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Abstract

This study is an interdisciplinary research project that integrates
Human Cognitive Neuroscience, Artificial Intelligence (AI), Brain-
Inspired Artificial Intelligence (BIAI), and Data Analytics. Cognitive
neuroscience examines the cognitive-cerebral synergies that involve
complex interactions and coordination among brain regions involved in
mental processes. Al and BIAI help analyse brain activity patterns and
further develop an accurate predictive model. The use of R analytics acts
as a catalyst in overall data analysis, data visualisation, and result
modelling. In this study, R code produces graphical outputs for Brain
Network Visualisation, Al-Inspired Neural Network Visualisation,
Synergy Analysis Heatmap, Cognitive Load Visualisation, and Al
Performance Comparison. This study focuses exclusively on
understanding brain function and on developing Al models inspired by
it. The study has applications in Brain-Computer Interfaces (BCIs),
Cognitive Enhancement, and personalised medicine for the treatment of
specific diseases. The quantitative research methodology of this study
uses neuroimaging data from functional magnetic resonance imaging
(fMRI), electroencephalography (EEG), or magnetoencephalography
(MEG), which provide deeper insight into brain activity in healthy
respondents. Such data can be processed using R packages such as caret,
dplyr, and ggplot2, with emulated R code. This research methodology
reports valuable insights into cognitive cerebral synergies and applies
them in developing brain-inspired Al systems. The study aims to bridge
the gap between cognitive neuroscience and Al. The future scope of this
study may include integrating fMRI, EEG, and BCI to develop practical
solutions for neurological disorders and disabilities in individuals.

1 Introduction

Firstly, the operational definitions of important
technical terms, such as cognitive cerebral
synergies, human cognitive neuroscience, Al,
BIAI, and BCI, are reproduced in this section with
appropriate references to develop the reader's
interest and understanding of this

Secondly, the study examines in depth medico-
technical themes central to this study, including
Brain Network Visualisation, Al-Inspired

Neural Network Visualisation, Synergy
Analysis Heatmap, Cognitive Load
Visualisation, and Al Performance

study. Comparison. However, the unique aspect of this
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study is that it uses R analytics to provide
colourful graphical interpretations of these
medico-technical concepts, a novel approach.

1.1 Basic Concepts

Cognitive cerebral synergies are the integrated
processing of information and the coordination
of different cognitive functions of the brain [1],
[2]. Moreover, reputed journals, viz.
Neuropsychologia and Nature Reviews
Neuroscience regularly publish the latest and
advanced studies on cognitive neuroscience.

Memory, Language, Decision-Making, and
emotion in humans [3].
Artificial Intelligence (AI) simulates the

cognitive functions and emotions of the human
brain through well-designed software. Al
replicates the physiological activities of the
human brain to simulate near-human
intelligence [4].

Brain-Inspired Artificial Intelligence (BIAI) is
a combination of Al systems and algorithms that
emulates all the biological functions of the human

Human Cognitive Neuroscience is an brain and its neural network [5].
interdisciplinary field that examines how brain Table 1 clearly delineates the differences
function relates to Perception, Attention, between Al and BIAI
Table 1. Differences between brain-inspired Al and traditional Al
(Source: https://arxiv.org/pdf/2408.14811v1).
Aspects Brain-Inspired Al (BIAI) Traditional Al
1. Learning Mimics human brain learning (e.g., | Rule-based, predefined
Approach neural networks) algorithms
2. Adaptability High, capable of learning and adapting | Low, limited to programmed
from experience instructions
3. Efficiency Optimised for energy-efficient | Often requires significant
computations computational power
4. Flexibility Capable of handling unstructured data | Struggles with unstructured
and environments data and environments
5. Intelligence Emulates cognitive processes and | Follows logical reasoning and
perception statistical methods
6. Neuroscience Directly inspired by brain functions and | Based on mathematical models
Integration structures and data analysis
7. Autonomy High, capable of autonomous decision | Limited, requires human
making intervention for complex
decisions
8. Learning Continuous learning, self-improving Static learning needs
Mechanism retraining for updates
9. Example Advanced robotics, autonomous | Traditional data analysis, rule-
Applications systems, and cognitive computing based systems
10. Development Understanding and replicating brain- | Enhancing algorithmic
Focus like behaviour efficiency and accuracy

Brain-Computer Interfaces (BCIs) enable the
instrument handler to control the instrument
using brain signals, without relying on the
handler’s traditional nerves and muscles [6].

