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Neurodegenerative diseases such as Alzheimer’s, Parkinson’s, and Multiple Sclerosis (MS) are leading causes of disability and
mortality, particularly among older populations. Neuroinflammation, driven by the activation of microglia and astrocytes, plays
a crucial role in these diseases by contributing to neuronal damage and disease progression. This study aims to explore how
machine learning (ML) techniques can identify biomarkers of neuroinflammation in neurodegenerative diseases. A literature
review was conducted using Google Scholar, focusing on terms related to inflammation, immune responses, and ML applications
in neurodegenerative diseases. The review identified 13 relevant studies that met the inclusion criteria. Key findings reveal
that ML techniques, including the analysis of neuroimaging and genetic data, can significantly enhance the early diagnosis and
individualized treatment of these diseases by identifying complex patterns and relationships within large datasets. However, the
integration of ML in healthcare raises important ethical considerations, such as ensuring data privacy, fairness, accountability,
and transparency. Addressing these ethical challenges is critical for the responsible and effective implementation of ML in
clinical settings. The study concludes that while ML holds significant potential for identifying biomarkers of neuroinflammation,
further research is needed to overcome limitations, such as the lack of diverse datasets and potential biases in existing studies.
Future research should focus on expanding and diversifying datasets, advancing ML techniques, and implementing robust ethical
frameworks to improve diagnostic accuracy and patient outcomes. Findings highlight the potential of ML in neurodegenerative
disease research and the importance of continued exploration and ethical consideration.
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Introduction

Neurodegenerative diseases, including Alzheimer’s Disease,
Parkinson’s Disease, and MS, are characterized by the progres-
sive degeneration of the structure and function of the nervous
system. It is worth noting, however, that MS is primarily an au-
toimmune inflammatory disease, though it can lead to neurode-
generation over time. These conditions are among the leading
causes of disability and mortality worldwide, particularly affect-
ing the older population. In the United States alone, as many
as one million individuals live with Parkinson’s Disease, and
approximately 6.2 million Americans have Alzheimer’s Disease,
according to the National Institute of Environmental Health
Sciences1. Neuroinflammation is involved in the development
of neurodegenerative diseases. Microglia and astrocytes in the
brain are crucial components of the central nervous system’s im-
mune response. Microglia are the primary immune defense cells
in the brain and spinal cord, constantly monitoring for pathogens
or damage and initiating immune responses when necessary. As-
trocytes are star-shaped glial cells that support brain function

by maintaining the blood-brain barrier, providing nutrients to
nervous tissue, and aiding in the repair and scarring processes
following injuries. Both types of cells can cause chronic inflam-
mation, which may lead to neuronal damage and contribute to
the progression of neurological diseases2. Detecting biomarkers
of neuroinflammation is crucial for diagnosing neurodegener-
ative diseases, such as Alzheimer’s, Parkinson’s, and Multiple
Sclerosis, assessing the severity of the condition, and identifying
molecular targets for treatment, which include both immunother-
apies and neuroprotective agents. Biomarkers help identify
potential treatment targets, including examples such as IL-1β

and TNF-α , which are involved in neuroinflammatory processes
and can be targeted by anti-inflammatory therapies2.

The development of artificial intelligence (AI) and machine
learning (ML) has provided new opportunities to find novel
biomarkers in a variety of conditions, including neurodegener-
ative diseases. ML techniques, which are applied to process
large and diverse data, can reveal connections and relationships
that may remain unnoticed with traditional methods. For in-
stance, machine learning has revealed correlations between neu-
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roimaging patterns and genetic variations, such as identifying
specific MRI features associated with genetic risk factors for
Alzheimer’s disease. These findings contrast with traditional
methods like manual radiology analysis, which rely heavily on
visual inspection and subjective judgment by radiologists. Ma-
chine learning, in comparison, can analyze massive datasets to
detect subtle and complex patterns that human observers might
miss, integrate multiple data types (e.g., neuroimaging, genetic,
and clinical data), and provide a more comprehensive under-
standing. These capabilities give ML a significant advantage
over traditional approaches by enhancing diagnostic accuracy,
revealing previously hidden relationships, and enabling person-
alized treatment plans tailored to individual biological profiles3.
Different ML techniques have already shown great potential in
areas like radiology, genetics, and electronic health records to
enhance the accuracy and speed of diagnosis and treatment4.

