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Cognitive decline and conditions characterized by cognitive decline such as Alzheimer’s disease (AD), Mild Cognitive
Impairment (MCI), and types of dementia have become an increasing health concern in older populations around the world.
Early detection of these conditions is crucial for effective intervention and treatment. Historically, the accuracy of traditional
methods of diagnoses by clinicians and medical professionals are bound by the specific experience level of the person producing
the diagnosis, and the effectiveness of clinical tests. The limitations of a medical professional’s memory and experience impact
the accuracy of a diagnosis. However, recent artificial intelligence-driven tools have begun to offer novel solutions to these
long-standing roadblocks. For example, Machine Learning (ML), Deep Learning (DL), and Natural Language Processing
(NLP) models are systems that have displayed the ability to analyze and draw conclusions regarding patients from complex,
multi-faceted data sets. The speed, accuracy, and accessibility of these developing systems present new opportunities for
diagnosing the onset of cognitive decline, but they also come with unique challenges. Ethical and practical challenges around
privacy, systemic bias, and equal access require equally novel solutions. Although these models do not come without their
drawbacks, they have the potential to revolutionize modern medicine if integrated responsibly.
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Introduction

Neurodegenerative diseases associated with cognitive decline
such as AD, Parkinson’s disease (PD), MCI, and Lewy body
dementia (LBD) have increased in prevalence in the older pop-
ulation in the past decade. Relatedly, the number of older
adults continues to rise. In the United States, the population of
elderly adults aged 65 and older is projected to increase signif-
icantly, from 56 million in 2020 to approximately 95 million in
2060. This increase in demographic population will in turn in-
crease the numbers of those suffering from neurodegenerative
diseases. AD represents one of the leading causes of mortality
among the elderly with a rate of 34 deaths per 100,000 people
in the United States, which is a mortality rate of 0.034% 2, As
global life expectancy increases due to improvements in work-
place safety standards, medicine, and nutrition, conditions as-
sociated with cognitive decline will become more common?.
In order to manage these conditions, tested, accurate meth-
ods of early detection are vital. Traditional approaches to early
detection have many flaws, such as missing mild changes in
a patient’s condition over time and a lack of access in terms
of scanning technologies and qualified professionals in some
rural areas®. Furthermore, traditional diagnostic methods of
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conditions such as dementia and AD, despite many advance-
ments that have been made, have been unsuccessful in consis-
tently identifying biomarkers during the early phases of such
diseases. They are weaker in sensitivity, accuracy, and speci-
ficity. Traditional tests are susceptible to false positives or neg-
atives, while Al driven ones have the potential to be extremely
accurate and specific. Al driven models are able to make diag-
noses faster, and early detection can lead to more treatment op-
tions. Cognitive tests that are commonly used in clinics, such
as The Mini Mental State Examination (MMSE), which mea-
sures levels of cognitive impairment, have limited research
confirming their accuracy and utility in clinics>. There is hope
that AI models will allow for better intervention and treat-
ments that result in better quality of life.

Artificial intelligence (AI) models are revolutionizing
medicine with their precision, reliability, and analysis of
complicated data patterns®. Emerging Al-enhanced methods
of early detection, including neuroimaging, speech analysis,
biomarker detection, and EHR analysis are offering higher ac-
curacy, sensitivity, and specificity for patients’. These models
enhance a 4P (Predictive, Preventive, Personalized, and Par-
ticipatory) model of medicine, in which focus is placed on
anticipating conditions in a personalized way for each patient,
shifting from the old model of focusing on a patient after they
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have been diagnosed to before the fact®. Given the drawbacks
of traditional methods of diagnosis, the medical field must
adopt novel tools utilizing artificial intelligence, and respon-
sibly integrate these methods in a holistic approach involving
medical professionals, hospitals, medical organizations, and
government bodies or agencies to ensure accuracy, safety, pri-
vacy, and equal access. The objective of this review is to ex-
plore the advantages of Al diagnostic methods over traditional
approaches, while highlighting the challenges and risks of in-
tegrating a new technology into society.