Brain Network Visualisation is the use of graph
theory to map brain connections, representing
brain regions as nodes and their connections as
edges. BrainNet Viewer software can generate a
visual representation of a brain network [7].

In Figure 1, the red dots are the nodes, and the
lines connect different lobes of the human brain.
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Fig. 1.
DOI: 10.1371/journal.pone. 0068910.g007).

Al-Inspired Neural Network Visualisation is
an Al technique that visually depicts the complex
neural network of the human brain. It helps
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elucidate brain structure and neural connections
[8].

The Synergy Analysis Heatmap, in the context
of the human brain, is a colour map that indicates
complex relationships among brain regions. It
shows how different areas of the human brain
interact to generate integrated information,
known as synergy [9].

John Sweller developed Cognitive Load
Visualisation theory in the late 1980s. It
explains how we learn and how new knowledge
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1.2 Background

As of now, numerous studies report on various
aspects of the human brain and its mechanisms
of function. However, this study introduces a
novel approach by incorporating R analytics to
graphically report on the different cognitive
cerebral synergies of the human brain.

1.2.1 The Unresolved Problem

There are two distinct, unaddressed, and unmet
areas of concern.

1.2.1.1 Integration of Neuroimaging Data: To
facilitate smooth data analysis and interpretation
of cognitive cerebral neuroimages from fMRI,
EEG, and MEG, the use of R analytics may prove a
turning point in this study.

1.2.1.2 Converting BIAI to practical
applications: Translating the BCI and all other
cognitive enhancements of the human brain to
real-world solutions to unresolved brain-related
diseases in unhealthy individuals in need
remains a challenge. In this scenario, R analytics
may provide a promising piecemeal solution for
analysing brain scans of such ill individuals.

1.2.2 Motivation/reasons to undertake this
study:
Several vital reasons that motivated the

researcher to undertake this study are:

1.2.2.1 Bridging the Gap: This study aims to
bridge the gap between the cognitive
neuroscience of the human brain and Al to
explore cerebral synergies for developing BIAI
models.

Cognitive
SynergiesCerebral

Research
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is constructed in the human brain's working
memory [10].

Al  Performance Comparison involves
comparing BIAI with traditional Al models. The
goal of BIAI is to mimic the biological processes
of the human brain, whereas traditional Al
models aim to perform specific human-
intelligence tasks using artificial algorithms [11].
This study demonstrates how R analytics can be
effectively leveraged to compare BIAI and
traditional Al models.

The mind map below depicts the study period.
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Depicting the Study's Novel and Unique Outreach.

1.2.2.2 Interplay of BCI and Personalised
Medicine: Such a study can assist in developing
BCI and specific medicine for human brain
diseases, thus aiding in improving human health
and quality of life.

1.2.2.3 Novelty in the study: Exclusive use of R
analytics in reporting cognitive cerebral
synergies as a new tool for future researchers in
visualising and understanding complex human
brain data has been simplified to some extent.
Previous studies on cognitive and cerebral
investigations of the human brain employed
various tools and techniques; however, this study
uses a distinct methodology and offers a unique
perspective.

1.3 Applications of Cognitive Cerebral
Synergies

The integrated simulation of multiple human
brain regions to accomplish different complex
cognitive functions is called Cognitive Cerebral
Synergies. This study identifies prospective
applications of Cognitive Cerebral Synergies,
implemented in R, to enhance understanding.
1.3.1 Human Brain Mapping is possible by
understanding these synergies.

1.3.2  Specific therapies can speed up recovery
after brain injuries if these synergies are
understood, perhaps by use of tools like R
analytics.

1.3.3 New AI models with the help of R
analytics can generate human brain-like synergy,
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which definitely enhances machine learning
activities.

