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Abstract

Recently, the field of neuroscience and the complexity of brain research data have
increased due to advancements in imaging technologies, electrophysiological recordings,
and genetic sequencing. Managing and organizing this vast amount of data is a big
challenge. Our research explores the integration or participation of cloud-based multimedia
data systems in cognitive neuroscience and brain research, emphasizing their role in data
storage, security, retrieval, encryption, and analysis. Technology addresses these challenges,
providing data storage and more efficient data analysis methods. As neuroscience continues
to evolve, generating increasingly complex datasets, the role of multimedia data systems
becomes crucial in unlocking brain functions and understanding neurological disorders.
Additionally, cloud-based multimedia data systems offer scalable and cost-effective
solutions for storing and processing large neuroscience datasets. Reinforcement learning
(RL) approaches are gradually being explored for healthcare applications, especially
neuroscience. The proposed RL algorithm is devised to learn and acquire optimal actions

¥ ORCID-ID: 0000-0003-0349-9831
® ORCID-ID: 0000-0001-7861-2451
* ORCID-ID: 0000-0002-4810-9676

¥ E-mail: subbu.jntua@gmail.com
© E-mail: sucharithasu@gmail.com
* E-mail: nirmala.narisetty@klh.edu.in



THE SCALABLE CLOUD-BASED REINFORCEMENT LEARNING FOR SECURE HEALTHCARE ANALYSIS 1795

via a trial-and-error methodology steered by rewards or penalties. The proposed RL model
transforms cognitive and neural procedures into formal scientific structures. This facilitates
realizing and modeling how the brain can learn from events and generate decisions. Results
and outcomes demonstrate that the proposed model outperforms the existing state-of-the-
art models.

Subject Classification: 68U10, 68M20, 92C55.

Keywords: Cognitive neuroscience, Data analysis, Data wvalidation, Electrophysiology, Image
processing, Multimedia data, Neuroimaging, Reinforcement learning.

1. Introduction

Imagine building blocks that can be combined to make bigger things
[1]. This model is like using building blocks to represent parts of the brain.
It can show how different parts of the brain work together [2]. For example,
scientists can see how the part of your brain that sees things works with
the part that helps you understand what you see [3, 4]. Extend relational
databases to handle complex data structures like brain images and
electrophysiological recordings. Centralized repositories that integrate
data from multiple sources allow researchers to analyze data across
different studies. Like a family tree with parents and children. Information
is organized in a tree-like structure with levels [5, 6]. This model can be
used to represent brain regions and their subdivisions. These are flexible
models that don't follow strict rules like relational databases [7]. They are
good for handling large amounts of unstructured or semi-structured data,
like text from research papers or images from brain scans [8]. Common
NoSQL models include Document-oriented (like MongoDB), Key-value
(like Redis), and Graph (like Neo4j). Object-oriented models can be used
to represent complex brain structures and their functions. Hierarchical
models are useful for organizing brain regions and their relationships [9,
10]. NoSQL models are becoming increasingly popular for handling large
and complex brain datasets, especially in areas like connectomics and
natural language processing of brain research.

2. Materials and Methods

Electronic lab notebooks (ELNSs) are electronic platforms specifically
designed for scientific research to record protocols, data, and analysis
results in a centralized and searchable way. Open Neuro is a public
repository for sharing neuroimaging data, promoting data sharing and
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collaborationamongresearchers. XNAT isan open-sourceneuroinformatics
platform for managing and sharing neuroimaging data. These existing
models and systems provide a foundation for data storage, organization,
and sharing in cognitive neuroscience [11]. However, there’s a continuous
effort to improve data integration and analysis capabilities. Imagine
scientists are detectives trying to solve the mystery of the brain. They use
special tools to collect clues [12]. These clues are like puzzle pieces, and
they need a special place to be them in an organized manner. Brain
databases are like super-organized filing cabinets for all the information
scientists collect about the brain. They store multimedia data like 1) Brain
scans, pictures of the brain, 2) Experiment results, what happened when
scientists did tests, and 3) Patient information, details about people who
help with the research. NoSQL Databases are like big boxes where you can
put anything, even if it’s not perfectly organized. They're good for storing
different types of information, like pictures and videos. Specialized Brain
Databases are made just for brain research. They have special tools to help
scientists analyze brain data. The Open Access Series of Imaging Studies
(OASIS) database has brain scans of healthy people. The Human
Connectome Project (HCP) [13, 14] database studies how different parts of
the brain are connected.

3. Model

Combining two types of data and working them together isn't an easy
thing in the neuroscience field, where data from genetics, brain imaging,
and all other remaining sources must be combined, and it is too complex
to understand issues like brain functions and brain disorders. Hence, big
data systems provide interoperability, supporting data access, and
analysis. The Asynchronous Advantage Actor-Critic (A3C) is an advanced
reinforcement learning (RL) algorithm that combines both value-based
and policy-based methods. In healthcare and cognitive neuroscience, A3C
can be applied to various tasks such as optimizing treatment plans, real-
time patient monitoring, and personalized healthcare strategies. Table 1
describes the proposed algorithm can teach you to make real-time
decisions based on data streaming from brain activity sensors to improve
patient outcomes by adapting dynamic decision-making. Multi-agent
reinforcement Learning (MARL) in the context of scalable cloud-based
systems for healthcare involves a series of coordinated steps where
multiple agents operate within a shared environment to achieve specific
goals, such as optimizing patient care, resource allocation, or emergency
response [15].
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Table 1
Algorithms of the proposed model

