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Abstract: Neuroimaging is a technique of examination of the brain
with the help of devices such as MRI, fMRI, EEG, and DTI. Brain
data is available in hospitals and research centers, which are
however, not easily shared. The federated learning assists in
training the computer models without the provision of raw data. The
process is made safe and trustworthy with the aid of blockchain.
The systemic review of the blockchain-based federated learning
integration in neuroimaging indicates that it is used in disease
prediction, multi-modal brain imaging, and cross-institutional
studies. Among them are the technical process of FL in multi-site
datasets, harmonization and preprocessing plan, and how

blockchain can help to reduce security threats and improve
regulatory conformity. Limitations that are present in the paper
include, but are not limited to, computational overhead, network
latency, and data heterogeneity, and emerging solutions such as
lightweight blockchain, integration of edge computing, and
federated models personalized. This survey assists scientists to
realize the safe use of FL and blockchain in brain science.

Keywords: blockchain, federated learning, neuroimaging, brain
data, security, privacy, healthcare.

1. Introduction

Machine learning (ML) and artificial intelligence (Al) are becoming extremely rapid in health care [1]. In the past decade,
the adoption of Al and ML in hospitals and other research centers has increased significantly in the performance of various
tasks. Al may assist practitioners in more precise and quicker analysis of medical data. It may also be used to foretell diseases
before they progress to serious states [2]. One of the fields where Al and ML can be of great help is neuroimaging. Neuroimaging
involves some methods, such as MRI, fMRI, EEG, and DTI. The methods form images and messages of the brain. Neuroimaging
of the brain through Al would allow physicians to identify trends in the brain and these trends can be linked to various diseases
such as Alzheimer, Parkinson, epilepsy or ADHD.

Neuroimaging information is typically extremely huge and complex. There are various types of data in hospitals and
research centers [3]. In some instances, the information is not easily sharable due to the privacy regulations. The medical data
of patients is confidential and it should be secured. It becomes difficult to utilize the data of numerous hospitals to put together
a robust Al model. Conventional machine learning requires all the data to be centralized. This is what is known as centralized
learning [4]. In healthcare, it can be dangerous to transfer all the data to a single location. It will either violate privacy regulations
or endanger patient information with theft.

Federated learning (FL) is a remedy to this issue. In federated learning, the information remains in the hospital or research
facility. The data does not go to the model and the model to the data; rather, the Al model is going to the data [5]. The model is
locally trained in each hospital using its data. The results or model changes are then transmitted to a central server. The core
server integrates all the updates of the hospitals to create a superior model. In this manner, patient information does not move
out of hospitals. Federated learning preserves privacy and at the same time enables numerous hospitals to collaborate.

Figure 1 shows that publications about federated learning in the healthcare field have been on a continuous rise since 2019
and is currently at approximately 3,100 publications. In 2019, it was approximately 1,200 publications. In 2020, it increased to
1,500. In 2021, it reached 2,000 studies. In 2022, this was approximately 2, 200 and in 2023 it increased to 3,100. The number
of studies decreased slightly to approximately 600 in 2024 perhaps due to the studies being in progress or not being fully
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disclosed as yet. This number indicates that an increasing number of researchers are developing federated learning in the field
of healthcare. It further demonstrates that federated learning is emerging as a highly significant aspect to hospitals that are
interested in knowledge sharing without the need to share their personal information.
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Figure 1 number of publications on federated learning in healthcare

Federated learning can also be of great use to neuroimaging. Images and signals of the brain are personal. Hospitals find
it difficult to share such images with other hospitals [6]. However, with federated learning, hospitals are able to train Al models
on such images, without transmitting them to the central location. This may be used in early prediction of diseases and planning
of treatments. It is also useful in research where a great number of hospitals have to collaborate. The stronger Al models can be
trained with the help of federated learning as they receive more data, which may remain confidential.

Nevertheless, there is no full-fledged security of using federated learning. Certain issues can occur when the system is not
secured [7]. The best example is that a person may attempt to feed the model with fake updates. The private information may
also be leaked through the updates in a model. The security is highly essential in such circumstances as hospitals collaborate
together. By using blockchain as a technology, federated learning can be made to be more secure. Blockchain generates a
chronicle of all updates which is immutable. It can be used to ensure that all the hospitals are playing fair. Application of
blockchain on federated learning can contribute to safer and more trustworthy Al in the healthcare sphere [8].