1.3.4 Codes using R analytics can easily
improve the applications of BCI.

1.3.5 R analytics can help develop specific
synergy-based training programs for patients
recovering from cerebrospinal brain ailments

and injuries, including post-operative
rehabilitation.
1.4 Scope of the Study

The specific range of this research study sets a
restrictive domain within the following:

1.4.1 Facilitates BCI and Medical
Therapies: This study promotes developments
in BCI for searching for different medical
therapies in neurological disorders in
conjunction with R analytics as a computing tool.
1.4.2 Assists in Bridging the Gap between
Cognitive Neuroscience and Al: By integrating
R analytics for processing neuroimage data, this
study helps in building a BIAI model that
replicates almost all the human brain functions.
1.4.3 Discovers Novel Usages of R Analytics
in Neuroscience: This study unveils unique and
novel functions of R analytics that can be used in
the study of the human brain.

However, this specific scope of study can be
expanded in many different ways in the future.

2 Research Questions

Two specific research questions are tackled in
this study to explore the latent power of R
analytics.

21 Problem Statement-1: Do R analytics
have the potential to identify specific cognitive
cerebral synergies in human brain diseases by
integrating the data of fMRI, EEG, and MEG?

2.2 Problem Statement-2: Can R analytics
help develop a BIAI that can outperform
traditional Al in complex decision-making and
problem-solving tasks?

Answers to this research question will inform the
development of more advanced Al systems using
R analytics that can simulate human-like
intelligence.

3 Research Objectives

These unresolved problems can be approached
by considering these two study objectives:

31 Objective 1: To develop a practical
graphical R analytics framework for identifying
cognitive cerebral synergies in: Brain Network
Visualisation, Al-Inspired Neural Network
Visualisation, Synergy Analysis Heatmap,
Cognitive Load Visualisation, and Al Performance
Comparison.

3.2 Objective 2: To suggest unique
applications of this R analytic framework in
developing specific treatments for human brain
disorders.
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4. Significance of the Study

The actual importance of this study can be
realised as follows:

4.1 Academic Value

4.1.1 Novel Interdisciplinary Research: This
study is an amalgamation of topics like cognitive
neuroscience, Al, and data analytics for
understanding more about human brain
cognitive cerebral synergies.

4.1.2 Utilisation of New Tool: The novelty of
this study can be seen in the usage of R analytics
for the graphical interpretation of human brain
functions, which has not been done previously.
4.1.3 Connecting the Gap: This study
attempts to bridge a gap in neuroscience
technology and Al to generate sophisticated BIAI
models.

4.1.4 Improvements in Neuroimaging
Analysis: This study demonstrates the full
potential of R analytics in analysing all types of
neuroimaging data for a deeper understanding of
the human brain functioning.

4.2 Societal Value

4.2.1 Enhanced Treatments: The study's
outcomes on cognitive cerebral synergies and
BIAI models can suggest specific treatments for
human brain disorders, neurodegenerative
diseases or injuries.

4.2.2 Improved BCI: This research brings in
developments in BCI technology, thus improving
the lives of those with neurological disorders.
4.2.3 Avenues for Neurorehabilitation: The
study's novel approach informs new
neurorehabilitation strategies for those suffering
from neurodegenerative ailments.

5. Literature Review

This section reviews prior studies with two
primary objectives: first, to acquaint the reader
with the concept of Cognitive Cerebral Synergies;
and second, to identify a significant gap in the
body of knowledge that will serve as the title of
this study.

51 Abridged Overview of
Research

John McCarthy, an American Computer Scientist,
coined the term Alin 1955. He developed the idea
of machines capable of thinking, acting, and
behaving like humans. Today, Al has some
cognitive capabilities similar to the human brain,
due to the advancements in artificial Deep
Neural Network (DNN) [12].

Current advances in Al have the potential to
emulate many of the complex functions of the
human brain. This includes basic pattern
recognition and advanced reasoning capabilities.
The third-generation Artificial Neural Network
(ANN), also known as Spiking Neural Network
(SNN), can even replicate human neuron

physiology [13].

Existing
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Artificial Intelligence (AI) is closely related to
simulating and replicating many human brain
functions. ANNs function in much the same way
as biological neural networks in the human brain.
Similarly, Al can deliver all the cognitive functions
of the human brain, such as perception, memory,
thinking and decision-making [14].

Al can visualise the human thought process.
Electrical signals from human brain neurons can
be fed into AI, which in turn generates
visualisations that represent human thought
processes. Thus, Al has the potential to decode
human neural activity and develop an
appropriate Natural Language Processing (NLP)
model that accurately replicates human cognitive
patterns [15].