The literature review explored the utilization of machine learn-
ing techniques in identifying biomarkers of neuroinflammation
in neurodegenerative diseases by reviewing the current literature
and answering the research question: How can machine learning
techniques be utilized to identify biomarkers of neuroinflam-
mation in neurodegenerative diseases? The hypothesis rests on
the literature review revealing multiple ways of using ML to
identify biomarkers of neurodegeneration that can help in early
diagnosis and individualized treatment.

Methods

The method for this literature review included using Google
Scholar to explore the role of inflammation and immune re-
sponses in neurodegenerative diseases, focusing on Alzheimer’s,
Parkinson’s, and MS. To gain the best understanding of this
topic, the following search terms were used: (a) inflammation
neurodegenerative diseases, (b) immune response Alzheimer’s
Parkinson’s, (c) CNS immune privilege, (d) therapeutic potential
neurodegeneration, (e) machine learning biomarkers neuroin-
flammation, (f) AI diagnosis neurodegenerative diseases, (g)
machine learning CNS inflammation, and (h) AI-driven thera-
peutic strategies neurodegeneration. Papers were selected based
on their focus on immune system activation, inflammation path-
ways, therapeutic approaches to neurodegenerative diseases,
machine learning techniques for identifying neuroinflammation
biomarkers, and ethical considerations in AI-driven healthcare.
A total of 29 studies were initially identified. Papers were ex-
cluded if they focused on cellular mechanisms unrelated to im-
mune responses, detailed pathology images, or technical aspects
of immune cell function not directly linked to neuroinflamma-
tion. After screening abstracts for relevance, 13 studies met the
inclusion criteria and were selected for comprehensive analysis.

Results

The literature review resulted in identification of 29 relevant
research papers. Of the 29, 13 met the inclusion criteria. The
included papers are summarized below in Table 1.

Discussion

Neuroinflammation in Neurodegenerative Diseases

Neuroinflammation is a critical aspect of many neurodegen-
erative diseases, acting as a neuroprotective response and a
neurotoxic process. This inflammation in the CNS is initiated by
the activation of glial cells, mainly the microglia and astrocytes.
Microglia, as the primary immune cells of the CNS, become
activated in response to injury or pathogenic stimuli and release
pro-inflammatory cytokines such as IL-1β and TNF-α , which
contribute to neuroinflammation. Similarly, astrocytes, upon
activation, release these cytokines, amplifying the inflammatory
response. Both microglia and astrocytes play a dual role in neu-
roinflammation: while they contribute to neurotoxicity through
the production of pro-inflammatory mediators, they also have
neuroprotective functions by releasing neurotrophic factors that
promote repair and regeneration. For example, astrocytes re-
lease nerve growth factor (NGF) and brain-derived neurotrophic
factor (BDNF), which support neuronal survival and plasticity.
Therapeutic approaches, such as using drugs to enhance the
production of neurotrophic factors, aim to harness these positive
aspects of neuroinflammation to promote neuroprotection in
diseases like multiple sclerosis2. In contrast, acute inflamma-
tion is beneficial because it is the body’s response to eliminat-
ing the pathogen and initiating tissue repair2. For example, in
Alzheimer’s disease, amyloid-beta plaques and tau tangles in the
brain cause chronic inflammation. Microglia, the macrophages
of the CNS, get activated in response to these protein aggre-
gates and release a series of pro-inflammatory cytokines and
chemokines. This chronic activation has a toxic effect on the
environment, which increases neuronal death and cognitive im-
pairment5. Likewise, in Parkinson’s disease, alpha-synuclein
aggregates in the dopaminergic neurons trigger inflammation,
which in turn accelerates neurodegeneration6.