Altogether, Al and machine learning can be highly beneficial to the healthcare sector, particularly in neuromagnetism.
The neuroimaging produces complicated information that can be utilized to forecast brain illnesses. Federated learning enables
hospitals to model Al on joint training with patient data security. As seen in Figure 1, the research in the field of federated
learning in healthcare is expanding at a rapid rate, which indicates the significance thereof. The issue of security still exists and
blockchain can be utilized to enhance it. A combination of these technologies can assist hospitals to apply Al in a safe and
confidential manner. This review will take into consideration how federated learning facilitated by blockchain is currently being
deployed into neuroimaging and what the future may bring.

2. Background and Foundations
2.1. Neuroimaging in Distributed Neurology

The imaging of the brain is known as neuroimaging where images of the brain are taken to study the structure and
functionality of the brain. It assists the doctors and researchers to comprehend brain disorders and brain processes [9].
Neuroimaging techniques are of different kinds. MRI (Magnetic Resonance Imaging) is also employed in order to view the
structure of the brain in a detailed manner. fMRI (Functional MRI) is employed to determine which sections of the brain are
active or not by monitoring the blood flow. DTI (Diffusion Tensor Imaging) is a mapping of the relationship among various
portions of the brain by the use of white matter [10]. EEG (Electroencephalography) is a brain sensor that measures the brain
electric activity. The TES (Transcranial Electrical Stimulation) is a research method and/or therapy method of stimulating the
brain without being invasive.

These imaging techniques generate much data. The information is usually deposited in various hospitals or research
centers. It is difficult to share such information due to patient safety and privacy regulations. The term distributed neurology
implies the use of neuroimaging data at numerous centers without transferring the data to a single location. This assists
researchers to analyze larger datasets and make superior predictions on diseases.

Figure 2 presents the key neuroimaging methods, emerging technological advancements, and its application to clinical
applications. The figure elaborates fMRI, EEG, DTI, and TES. It further demonstrates how the tools are useful in the study of
brain disorders such as Alzheimer (AD), Parkinson (PD), Autism Spectrum Disorder (ASD), and Attention Deficit Hyperactivity
Disorder (ADHD). Combinations of multiple imaging techniques provide more insight into the brain. The machine learning
models can use this information since they require detailed and diverse data to make correct predictions.
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Advances in Functional Neuroimaging:

Insights into Brain Activity and Disorders
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Figure 2 Advances in Functional Neuroimaging

Of particular significance is multi-modal imaging, that is, the application of more than one scan. It enables patterns to be
learned in various perspectives in the models [11]. As an illustration, EEG may depict rapid activity of the brain whereas fMRI
depicts the region of the brain at work. These combined are used to develop superior models. This further preconditions
federated learning, in which models are trained with different sites without exchanging the underlying patient information.

Concisely, neuroimaging provides valuable data on the brain. Its distributed use ensures that the data of patients is safe.
Multi-modal data assists the machine learning models to predict more accurately. These ideas can be more easily seen in figure
3.

2.2. Federated Learning (FL) for Health care

Federated Learning is a method of training machine learning models without data transfer [12]. In the typical case, all the
data in the hospital or research center is sent to a single server to provide a model. This may bring about privacy issues. In FL,
every hospital will locally train its model using its data. Thereafter, the model only is sent to a central server (not the raw data).
The server will be integrating these updates into a world model. This makes patient data confidential.

The healthcare of FL is quite numerous. It will enable hospitals to collaborate without exposing sensitive data [13]. It may
also be used to generate more proficient models since they have the ability to train more information across locations. The
models need not be updated with new data on patients centrally.

The FL neuroimaging data is not easy to work with. Brain scans vary in size, complexity and vary among hospitals. The
sites might have various patient populations, scanners, and settings [14]. This renders it difficult to have one model that would
be effective to all.

Figure 3 demonstrates that the deep learning can be deployed on multi-site neuroimaging datasets. It shows three main steps.
To start with, the data is gathered, archived, and tagged. Second, the information is coded in order to eliminate errors and
standardize it across sites. This is referred to as harmonization. Third, domain adaptation is intended in such a way that the
model will be generalized and will be able to perform on new site data.
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Figure 3 steps in multi-site neuroimaging datasets
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FL will help in this situation since a site will be able to train a model using its own data and at the same time share
knowledge with other sites. In this manner, the international model becomes informed of everything through all the information
without breaching the privacy regulations. This workflow is not hard to understand in figure 3.