The BIAI compared with traditional Al, presents
foundational, ethical, and newly identified
practical concerns. Moreover, the practical issues
of BIAI can be addressed at the Operational,
Instrumental, Relational, and Societal levels to
mitigate these problems. Furthermore, BIAI
ethical issues can be categorised into those
related to goals and those related to concepts

[16].
Almost all the BIAI models have not been
entirely  successful because they were

manipulated and oversimplified for better
understanding. To address this problem in BIAI,
researchers adopted mathematical and
engineering solutions, thereby compromising
neurobiological accuracy [17].

5.2 Gap in Existing Knowledge

Peculiar gaps in past contemporary research
theories pertinent to the above reviews are:
5.2.1 Bridging the Knowledge Gaps: From
the above specific reviews on Al, BIAI it is
evident that there is a need to develop more
accurate BIAI models without compromising the
neurobiological precision, and Al must correctly
output real-time human brain activities.

5.2.2 Need for Robust Methodology: A
strong balance is required in the present research
on BIAI and Al between technical practicality and
neurobiological importance in the replication of
human brain activities.

5.2.3 Improvements in the Efficacy of BIAI:
There is a significant scope for further
advancements in BIAI with respect to more
accuracy, ethical and technical considerations.
This novel approach bridges these gaps using R
analytics.

6. Research Methodology

A hybrid methodology approach is most suitable
for this study. Various criteria applicable in
implementing the hybrid methodology are as
follows:

6.1 Research Design
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This study employs a quantitative research
design in which raw data from functional
Magnetic Resonance Imaging (fMRI),
electroencephalography (EEG), or
magnetoencephalography (MEG) are processed
in R to generate desired graphical outputs. This
data can be from both ill and healthy volunteers,
providing comparative and deeper insights into
the human brain. However, once the R code
provided in this study is executed, modifications
can be made with minimal effort.

6.2 Data Collection Methods

Volunteers who have obtained prior permission
to participate in such a research study can
provide their respective brain scans. This
quantitative data can then be analysed using
statistical techniques such as regression and
correlation tests.

6.3 Computational Methods

Leveraging R analytics packages such as caret,
dplyr, and ggplot2 for data analysis, data
visualisation, and results modelling is
straightforward. The study presents five graphs
illustrating various functions of the human brain.
Moreover, Machine Learning (ML) and Deep
Learning (DL) techniques can readily assist in
identifying patterns and relationships in the
human brain's neural network. Depending on the
statistical need and objectives, specific
descriptive and inferential statistics can be
employed to draw meaningful insights from the
data obtained in this study.

7. Results and Discussion

Given the two distinct objectives, the R code in
this study generates five novel graphical outputs,
whose interpretation provides deep insights into
the topic. These R scripts can be executed using
real-time data from volunteers.

7.1 Using R Analytics: R Code

In this section, the first objective of developing a
graphical R analytics framework is achieved.
R-Code 1: Creating a Brain Network

# Install necessary packages if not installed

# install.packages("igraph")

# install.packages("ggraph")

# install.packages("ggplot2")

# install.packages("tidygraph")

library(igraph)

library(ggraph)

library(ggplot2)

library(tidygraph)

# Create a brain network

set.seed(123) # for reproducibility

nodes <- data.frame(id = as.character(1:10),
region = sample(c("Frontal", "Parietal”,
"Temporal"), 10, replace = TRUE))

edges <- data.frame(from =
as.character(sample(1:10, 20, replace = TRUE)),
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to = as.character(sample(1:10, 20, replace =
TRUE)))

graph <- graph_from_data_frame(d = edges,
vertices = nodes, directed = FALSE)

# Visualise the graph

ggraph(graph, layout = "circle") +

geom_edge_link(color = "grey") +
geom_node_point(aes(color = region), size = 5)
+

theme_void() +

theme(legend.position = "bottom") +
labs(color = "Brain Region")

-
-
®
®
Brain Region Frontal @@ Parietal Temporal
Graph 1:Visualisation of the Human Brain Network
R-Code 2: Creating a Human Brain Neural Network Visualisation