The role neuroinflammation plays in MS further illustrates
the multifaceted participation of neuroinflammation in neurode-
generative diseases. Similarly, in Alzheimer’s disease, the ac-
cumulation of amyloid-beta plaques and tau tangles leads to
chronic activation of microglia, resulting in the release of pro-
inflammatory cytokines that contribute to neuronal damage and
disease progression. In Parkinson’s disease, the aggregation
of alpha-synuclein in dopaminergic neurons also triggers an
inflammatory response, accelerating neurodegeneration. These
examples highlight the common mechanisms of neuroinflamma-
tion across different neurodegenerative diseases, illustrating its
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Author(s) Year Paper Title Key Findings and Contributions

Amor et al. 2009 Inflammation in Neurode-
generative Diseases

Identified specific inflammatory biomarkers (e.g., cytokines, microglial activation)
linked to neurodegenerative disease progression. Suggested targeting inflamma-
tion could modulate disease outcomes.

Dugger & Dick-
son 2017 Pathology of Neurodegen-

erative Diseases

Reported empirical data on neuronal cell loss and hyperactive immune responses
in Alzheimer’s and Parkinson’s patients. Emphasized the role of imaging biomark-
ers in diagnosing early-stage neurodegeneration.

Hou et al. 2019 Aging as a Risk Factor for
Neurodegenerative Disease

Correlated age-related molecular markers (e.g., mitochondrial dysfunction, telom-
ere shortening) with increased neurodegeneration risk. Proposed treatments
targeting cellular aging mechanisms.

Haeberlein & Har-
ris 2015

Promising Targets for the
Treatment of Neurodegen-
erative Diseases

Identified genetic and molecular biomarkers (e.g., amyloid-beta, tau proteins) as
promising therapeutic targets. Highlighted early-stage clinical trials focusing on
these biomarkers.

Brown et al. 2005

Neurodegenerative Dis-
eases: An Overview
of Environmental Risk
Factors

Meta-analysis of epidemiological studies showing environmental exposures (e.g.,
pesticides, heavy metals) as risk factors. Highlighted the potential to use exposure
history as a biomarker for risk assessment.

Myszczynska et
al. 2020

Applications of Machine
Learning to Diagnosis and
Treatment of Neurodegen-
erative Diseases

Demonstrated ML’s success in classifying neurodegenerative diseases based on
imaging biomarkers (e.g., MRI, PET scans). Reported high accuracy in ML
models predicting disease progression using biomarker data.

Char et al. 2020

Identifying Ethical Con-
siderations for Machine
Learning Healthcare Appli-
cations

Proposed ethical frameworks for developing ML tools in healthcare, emphasizing
the integration of biomarker data without compromising patient privacy or equity
in access to ML-driven diagnostics.

Vu et al. 2018
A Shared Vision for Ma-
chine Learning in Neuro-
science

Demonstrated that ML algorithms could process large datasets to identify novel
biomarkers in neurodegeneration research. Their models contributed to identify-
ing early biomarkers in Alzheimer’s disease.

Rizk-Jackson et
al. 2011

Evaluating Imaging
Biomarkers for Neu-
rodegeneration in Pre-
symptomatic Huntington’s
Disease

Identified specific MRI biomarkers (e.g., brain volume changes, white matter
integrity) in pre-symptomatic Huntington’s disease. ML models showed up to
76% accuracy in predicting disease onset based on these biomarkers.

Basu et al. 2020

The Ethics of Machine
Learning in Medical Sci-
ences: Where Do We Stand
Today?

Analyzed how ML applications that leverage biomarker data must balance tech-
nological innovation with ethical issues like data privacy, particularly in high-risk
populations (e.g., Huntington’s patients).

Lee & Rich 2021
Who Is Included in Human
Perceptions of AI?: Trust
and Perceived Fairness

Conducted surveys showing low trust in AI diagnostics using biomarkers among
marginalized communities, highlighting the need for culturally sensitive ML
systems that emphasize transparency in biomarker-driven decisions.