To summarize, federated learning makes data secure, enables teamwork, and assists in the development of models
functioning across hospitals. It addresses the issue of distributing sensitive neuroimaging data.

2.3. Blockchain Technology

Blockchain refers to a technology which maintains records synced across users. It is similar to an electronic journal that
is not editable [15]. Each new piece of information is inserted as a block and linked with the past blocks. That is why it is
difficult to manipulate the data.

Blockchain can ensure more security in models in healthcare and federated learning. It is able to commit each update on
the models to a blockchain [16]. It is possible to track what a site had to contribute to the model. The model can ensure the
addition of only valid updates with the help of smart contracts, which are automatic rules in blockchain. Auditing is also
facilitated by Blockchain since every change is fixed permanently.

There are various advantages of applying blockchain with FL in neuroimaging. It enhances intermolecular trust between
hospitals. It discourages attacks such as tampering [17]. It also facilitates adherence to privacy legislation such as HIPAA or
GDPR. Nevertheless, blockchain imposes a little bit of additional computation, and the system should be planned properly.

Overall, blockchain ensures the safety and transparency of federated learning. It assists hospitals to collaborate and
maintain data security. It also makes sure that global model is dependable and auditable.

3. Combining Blockchain and Federated Learning

Federated Learning (FL) enables hospitals and clinics to model machine learning without patient information sharing [18].
Training models is done on individual data of each site and the only results sent to a central location to combine. This assists in
safeguarding privacy. However, FL has some problems. Certain participants can be dishonest or model updates can be corrupted.
The solution to these issues can be achieved through blockchain. This section will describe the concept of blockchain integration
with FL to make it safer and more trustworthy.

3.1. What is Blockchain?

Blockchain is a decentralized digital ledgers. It contains data in blocks which are chained with each other. Information is
contained in each block, and once it is added, it can not be modified [19]. This renders the blockchain very secure. A lot of
individuals employ blockchain in money, such as bitcoin. However, it can also be implemented in healthcare and machine
learning. Blockchain can be used to store the model updates in the various hospitals in FL. Since the record cannot be altered,
it means that nobody can cheat or alter the results.

3.2. Immutable Record of Model Updates

The primary advantage of blockchain is that it maintains a permanent history. Immutable refers to something that cannot
be changed. The FL model trains a local model on each hospital. After that, it forwards the model update to the blockchain [20].
The blockchain records this update in a block. When it is in the block, it cannot be altered by anybody. This helps confirm that
it is a trusted node by the blockchain to prevent cheating. As an illustration, when a hospital attempts to transmit fake
information, the blockchain does have a record of all updates and can indicate which update is incorrect.

This system also assists in monitoring the input of every participant. Hospitals will know which section of the model
received training. This cannot be underestimated in the medical field, since patient information is confidential. Figure 3
demonstrates the process of multi-site neuroimaging data. With blockchain, it is possible to keep updates at every step, which
makes it even safer.

3.3. Verification of Participant Nodes

In federated learning, a large number of participants (nodes) exist. The nodes are each hospital or clinic. It is possible that
some nodes are honest and others attempt to cheat. All the nodes can be verified by the blockchain [21]. This is to verify whether
a participant is authorized to participate and send updates.

As a case in point, a hospital can obtain a confirmation that it is a trusted node by the blockchain before it submits its
model update. This will eliminate illegal hospitals or clinics. It also prevents the transmission of fake data by the attackers. This
is extremely essential since one false update will destroy the entire model. FL would be safer and more credible with blockchain
verification.

3.4. Smart Contracts for Automated Validation

Smart contracts are scripts that are automatically run on blockchain. They will be able to verify the FL rules without the
human assistance [22]. As an example, a smart contract may verify the validity of model update before it is recorded in the
blockchain.

It comes in handy when conducting multi-site neuroimaging. Suppose that five hospitals are training a model. Each sends
an update. The smart contract has the ability to verify every update automatically and identify the errors, missing data, or outliers
[23]. The blockchain is only updated with the correct updates. This is time-saving and minimizes errors. It also eliminates the
use of central authority to check updates manually.
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3.5. How Blockchain Helps Multi-Site Training

It is very helpful in terms of neuroimaging across various hospitals by means of federated learning. The MRI, fMRI or
EEG data of each hospital differ. The models can be made more accurate with a combination of such datasets [24]. Nevertheless,
the laws of privacy do not allow the sharing of raw data.