# Install necessary packages if not installed
# install.packages("neuralnet")
# install.packages("NeuralNetTools")
library(neuralnet)
library(NeuralNetTools)
# Create a neural network
set.seed(321)
n <- neuralnet(Species ~ Sepal.Length + Sepal. Width + Petal.Length + Petal. Width,
data = iris,
hidden = c(1,2),
linear.output = FALSE)
# Plot the network

plot(n,
main = "Al-Inspired Neural Network Visualisation",
rep = "best",

information = FALSE,
col.hidden = "lightblue",
col.entry = "green",
col.out = "yellow",
fontsize = 16)

Sepal.Length

setosa

Sepal. Width

versicolor

Petal Length

virginica

Petal Width

Graph 2:Visualising the Human Brain Neural Network
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R-Code 3: Creating a Synergy Heatmap of the Human Brain
# Install necessary packages if not installed
# install.packages("ggplot2")
# install.packages("tidyr")
library(ggplot2)
library(tidyr)
# Generate random data for synergy analysis
set.seed(123)
synergy_data <- matrix(rnorm(100), nrow = 10)
colnames(synergy_data) <- paste("Feature", 1:10)
rownames(synergy_data) <- paste("Brain Region", 1:10)
# Convert matrix to dataframe and pivot longer
synergy_df <- as.data.frame(synergy_data)
synergy_df$Brain_Region <- rownames(synergy_data)
synergy_df <- pivot_longer(synergy_df, cols = -Brain_Region, names_to = "Feature", values_to = "value")
# Reorder the levels of the categorical variables
synergy_df$Feature <- factor(synergy_df$Feature, levels = paste("Feature", 1:10))
synergy_df$Brain_Region <- factor(synergy_df$Brain_Region, levels = paste("Brain Region", 1:10))
# Create a heatmap
ggplot(synergy_df, aes(Brain_Region, Feature, fill = value)) +
geom_tile() +
scale_fill_gradient2(low = "blue", mid = "white", high = "red", midpoint = 0) +
theme_minimal() +
theme(axis.text.x = element_text(angle = 90, vjust = 0.5, hjust = 1)) +
labs(x = "Brain Region", y = "Feature", fill = "Value")

Feature 10 -
Feature 9
Feature 8 -
eature - 2
2 Feature - 1
=2
3 o
w Feature &
-1
Feature 4 . 5
Feature 3
Feature 2 -
Feature 1
& & & & & & & & & j=
Brain Region
Graph 3:Heatmap Map of the Human Brain showing synergy between brain regions and features
R-Code 4: Creating a Cognitive Load Visualisation of the Human Brain
library(ggplot2)
# Generate random data for cognitive load
set.seed(123)

cognitive_load <- data.frame(load = rnorm(100), time = 1:100)

# Create a line plot

ggplot(cognitive_load, aes(x = time, y = load)) +
geom_line(aes(color =load > 0), size =1) +
scale_color_manual(values = c("blue", "red")) +
theme_minimal()
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load > 0O

load
Q

— FALSE
— TRUE

o 25 50 75 100
time

Graph 4:Visualising Cognitive Load of the Human Brain over Time

R-Code 5: Creating a Performance Comparative BIAI and Traditional Al models
library(ggplot2)
# Generate random data for the Al performance
set.seed(123)
ai_performance <- data.frame(performance = rnorm(100), model = sample(c("Brain-Inspired”,
"Traditional"), 100, replace = TRUE))
# Create a box plot
ggplot(ai_performance, aes(x = model, y = performance, fill = model)) +
geom_boxplot() +
scale_fill_manual(values = c("green", "orange")) +
theme_minimal()

2
1
3 model
[}
g0 ‘ Brain-Inspired
s El Traditional
-1
-2
Brain-Inspired Traditional
model
Graph 5:Compares the performance of BIAI and Traditional Models
7.2
Interpretation of the Graphs . Neural connections from different lobes
The application of the R analytics framework of the human brain are known as "brain
generates graphical outputs, which are network".
interpreted in this section. Each interpretation is . This graph shows nodes (also called as
supported by web sources for further vertices) in different colours in the Frontal,
understanding. Parietal, and Temporal regions of the human
7.2.1 Graph1 brain.
. This graph shows a representative image o This graph shows 10 nodes and 20 edges
of the neural network of the human brain. connecting to different lobes of the human brain.
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. This graph shows that the nodes are
arranged circularly in the human brain.
. The nodes are colour-coded to identify

the density of nodes in specific regions of the
brain.