Habehh & Gohel 2021 Machine Learning in
Healthcare

Reviewed applications of ML in biomarker-based diagnostics, particularly in
neurodegenerative diseases. Their study confirmed that ML models improve
diagnostic accuracy and reduce false positives when integrated with biomarker
data.

Chance et al. 2020

Crossing the Cleft - Com-
munication Challenges Be-
tween Neuroscience and
Artificial Intelligence

Found that interdisciplinary collaboration is essential for ML applications in neu-
rodegenerative research, particularly for integrating complex biomarker datasets
into AI systems. Proposed strategies to enhance biomarker-based data sharing.

Table 1 Summary Table of Included Studies

central role in disease progression and the potential for targeting
these pathways therapeutically6. MS is characterized by the
body’s immune system attacking the myelin sheaths in the CNS
axons, interfering with neuronal transmission and resulting in
multiple neurological deficits. In this regard, neuroinflammation
is characterized by the infiltration of immune cells from the
blood into the CNS and the activation of resident glial cells,
contributing to the pathogenesis of the disease6.

While neuroinflammation has negative impacts, it also pos-
sesses positive aspects that can be utilized for treatment. Mi-

croglial and astrocytic activation in response to neuronal damage
can be beneficial to the tissue and help protect neurons from
damage. For instance, some cytokines released during inflam-
mation have neurotrophic effects and enhance the removal of
toxic protein deposits (4). Distinguishing between the benefi-
cial and detrimental effects of neuroinflammation is essential
to developing therapies that reduce its negative impacts while
harnessing its positive effects.

Ongoing studies reveal more insights into the neuroinflamma-
tion process and its impact on neurodegenerative diseases. For
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instance, the understanding of particular receptors and cytokines
involved in the inflammatory process has created new treatment
strategies. Suppression of specific inflammatory pathways, such
as the NF-κB signaling pathway, with anti-inflammatory drugs
like NSAIDs or immune-modulating therapies may help mini-
mize the adverse effects of chronic neuroinflammation and delay
the progression of the disease. For example, NSAIDs have been
shown to inhibit the activation of NF-κB, a key transcription fac-
tor that regulates the production of pro-inflammatory cytokines
like IL-1β and TNF-α . Targeting these pathways with immune-
modulating therapies, such as monoclonal antibodies against
TNF-α , can also reduce inflammation and potentially slow dis-
ease progression. The study by Amor et al. (2010) emphasizes
the importance of targeting these inflammatory mediators to
reduce the damaging effects of chronic inflammation in neu-
rodegenerative diseases, highlighting how modulation of these
pathways can offer therapeutic benefits.

Moreover, the principles of imaging technologies have pro-
gressed over the years, making it easier to visualize and diagnose
neuroinflammation in vivo. Imaging techniques like Positron
Emission Tomography (PET) and Magnetic Resonance Imaging
(MRI) are crucial tools in this regard. PET imaging involves
the use of radioactive tracers to visualize active processes in the
brain, such as inflammation, by detecting gamma rays emitted
indirectly by a positron-emitting radionuclide tracer7. MRI,
conversely, uses strong magnetic fields and radio waves to gen-
erate detailed images of the brain’s structure and can identify
changes in brain tissue composition associated with inflamma-
tion7. These techniques help researchers see inflammation in the
brain and provide valuable data about the severity and develop-
ment of neuroinflammation in patients with neurodegenerative
diseases6.

Therefore, neuroinflammation is a critical factor involved in
the development and progression of neurodegenerative diseases
and has both detrimental consequences and benefits. It is impor-
tant to comprehend the interaction between inflammation and
neuronal degeneration in order to create appropriate strategies.
Thus, focusing on the neuroinflammatory process in the context
of its negative impact can also amplify its positive functions.