A typical workflow is shown in Figure 3: access to data, harmonization and domain adaptation. Blockchain may be added
to this workflow. Each hospital trains a local model and transmits it to the blockchain and validates it using smart contracts.
Such updates are then summed up in the central server or aggregator to form a model all over the world. All the updates are
monitored, checked, and safe due to blockchain. Nobody cheats and no information about patients are shared.

The blockchain is not perfect, but useful. This can slow down the training process because it will be time-consuming to
insert blocks. It is also more power-intensive on the computer. Both blockchain and FL should be operated using good equipment
in the hospitals. Other hospitals may possess less information that is why it is still difficult to integrate them. Studies are
underway to make blockchain systems faster and lighter in order to mitigate these challenges.

Blockchain and federated learning can be used to make multi-site neuroimaging research safer. Blockchain keeps the
records of the changes in the model that are not subject to alteration and validate the nodes of the participants, and demand the
automatic validation by use of smart contracts [25]. It ensures the privacy of the patients and it builds trust among hospitals.
Blockchain-based FL is a potential distributed neurology solution although it has some disadvantages like its high cost of
computing and low speed [26].

4. Applications in Neuroimaging
4.1. Disease Prediction Using Federated Learning

Federated learning (FL) proves to be highly practical in the prediction of brain diseases. A lot of hospitals also have brain
scans, but they are not able to exchange the data of patients due to the privacy regulations [27]. FL enables individual hospitals
to fit a local model to its own data. After that, the models are pooled but not the raw data. This assists in generating a more
robust model and the confidentiality of patient information.

FL has been studied in the case of Alzheimer disease (AD). MRI scans can be trained to detect early signs of AD by
hospitals [28]. The models of each hospital are learned on the basis of the data. The model is more effective in predicting the
disease among a large number of patients when combined.

Parkinson disease (PD) is another disease that is treated with FL. Data such as brain images and other data in various
hospitals could be used to determine the alterations in the brain, which indicate early PD [29]. With the help of FL, hospitals
can enhance the model jointly.

Another brain disorder that FL can assist in is epilepsy. EEG data of a large number of clinics can be utilized to identify
patterns of seizures [30]. FL enables clinics to make contributions to a common model without sharing sensitive EEG data.

Autism Spectrum Disorder (ASD) and Attention Deficit Hyperactivity Disorder (ADHD) can also be assisted with the
help of FL. The brain scans of children in various hospitals can be utilized to elucidate the adverse impacts of these disorders
on the activities of the brain [31]. Federated learning assists in creating models that are more universal and are effective to
various patients.

In each of those, FL will assist hospitals and research institutions to share knowledge without providing private data about
patients. This is highly critical when it comes to sensitive brain data.

4.2. Blockchain for Model Integrity

FL can be safer and more reliable with the help of blockchain. When a large number of hospitals cooperate, there is a
threat that somebody can provide incorrect information or alter the model [32]. Blockchain stores all the changes in the model.
This record is immutable. This implies that the updates of the model can be trusted in all hospitals. They can validate every
update as accurate and truthful. It is also simple to access which hospital provided what data in the blockchain. This gives more
confidence in the system.

Blockchain Smart contracts can be used to automate model updates [33]. To take an example, a hospital can send a new
model, the smart contract can verify it and subsequently add to the shared model automatically. This makes the process quicker
and less risky. Participating in hospitals can also be rewarded by blockchain. This will motivate hospitals to become members
of the FL system and share their information securely.

4.3. Multi-Modal Imaging Applications

There are various forms of brain scans, which neuroimaging employs. The frequent ones are fMRI, EEG, DTl and TES.
The types provide various information of the brain, with fMRI showing the activity, EEG demonstrating the electric signals,
DTI displaying the white matter connections, and TES possibly assisting in stimulating the brain.

The combination of these imaging techniques is depicted in figure 2. Other diseases covered in the figure such as AD, PD,
ASD and ADHD as well as their imaging are also studied. The predictions of the diseases can be more accurate with the use of
several types of imaging.

FL can operate with multi-modal imaging. Every hospital can train a model based on all these scans [34]. The models are
then integrated without overlapping of patient information. This can assist in developing a robust model that can be successful
with most hospitals and patients. This multi-modal FL system is safe with blockchain. It also monitors the updates of every
single hospital and ensures that the model is accurate. Even if hospitals do not share raw data, they can rely on the shared model.
Overall, FL is used to forecast such brain conditions as AD, PD, epilepsy, and ASD. It enables hospitals to both learn together
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and keep the data confidential [35]. This system is supplemented by blockchain and its security. The multi-modal imaging
assists the models in acquiring more knowledge regarding the brain. Combination FL and blockchain renders distributed
neuroimaging safe, private, and reliable.