. Blockages and disconnections among
specific nodes can be studied using such a neural
network diagram of individuals who have
neurological problems.

. Specific data inputs from fMRI and EEG
can be fed to R codes to study neurological
disorders.

. Sources: https://r-graph-gallery.com/
and r-statistics.co

7.2.1 Graph2

° This graph visualises the neural network

of the human brain in the form of an iris flower
based on four input layer features: Sepal Length,
Sepal Width, Petal Length, and Petal Width.

J The first hidden input layer has five
nodes shown in the light blue colour, which
process the input features.

. Nodes are connected using edges. Edges
represent the flow of information in the human
brain. Edges have weights indicating the strength
of connectivity.

. This graph helps in understanding the
neural network architecture of the human brain
and how nodes are connected using edges of
different weights.

L Source: www.neuraldesigner.com
7.2.3 Graph3
J In this graph, the x-axis denotes brain

regions, and the y-axis denotes features. Each cell
in the heatmap corresponds to the intersection of
a brain region and a feature.

L The colour scheme used in the heatmap
is a gradient that ranges from blue (low values) to
white (midpoint) to red (high values). The
scale_fill_gradient2 function in the code defines
this colour scheme.

L This heatmap can be used to identify
patterns and relationships between brain regions
and features. For example:

v If a brain region has a strong positive
relationship with a feature (red cell), it might
indicate that the brain region is actively involved
in the process or function represented by the
feature.

v If a brain region has a weak or negative
relationship with a feature (blue cell), it might
indicate that the brain region is not directly
involved in the process or function represented
by the feature.

. The heatmap can provide insights into
the relationships between brain regions and
features, such as:
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v Which brain regions are most strongly
associated with specific features?

v Are there any brain regions that are
consistently associated with multiple features?
v Are there any features that are strongly
associated with multiple brain regions?

. Source:
https://github.com/brainglobe/brainglobe-
heatmap.

7.2.4 Graph4

. This line graph represents the cognitive
load of the human brain over time. The colour
scheme used in this line graph is binary: the line
is coloured according to the value of the cognitive
load.

v The line is blue when the cognitive load
is less than or equal to zero.

v The line is red when the cognitive load is
greater than zero.

. Positive Cognitive Load: When the line
is red, it indicates that the cognitive load is
positive, meaning the individual is experiencing a
higher level of cognitive demand.

. Negative Cognitive Load: When the line
is blue, it indicates that the cognitive load is
negative or zero, meaning that the individual is
experiencing alower level of cognitive demand or
is in a state of relaxation.

. In a real-world scenario, this type of
graph can help visualise and understand changes
in cognitive load over time. By examining the
graph, the researcher can identify trends and
patterns in the human brain's mental load over
time.

. Source:
https://en.wikipedia.org/wiki/Cognitive_load.
7.2.5 Graph5

. This graph is a box plot that compares

the performance of two Al models: "Brain-
Inspired" and "Traditional". The x-axis denotes
the model type, and the y-axis indicates human
brain performance.

. Each box in the graph consists of several
components:
v Median: The thick black line inside the

box represents the median performance value for
each model type.

v Quartiles: The edges of the box
represent the first quartile (Q1) and the third
quartile (Q3) of the data. The interquartile range
(IQR) is the difference between Q3 and Q1.

v Whiskers: The whiskers are the lines
that extend from the edges of the box to a
maximum of 1.5 times the IQR. Any data points
that fall outside this range are considered outliers
and plotted individually.

. This graph can be used to compare the
performance of the two Al models in several
ways:


