findings Implications 

Cognitive Load 
Indicators 

Spectral Power Changes • ↑ Frontal theta (dual/triple task, 
p< 0.01)  
• ↑ Left prefrontal beta power  
• ↓ Alpha in parietal & occipital 
regions 

Indicates high working memory 
demand, increased executive 
control, reduced cortical idling, 
and elevated attentional focus. 

Functional 
Connectivity Patterns 

Network Synchronization 
& Efficiency 

• ↑ Fronto-parietal PLV (stronger 
cognitive control–WM coupling)  
• ↓ Occipital connectivity (reduced 
sensory processing)  
• ↓ Global efficiency (more 
localized processing) 

Confirms neural network 
reorganization as cognitive load 
increases; brain shifts resources 
toward executive networks. 

Neuroplastic 
Adaptations 

Longitudinal Neural 
Changes 

• ↓ Baseline theta over sessions 
(improved neural efficiency)  
• ↑ Network modularity & shorter 
path lengths  
• ↑ Behavioral performance 
(accuracy, speed) 

Evidence of adaptation and 
improved multitasking efficiency; 
brain optimizes processing over 
repeated exposure. 

Classification 
Performance 

Machine Learning 
Accuracy 

• SVM: 86% accuracy  
• Random Forest: 90% accuracy  
• CNN: 94% accuracy 

CNN outperforms traditional 
models; EEG features reliably 
classify workload → strong 
applications in BCI, 
neuroergonomics. 

 

5. CONCLUSION 

This paper presents an inclusive research on neural 
aspects of multitasking that combines the spectral 
analysis of the EEG, functional connectivity mapping, 
and machine-learning classification. These findings 
show that varying cognitive load demands are evoked 
by increasing multitasking, which is a higher frontal 
theta and beta activity, inhibited parietal and occipital 
alpha activity, and major reorganisation of the 
connectivity of the fronto-parietal network. Moreover, 
longitudinal results also provide being unequivocal 
about the neuroplasticity of adaptation since repetitive 

exposure to multitasking results in increased neural 
efficiency, an augmented network modularity, and a 
rise in cognitive performance. Real-time cognitive load 
detection and creation of intelligent neuroadaptive 
systems Outstanding results with machine-learning 
models, and especially CNNs, highlight the possibility 
of its future application. Altogether, the research 
contributes to the existing knowledge regarding the 
dynamic distribution of brain resources and a re-
establishment of neural networks as complex cognitive 
processes take place, which can be useful to cognitive 
neuroscience, neuroergonomics, education, and 
human-computer interaction. A multimodal 
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physiological recording in the form of fNIRS, eye-
tracking, and heart rate variability will be used in the 
future to explore cognitive load modelling in more 
detail and examine how individual differences in 
multitasking adaptation are manifested. 
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