These are tools of significance to hospitals and researchers. They enable the sharing of knowledge and enhancing brain
disease prediction without the need to share sensitive patient information. Healthcare can be enhanced using FL with blockchain
and multi-modal imaging, and the studies of neuroimaging will become more useful to many people.

5. Privacy, Security, and Ethical Considerations (700 words)
5.1. Privacy Concerns in Neuroimaging Data

The patient data in neuroimaging is highly sensitive. The MRI, fMRI, and EEG scans have the potential to show
confidential data concerning the health and the functioning of the brain of an individual [36]. It is possible that by sharing such
data among hospitals or research centers, patient privacy may be endangered. Federated learning (FL) can be used to address
this by leaving data in the hospital. The models are trained on-site using patient data, and only updates or learning information
are transmitted to the central system. By so doing, raw data will not get out of the hospital, and hence, privacy risk is minimized.
A method of making this safer is through differential privacy. Differential privacy introduces noise to the updates of data or
models. This will not allow anyone to recognize a particular patient and yet will enable the model to acquire valuable patterns
[37]. It has been extensively applied in healthcare FL systems. Differential privacy is capable of keeping the data secure, and at
the same time learning from the data of a large number of hospitals.

5.2. Security Threats in Distributed Learning
Distributed neuroimaging systems have numerous security issues. Sensitive information can be stolen by hackers or
dishonest actors or the model can be manipulated. Common threats include:
e Data leakage: An individual can get access to patient data in transit.
e Model poisoning: A user can provide incorrect model updates to induce the Al to be incorrect.
e Adversarial attacks: Minor alterations in the input data can deceive the model.
e Unauthorized access: Individuals can attempt to gain access to systems illegally.
These risks may cause any damage to patients, decrease model accuracy, or spoil inter-hospital trust.

5.3. How Blockchain Helps

Federated learning can be better secured with the help of blockchain. It is available as a sort of public ledger in which all
the model updates get recorded [38]. Once registered, it cannot be changed. This eliminates cheating or counterfeit updates. In
blockchain, smart contracts may automatically verify compliance with the rules of updates before their addition. The system is
also fair and transparent, as blockchain allows tracking the contribution made by a particular hospital.

In the case of blockchain, in case a certain participant attempts to cheat the system can respond to that. This renders FL
more secure and reliable. Hospitals are able to collaborate with the knowledge of data and model safety.

5.4, Ethical Considerations

The significance of ethics in neuroimaging studies is great. Before utilizing the information of a patient, their consent
should be received. In the U.S., hospitals and researchers are forced to comply with privacy regulations such as HIPAA or in
Europe, GDPR. Following these rules with the use of FL and blockchain can be possible since data is not moved out of hospitals,
and all activities are tracked [39].

Researchers must also ensure fair models are taken. Al is not supposed to produce biased outcomes in the form of age,
gender, or ethnicity. Clear systems, safe designs, and codes of ethics can be used to ensure that Al is safe to all patients.

Federated neuroimaging learning is dependent on privacy, security, and ethics. Patient data are safeguarded by the use of
differential privacy, encryption, and close monitoring of threats [40]. Blockchain brings in security, transparency and fairness.
Ethical standards and legal standards guarantee patients their safety, and hospitals will be able to cooperate without taking risks.
FL blockchain neuroimaging research is an effective solution to ethical, secure, and private neuroimaging research.

6. Challenges and Limitations

The federated learning with blockchain is not an easy affair. It is extremely heavy to train Al models on large neuroimaging
data. MRI or fMRI pictures are big, and Al models require a significant amount of data [41]. It is even more complicated with
the addition of blockchain. Each update of the model must be authenticated and stored in the blockchain and this requires
additional time and computing resources. Not all hospitals are well-equipped with computers and servers that can deal with this
workload.

Various machines, protocols, and formats of neuroimaging are used in hospitals. This renders data highly disparate across
hospitals. FL attempts to learn a model with the data of all hospitals, and this may be difficult to learn when there are differences
[42]. A few hospitals can have a few patients, whereas others can have thousands of patients. Such differences may decrease
the precision of the Al model. Figures 2 and 3 indicate the complexity of neuroimaging data and processing. One of the primary
problems with distributed neuroimaging systems is the presence of differences in data.