https://r-graph-gallery.com/
https://l.meta.ai/?u=http%3A%2F%2Fr-statistics.co%2FTop50-Ggplot2-Visualizations-MasterList-R-Code.html&h=AT1OaoesUBMDvOXK_GFtDS4SYayTGcsoN4XBlPHUo6-pwG5VrCwLmm0hQH6E8U-03kviy9xE1IdV_cGtiYZ3wNCJgFVICqnRrgUZpD_beN4o8q92JGSePvFpbUSKYANPtORJBkXFzrP4KU-toMxtuA
https://l.meta.ai/?u=https%3A%2F%2Fwww.neuraldesigner.com%2Flearning%2Fexamples%2Firis-flowers-classification%2F&h=AT1OaoesUBMDvOXK_GFtDS4SYayTGcsoN4XBlPHUo6-pwG5VrCwLmm0hQH6E8U-03kviy9xE1IdV_cGtiYZ3wNCJgFVICqnRrgUZpD_beN4o8q92JGSePvFpbUSKYANPtORJBkXFzrP4KU-toMxtuA
https://github.com/brainglobe/brainglobe-heatmap
https://github.com/brainglobe/brainglobe-heatmap
https://en.wikipedia.org/wiki/Cognitive_load
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v Median Performance: By comparing
the median performance values (thick black
lines) for the two models, you can determine
which model tends to perform better on average.
4 Variability: By comparing the height of
the boxes and the length of the whiskers, one can
determine which model has more variability in
its performance.

. Source:
https://www.upgrad.com/blog/biological-
neural-network/.

7.3 Role of R Analytics Framework

By virtue of R's data visualisation capabilities,
objective one of this study is met. This section
highlights the importance of the R analytics
framework, thus achieving the requirements of
objective two of this study.

7.3.1 Practical Implications of the Study
The unique implications of this study in medical
science on the human brain include:

1. Improved Al Model Interpretability:
Use of R analytics helps researchers to develop
more interpretable Al models, enabling a better
understanding of Al decision-making processes.
2. Enhanced Brain-Inspired Al (BIAI)
Development: Studying cognitive cerebral
synergies can inform the design of more effective
BIAI models, leading to Al systems that mimic
human brain function more accurately.

3. Optimised Human-Al Collaboration:
Uncovering insights into cognitive cerebral
synergies can help develop Al systems that
complement human cognition, leading to more
effective human-AI collaboration and decision-
making.

7.3.3 Benefits of R Analytics Framework

R Analytics contributes substantially to this
interdisciplinary study in the following ways:

1. Data Visualisation: R's ggplot2 package
creates stunning visualisations like Brain
Network Visualisation and Cognitive Load
Visualisation, making complex data insights
super accessible and interpretable.

2. Efficient Data Processing: With R
packages like caret and dplyr, handling
neuroimaging data (fMRI, EEG, MEG) becomes
very easy. It streamlines data analysis, allowing
researchers to focus on insights rather than on
coding-related issues.

3. Integration and Modelling: R
seamlessly integrates Al models and brain data
for accurate predictive modelling and Al
Performance Comparisons.

7.3.4 Research Constraints
This study has a few limitations:
1. Focus on Healthy Respondents: The
study uses neuroimaging data from healthy
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individuals, which might not generalise to people
with neurological disorders.

2. Specific Data Type: The study relies on
fMRI, EEG, and MEG data, which have their own
limitations in terms of spatial and temporal
resolution.

3. Computational Complexity:
Integrating Al and BIAI models with brain data
can be computationally intensive and require
significant resources.

8. Conclusion

The study's conclusions can be summarised as
follows:

8.1 Summary of the Findings

This study highlights some exciting results:

1. Brain Network Visualisation reveals
complex interactions: R analytics helps
visualise brain region interactions, shedding light
on cognitive-cerebral synergies.

2. Al models learn from brain activity
patterns: BIAI models accurately predict brain
function, paving the way for brain-inspired Al
systems.

3. Synergy Analysis Heatmap shows
coordination: @ The  heatmap  highlights
coordination between brain regions, providing
insights into cognitive processes.

4. R analytics enables effective data
visualisation: Colourful graphical outputs (like
Cognitive Load Visualisation) make complex data
insights accessible and interpretable.

8.2 Future Research Directions

This study opens up some exciting avenues:

1. Integrating fMRI, EEG, and BCI for
neurological solutions: Combining these
technologies can lead to practical solutions for

individuals with neurological disorders or
disabilities.
2. Applying brain-inspired Al to real-

world problems: Using BIAI models to tackle
complex issues like cognitive enhancement,
personalised medicine, or intelligent algorithms
of other programming languages.

3. Exploring cognitive-cerebral
synergies in neurological conditions: Studying
brain region interactions in individuals with
neurological disorders to better understand
disease mechanisms and search for preventive
medicines.

4. Advancing data analytics for brain
data: Developing new R analytics tools or
methods to handle large-scale brain data,
improving insights and predictions.
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