Machine Learning Techniques for Biomarker Identification

Machine learning (ML) has emerged as a powerful approach in
the research of neurodegenerative diseases, especially in identi-
fying biomarkers. Because of the ability of ML algorithms to
handle and work with large and complex data, researchers can
extract patterns and relationships that are not easily discernible
using other techniques. In the case of neurodegenerative dis-
eases, ML approaches have been applied to various kinds of
data, including neuroimaging data, genetic data, and clinical
records, to predict biomarkers for early disease detection and to
examine disease progression8.

One of the representative ML application areas is diagnos-
ing Huntington’s disease based on neuroimaging data. For in-
stance, Rizk-Jackson and colleagues worked on classifying pre-
symptomatic Huntington’s disease patients with comparatively
high accuracy using supervised machine learning (SVM) and
linear discriminant analysis (LDA) on MRI data. This approach
compares affected and control subjects and gives a quantita-
tive estimate of the disease progression, making this tool very
effective in diagnosing and following up neurodegenerative dis-
orders9.

However, a key challenge in the application of ML, partic-
ularly deep learning models, is the trade-off between model
complexity and explainability. While highly complex models,
such as deep neural networks (DNNs), often achieve superior ac-
curacy in biomarker identification due to their ability to capture
intricate patterns in large datasets, they tend to lack transparency,
making it difficult to interpret how specific predictions are made.
This ”black box” nature of deep learning poses a significant
barrier in clinical settings, where understanding the reasoning
behind a model’s decisions is crucial for gaining trust and ensur-
ing clinical applicability. To address this, model interpretabil-
ity tools have been developed, allowing for more transparency
in complex models. For example, techniques such as SHAP
(SHapley Additive exPlanations) and LIME (Local Interpretable
Model-Agnostic Explanations) offer insights into how input fea-
tures influence model outputs, making it possible to maintain
high accuracy while also providing interpretable explanations
of results. These tools enhance the utility of deep learning in
neurodegenerative disease research by helping bridge the gap
between model performance and clinical usability9.

Moreover, integration and analysis of high dimensional data
by ML has also assisted in elucidating the molecular basis of
these diseases. Myszczynska and colleagues demonstrated that
machine learning can be used to combine different types of data,
such as imaging and genomics, to predict biomarkers for neu-
rodegenerative diseases like amyotrophic lateral sclerosis (ALS).
Their study utilized ML algorithms to integrate neuroimaging
data with genomic profiles, enabling the identification of po-
tential biomarkers for ALS. This approach not only clarified
disease mechanisms but also provided insights into personal-
ized medicine by predicting patient-specific disease progression
and potential therapeutic targets. For example, ML can help
tailor treatment plans by analyzing genomic profiles to deter-
mine which patients may respond better to certain medications,
such as anti-inflammatory drugs or neuroprotective agents. Ad-
ditionally, biomarkers identified through ML can guide treat-
ment decisions, such as adjusting dosages based on a patient’s
biomarker levels or predicting the efficacy of new therapies.
These tailored treatment strategies are a direct application of
personalized medicine, allowing for more effective and individu-
alized interventions for patients with neurodegenerative diseases.
Compared to traditional methods, which often involve separate
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analysis of imaging or genomic data, the ML-based approach
enabled a more comprehensive understanding of the complex
interplay between genetics and disease pathology. This work ad-
vances ML applications in neurodegeneration by demonstrating
how integrating multi-modal data can improve the identification
of biomarkers, ultimately leading to better-targeted treatments
and individualized care strategies9.

Ethical Considerations in Machine Learning for Healthcare

The application of ML in healthcare has the potential to bring
about significant improvements, but it has several ethical issues.
These issues mainly include privacy, fairness, accountability,
transparency, and conflict of interest10. Solving these problems
is vital for the proper regulation of the use of ML technologies
in healthcare.