As additional hospitals become part of FL, the system will have to process more information and more model changes.
When a significant number of hospitals update simultaneously the central server or blockchain can slow down. Training can
also be slowed by the communication delays between hospitals. With increasing network size, it becomes harder to handle

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 47|Page



Blockchain-Enabled Secure Federated Learning for Neuroimaging in Distributed Neurology
updates and secure the systems. These systems are to be scaled to make them work with global research networks.

Different locations with varying internet speeds are always associated with hospitals. Networks that are slow may slow
down model updates. Even minor delays may impact the speed of training, as well as the performance of the system in general.
The technical issue that needs to be addressed is latency to enable FL to be useful in large neuroimaging networks.

Remote neuroimaging processes are complicated. Figure 2 indicates the way data should be collected, cleaned,
harmonized, and adapted prior to training. Figure 3 depicts the various types of neuroimaging and clinical uses. Every step will
complicate and increase the likelihood of mistakes. The implementation of FL and blockchain into these processes is not an
easy task, and it should be planned very carefully.

All hospitals do not have equal resources. Storage, high-performance servers and blockchain nodes are costly. Small
hospitals might have a problem in participating. This may restrict the scope of the system.

Blockchain-based FL is also appealing to neuroimaging, but it faces issues. Implementation is challenging because large
computational requirements, data differences, slow networks and the complexity of workflows are involved. Scalability and
cost is something of concern too. These systems require solutions that can make them quicker, just, and convenient to numerous
hospitals.

7. Future Directions and Research Opportunities

The integration of blockchain and Federated learning in neuroimaging is a novel and viable field. Nevertheless, the number
of challenges is huge. Lightweight and faster blockchain systems are one of the areas. The existing blockchain platforms are
slow and require high computing power. A small blockchain can alleviate these issues and enable hospitals and clinics to
embrace it with less difficulty.

The other area that research can be done is the development of customized federated learning models. Data within a given
hospital or center may be tremendously dissimilar in neuroimaging. Not every site can be well served by simple models.
Individualized models are able to conform to data of any given site and share knowledge without jeopardy. This is capable of
making predictions more precise in regard to brain diseases such as Alzheimer or Parkinson diseases.

Another technology that could be helpful is edge computing. The edge devices can perform computations in place of
transferring all the data or models to a central server. This saves time, cuts down data transfer and makes sensitive patient data
more confidential. With the assistance of edge computing, blockchain, and federated learning, the entire architecture can become
more efficient, safe, and faster.

The computations can also be made smaller and the costs can be minimized. Such techniques as model compression,
pruning, or efficient encryption come to the rescue. They enable big brain imaging models to be executed on standard computers
without the use of supercomputers.

Lastly, new frameworks and tools should be developed that can assist in making it easier to have hospitals and research
centers to participate in these systems. Data sharing protocols, privacy policies, and integrations of blockchains will contribute
to the increase in the number of individuals who adopt the solutions.

To summarize, three aspects may be considered in the future research: the lightweighting of blockchain, the development
of customized federated designs, and edge computing and efficient methods. Such enhancements can help to make distributed
neuroimaging more useful and secure.

8. Conclusion

This paper has examined the use of blockchain and federated learning in neuroimaging in the area of distributed neurology.
Machine learning and federated learning are on the rise in the field of healthcare. The increase in publications on federated
learning in healthcare has been observed every year, as can be seen in figure 1. This tendency indicates that more scientists are
interested in the safe ways of sharing medical data.

One of the fields in which the technologies can be of help is neuroimaging. Figure 2 depicts the process of collecting,
harmonizing, and conversion of data of many hospitals. Federated learning allows models to be trained with this data without
data on patients being transferred to one place. An unchanging history of model changes is the value that the added protection
of blockchain brings.

Neuroimaging entails application of various imaging techniques, including fMRI, EEG, DTI and TES. Figure 3 denotes
these procedures, the new trends in technology and clinical practice. Federated learning models would help in accurate early
diseases detection and decision making by doctors with such images and data.

In the case of blockchain, federated learning is not the way to perfection. It faces such issues as over computation, slowness
in changes in blockchain, and data mismatch across hospitals. It offers a safe way of sharing models and improving predictions,
though, no raw patient data is conveyed.

The last possibility is that of the blockchain and federated learning solution in safe, distributed neuroimaging. It allows
over two hospitals to cooperate with each other. The future work should be more flexible, easier and quicker. These technologies
would be in a position of improving diagnosis of brain diseases, research cooperation, and patient care.
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