A3C MARL
START START
--> Import input data --> Import ‘input data
- add libraries threading
- numpy as np --> Define constants: NUM_AGENTS = 5, MAX_EPISODES = 100
- tensorflow as tf
-gym --> Define functions:
- initialize_cloud_environment
--> Define Hyperparameters - initialize_agent_policy(agent_id)
- NUM_WORKERS =4 - observe_environment
- MAX_EPISODES = 1000 - select_action (policy, state)
- GAMMA =0.99 - step_environment(action)
-LR=0.001 - store_experience (state, action, reward, next_state)
- update_local_policy(agent_id)
--> Define Functions - share_information_with_other_agents(agent_id)
|--> build_actor_critic - update_global_policy
- Define input shape and action space - evaluate_system_performance
- Create common layers - check_performance_threshold_met
- Create actor and critic networks
- Return combined model --> MAIN FUNCTION
--> Worker Class (Asynchronous Agents) --> Initialize cloud environment
-->__init__ method --> Initialize each agent’s local policy
- Initialize worker ID, global model, optimizer, environment
- Build local model --> FOR each episode (1 to MAX_EPISODES):
--> run method --> FOR each agent (1 to NUM_AGENTS):
|--> FOR each episode (0 to MAX_EPISODES)
| |-->Reset environment --> Observe the environment
| |--> WHILE not done --> WHILE not terminal state:
| | |--> Selectaction |
| | |->Perform action in environment |--> Select action based on state and policy
| | |-->Compute advantage and update local model |--> Step into environment: get next state and reward
| | |-->Update state |--> Store experience
| | |->Checkif done |--> Update local policy
| |--> Update global model |--> IF communication allowed, share information
|--> Update state
--> select_action |--> IF global update required, update global policy
- Get action probabilities and value |--> Check if terminal state is reached randomly
- Choose action based on probabilities
- Return action and value --> Evaluate system performance
--> IF performance threshold met, break
--> train_step
- Compute target and advantage --> Print “Training completed”
- Compute loss (actor + critical loss)
- Update local model weights END

|--> update_global_model
- Synchronize local model with global model

--> Main Function

|--> Initialize environment and global models
--> Create optimizer

--> Spawn and start worker threads

--> Wait for all workers to complete

-->END
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Result Analysis

Table 2 evaluates the performance of four reinforcement learning
methods—Independent Q-Learning (IQL), Conservative Q-Learning
(CQL), A3C, and MARL across multiple metrics like accuracy, precision,
recall, and F1 score. The task involves scalable cloud-based reinforcement
learning for multimedia data in cognitive neuroscience for secure
healthcare analysis, with the evaluation being done for different numbers
of topics: 50, 100, 150, and 200. Among them, the most accurate is MARL
at 50 topics with an accuracy rate of 98.71 % which has a precision of 0.98,
recall of 0.93, and F1 score of 0.93(due to hard reference) hence it is highly
reliable in this case A3C also achieves high performance with 96.64%
accuracy, but the recall is reduced with a slightly lower value of 0.87,
resulting in an F1 score of 0.83. With an accuracy of only about 67%, both
IQL and CQL perform significantly worse (F1 scores around 0.69 and
0.73), indicating that they are less capable of addressing the complexity of
this task with 50 topics from free text data.

Table 2
Performance evaluation of reinforcement learning technique
Method | Accuracy (%) Precision Recall F1 Score Topics
IQL 67.52 0.66 0.73 0.69 50
CQL 66.95 0.68 0.75 0.73 50
A3C 96.64 0.92 0.87 0.83 50
MARL 98.71 0.98 0.93 0.93 50
IQL 56.20 0.66 0.69 0.68 100
CQL 58.98 0.68 0.71 0.69 100
A3C 89.44 0.92 0.89 0.89 100
MARL 94.46 0.92 0.93 0.94 100
IQL 62.76 0.72 0.77 0.77 150
CQL 59.32 0.72 0.69 0.69 150
A3C 91.22 0.94 0.92 0.89 150
MARL 94.77 0.95 0.94 0.96 150
IQL 60.66 0.72 0.77 0.78 200
CQL 63.44 0.73 0.79 0.74 200
A3C 91.88 0.88 0.89 0.89 200
MARL 93.44 0.92 0.97 0.87 200
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Figure 1

Comparison of results- Performance evaluation

Figure 1 compares four baseline approaches — Independent Q-Learning
(IQL), Conservative Q-Learning (CQL), Asynchronous Advantage actor-
critic (A3C), and Multi-Agent Reinforcement Learning (MARL)
performance on three main evaluation metrics — Precision, Recall, and F1
Score.

4. Conclusion

This model can also be broadly expanded to broader healthcare
domains, such as diagnosis of mental health conditions, real-time brain-
computer interfaces, or personalized cognition therapy as the intersection
between cognitive neuroscience and Al continues to grow. More
importantly, quantum computing could take learning processes light
years ahead of current capabilities by many orders of magnitude and lead
us to real-time, secure, and efficient healthcare solutions.
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