Another important issue that can be mentioned is the ques-
tion of data protection. Since using electronic health records
(EHRs) for ML applications involves handling sensitive patient
information, it is crucial to have adequate security measures to
protect the data from misuse. Data privacy, data ownership, and
the secondary use of data are some of the major issues faced. To
address these concerns, different countries have established spe-
cific regulations, such as the General Data Protection Regulation
(GDPR) in the European Union (EU), Health Insurance Porta-
bility and Accountability Act (HIPAA) in the United States, and
the Digital Information Security in Healthcare Act in India (10).
The creators of medical predictive models need to be aware of
these regulatory frameworks to operate within them and safe-
guard patient information. Furthermore, as more healthcare data
are digitized and integrated for use in ML applications, there is
a concern about how data is secured and utilized. The ethical
dilemma is the tension between making the data more avail-
able to improve the ML algorithms and protecting the patient’s
privacy11.

Another ethical concern in ML algorithms is fairness. Bias in
ML can be in the form of data, algorithm, and result bias. Bias
in medical ML can result in unfair treatment of some groups
of people, especially those who are marginalized or have some
disabilities10. Population bias in machine learning (ML) mod-
els can occur when the data used to train the model primarily
reflects the characteristics of one demographic group, result-
ing in patterns learned that may not generalize well to other
groups. This bias arises because ML models are essentially
pattern recognizers, learning relationships and trends from the
data they are trained on. If the training data is limited to a
specific population—whether defined by race, age, gender, or
socioeconomic status—the model will become highly attuned
to the characteristics and behaviors present in that population.
When applied to a different group with distinct characteristics,
the model’s predictions are likely to be inaccurate or misleading
because it has not been exposed to the full range of variability

in human health, behavior, or biology. For instance, if a ML
model has been trained using data from a particular population,
it will likely give poor results when used on other populations.
Solving this problem involves a proper approach to the training
data, constant bias monitoring, and creating techniques to re-
duce unfairness. Fairness entails using measures that will help
reduce bias in the data and the models. This includes using mul-
tiple datasets, periodic review of the ML models, and applying
fairness promotion methods such as re-sampling or re-weighting
of data to achieve fair performance across different population
subgroups11.

The concept of accountability in the use of ML in health-
care entails that there are standard measures that can be used
to assess the behavior of the people and organizations involved
in developing the applications. This encompasses the right of
developers to explain their actions and the duty of healthcare
professionals to apply the outputs of ML in the proper manner11.
One major issue is that many of the ML models, especially the
deep learning models, are “black boxes” and their functioning
is not easily understandable. Such processes are not transparent
and can hinder accountability and cause identification when ad-
verse outcomes occur10. Accountability also encompasses the
ethical use and application of the ML models in clinical practice.
This means that healthcare providers need to be educated on
the limitations of ML models and how they should approach
the models’ suggestions. This includes creating policies and
procedures on applying ML in clinical decision-making11. For
instance, an unethical use of ML in health care may entail a
provider using the ML model’s diagnosis alone, disregarding
the patient’s medical history or the symptoms’ background. This
can culminate into wrong treatment plans that do not consider
important aspects of the patient, potentially causing harm. With
regard to the latter, inappropriate use can happen in conditions
where the ML models are applied where they should not be
applied. For example, using an ML model focused on adult pa-
tients for pediatric cases may not have the appropriate accuracy
or is inapplicable.

Transparency is key to the acceptance of ML in healthcare
since patients and other stakeholders must trust the system’s rec-
ommendations. It refers to the ability to explain the working an
decision-making of an ML model to the stakeholders such as de-
velopers, healthcare practitioners, and patients11. Transparency
is especially crucial for the models applied in the clinical prac-
tice. Explaining the rationale behind the ML predictions can
assist the healthcare providers in making the right decisions
and increase patients’ trust4. Transparency also applies to the
development and validation process, where the aspects like the
design of the algorithm, the data used for training, and the test-
ing methods should be transparent4. The concept of increasing
transparency and explainability entails using tools like model
interpretability techniques such as SHAP (SHapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic
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Explanations). This is crucial in clinical settings because health-
care professionals without technical expertise need to understand
the reasoning behind model predictions to make informed deci-
sions about patient care. For example, tools like SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-
agnostic Explanations) can help bridge this gap by providing
intuitive visual explanations of how different features influence
a model’s prediction, thereby enabling clinicians to trust and ef-
fectively use machine learning outputs in their decision-making
processes11.

Conflicts of interest can arise when the financial or other self-
interests affect ML implementation in healthcare. To ensure that
the ML applications are developed and used in the best interest
of patients, there is a need to declare and manage potential con-
flicts11. For instance, the relationships between the developers
of the ML and the healthcare givers or institutions should be de-
clared to avoid compromising medical decisions through bias10.
Managing conflicts of interest involves developing clear policies
and guidelines for disclosure and addressing potential biases.
This includes ensuring that ML research and development are
conducted independently of commercial interests and that any
potential conflicts are transparently managed4.

The ethical challenges of ML in healthcare are not confined to
any single region but are of global concern. Countries have de-
veloped varying approaches to address these issues, with some
creating comprehensive regulatory frameworks11. For instance,
China’s ”New Generation Artificial Intelligence Development
Plan” and the European Union’s ”Ethics Guidelines for Trust-
worthy AI” set forth principles for the responsible development
and use of AI technologies10. These guidelines emphasize the
importance of respecting human authority, ensuring fairness,
preventing harm, and maintaining explicability in AI applica-
tions12.

Limitations

Researching the use of ML to identify biomarkers of neuroin-
flammation in neurodegenerative diseases comes with two main
limitations. A major limitation rests on the lack of existing
literature in this area, making it challenging to build a thorough
argument for interpretation. To address this, the search criteria
was expanded to include related topics, providing additional
insights to fill the literature gaps. Another limitation is the po-
tential bias in the available studies. The existing research may
predominantly focus on certain neurodegenerative diseases or
machine learning techniques, potentially overlooking others that
could provide valuable insights.

In their study Basu et al. (2020) discussed the problem of
insufficient interaction between data collectors, model devel-
opers, and medical practitioners to reduce bias and increase
data representativeness. They found ethical concerns about how
to make machine learning fair, accountable, and transparent

in healthcare, indicating that existing deployments may only
partially solve these problems. In their work on biomarkers
of neurodegenerative diseases, Myszczynska et al. (2020) ex-
plained that current ML approaches are not well suited to handle
heterogeneous and multi-modal data. They recommend that
future research use multiple data modalities, including imaging,
genomic, and clinical data, to enhance the stability and accu-
racy of biomarker discovery. Overcoming these limitations by
including larger and more diverse databases and implementing
the highest standards of ethical and transparent model building
will significantly improve the accuracy and practicality of ML
approaches for diagnosing biomarkers of neuroinflammation in
neurodegenerative diseases.

Another limitation lies in the lack of a clear discussion on
ethical accountability for ensuring fairness in machine learning
(ML) models. While addressing the technical challenges of
ML in biomarker discovery is crucial, it is equally important to
explore who holds responsibility for upholding ethical standards
in these models. Research has yet to fully establish frame-
works detailing the roles of developers, healthcare providers,
and regulatory bodies in maintaining fairness, transparency, and
accountability. This gap underscores the need for more compre-
hensive guidelines in the ML space, particularly in healthcare,
where ethical considerations are critical. Further exploration of
these roles would help ensure that ML implementations are not
only technically sound but also ethically responsible.

Future Directions

Despite the limitations in existing literature, promising avenues
for future research have emerged, such as the direction to in-
volve expanding and diversifying datasets. Future studies could
benefit from larger, more varied datasets to enhance the gener-
alizability and robustness of machine learning models. Varied
datasets are less biased and more generalizable because they
include more demographic, geographic, and clinical character-
istics. This variety makes the models capable of identifying
and predicting the results in various situations, thus making
the models less sensitive to peculiar cases and avoiding over-
fitting. Collaborating with institutions possessing diverse data
sources and partnering with international databases could enrich
the research scope and findings. Advancing machine learning
techniques is also critical. Exploring sophisticated methods
like deep learning, ensemble learning, or transfer learning can
improve accuracy and efficiency in biomarker identification.
These methods can reveal patterns in the data that may not be
visible with other techniques. Deep learning can find detailed
patterns and correlations in large datasets. Ensemble learning
involves using several models to enhance prediction robustness
and accuracy. Transfer learning can utilize information from
pre-trained models on similar tasks, thus avoiding the necessity
of a large amount of data and computational power. These meth-
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ods can result in more precise, faster, and effective biomarker
discovery, contributing to developing early detection and inter-
vention development. Comparative studies across different ML
approaches could refine models and enhance predictive perfor-
mance. Equally important is the validation of machine learning
models with real-world clinical data and ensuring their integra-
tion into healthcare systems. This critical next step would help
address the gap between theoretical advancements and practical
clinical applications, which is crucial for translating research
findings into tangible improvements in patient care.

Conclusion

This literature review outlines the vast possibilities of ML ap-
proaches in diagnosing biomarkers of neuroinflammation in neu-
rodegenerative diseases. Alzheimer’s, Parkinson’s and Multiple
Sclerosis are some of the diseases that are difficult to manage
because they are neurodegenerative and involve the immune
system. Neuroinflammation and glial cell activation are central
to the development and may possibly aid in the cure of these
diseases.

ML is a revolutionary way to process large and diverse data
sets, which can show the interconnections that may be hidden
from other methods. Neuroimaging, genetics, and clinical data
analyzed with the help of machine learning can improve early
diagnostics, monitoring the disease progression, and individ-
ualized treatment. However, incorporating machine learning
in healthcare also has its ethical implications, such as privacy,
fairness, accountability and transparency. Despite these findings,
the current literature has its drawbacks, and the available studies
may contain certain biases. The directions for further research
may include the enlargement of datasets and the diversification
of the samples, developing new machine learning algorithms,
and conducting comparative enlarging datasets and diversify-
ing analysis to improve the models. This may help to increase
the transferability and reliability of machine learning models,
thus contributing to the better treatment of neurodegenerative
diseases and the improvement of patient outcomes. Therefore,
this review’s conclusion clearly indicates that further research
and collaboration are needed in this field. By implementing
ML and overcoming potential ethical issues, the medical field
can progress in the treatment of neurodegenerative diseases and
enhance patients’ lives.

Machine learning algorithms play a pivotal role in identifying
biomarkers by processing complex, multimodal data—including
neuroimaging, genetic profiles, and clinical records—that re-
veal hidden patterns associated with neurodegenerative diseases.
These algorithms significantly advance the ability to detect early
signs of diseases such as Alzheimer’s and Parkinson’s, enabling
earlier and more accurate diagnoses. Expanding and diversify-
ing datasets will be essential for enhancing the generalizability
of ML models, ensuring that biomarkers are identified across

different populations. Furthermore, the development of new
ML algorithms will enhance the precision and reliability of
biomarker identification, ultimately improving individualized
treatment strategies and driving the future of neurodegenerative
disease research.Integrating multimodal data, such as genomics,
imaging, and clinical data, is a promising advancement in ma-
chine learning (ML)-based biomedical research, particularly
for biomarker discovery in neurodegenerative diseases. This
approach allows researchers to capture the complexity of dis-
ease mechanisms from multiple perspectives, leading to a more
comprehensive understanding of how these diseases develop
and progress. For example, by combining genetic profiles with
neuroimaging data, researchers can identify genetic variants
that are linked to specific structural or functional changes in the
brain. When clinical data, such as patient history and symptoms,
is added to this mix, it helps to further refine these associations,
allowing for a deeper exploration of how individual genetic and
biological factors contribute to disease risk and progression.

Multimodal data integration has the potential to significantly
improve the discovery of new biomarkers by highlighting pat-
terns and interactions that would remain hidden if each data
type were analyzed in isolation. This holistic approach can
enhance the precision of early diagnostics and enable more per-
sonalized treatment strategies. For diseases like Alzheimer’s
and Parkinson’s, where early intervention is critical, identifying
biomarkers across multiple data sources could improve predic-
tive accuracy, allowing for interventions at a stage where they
are most effective.
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