Methods

The research papers discussed in this literature review were
identified on Google Scholar using the search terms “tra-
ditional diagnostic methods cognitive decline,” “cognitive
decline, Al-driven support tools,” “cognitive decline, Al
early detection,” “cognitive decline, artificial intelligence,”
“artificial intelligence in medicine,” “artificial intelligence,
biomarker detection,” “machine learning models, cognitive
decline,” “Al early detection, biomarkers,” and “Al early de-
tection, neuroimaging.” My inclusion criterion were that the
papers had to be about early detection of conditions associ-
ated with cognitive decline such as AD and MCI and that they
were from high quality peer reviewed journals. My exclusion

criteria was research papers not involving Al

Discussion

Benchmark Datasets

Benchmark datasets such as Alzheimer’s Disease Neu-
roimaging Initiative (ADNI), Open Access Series of Imag-
ing Studies (OASIS), Australian Imaging, Biomarkers and
Lifestyle (AIBL), and Minimal Interval Resonance Imaging
in Alzheimer’s Disease (MIRIAD) are major AD neuroimag-
ing data sources that provide large volumes of raw material
that DL models need to analyze patterns of cognitive de-
cline®. Each of these types of datasets serve different pur-
poses. Specifically, ADNI is a dataset from an observational
study of elderly individuals with MCI or AD, with the pur-
pose of watching how these diseases develop over time. An
important step in creating this dataset was making sure all
of the magnetic resonance imaging (MRI) scans across hos-
pitals looked the same, so differences in data could not be
attributed to different scanners. Scan errors were also cor-
rected . OASIS-3 is a free, public compilation of MRI and
PET imaging and other clinical data of individuals at various
stages of cognitive decline'!. AIBL is an Australian study that
studied factors such as blood, genetics, and lifestyle, along
with brain scans in order to determine more about which fac-
tors can help predict AD 2. MIRIAD is a smaller-scale study

that was used to test brain-measuring software by observing
differences when brain scans were taken of the same people at
different interval. These benchmark datasets provide the data
necessary to build and test DL models '3.

MRI Preprocessing

MRI preprocessing pipelines are critical to ensuring reliable
Al model performance in analyzing MRI images. Methods
such as skull stripping, grad-warping, and intensity correc-
tion are used to remove scanner-related variability so that DL
models can identify real disease-related patterns in the brain®.
However, neuroimaging preprocessing is not a single, defined
procedure. The preprocessing pipeline can differ depending
on what algorithms and specific methods are used. These
pipelines and methods remove issues and errors in MRI data
so that the data can be easily and accurately analyzed and un-
derstood '4.

Early Detection

Early detection is vital for proper treatment and recovery of
patients with cognitive decline. Early detection has been im-
proved by emerging Al-driven tools that improve biomarker
detection and neuroimaging analysis. Biomarkers are bio-
logical markers that indicate biological processes in a pa-
tient. Biomarkers related to aging and cognitive decline can be
found through brain imaging, blood tests, and cerebrospinal
fluid (CSF) analysis. Biosensors and wearable devices can
collect biomarker data from patients that Al and ML algo-
rithms can then process and draw conclusions from !>, Non-
invasive, widely used neuroimaging techniques such as MRI
and positron emission tomography (PET) scans are utilized
to collect vital information about patients as well, tracking
changes in brain function, measuring metabolic activity, ob-
serving brain structure, and examining longitudinal patterns of
atrophy '°. When a patient presenting symptoms approaches a
doctor for diagnostic exams, the process can be long and in-
volve discomfort and a long wait time. Al-driven tools have
the potential to draw conclusions from less data and can rec-
ognize patterns and reach conclusions faster and more accu-
rately.

Machine Learning Models

ML models are Artificial Intelligence (AI) models that can
recognize patterns and have the ability to make predictions
based on pre-existing data. ML models, such as NLPs, Con-
volutional Neural Networks (CNNs), and Multi-Layer Percep-
trons (MLPs) are designed with large data sets to recognize
patterns of conditions characterized by cognitive decline. ML
softwares can analyze large amounts of data efficiently, recog-
nize patterns that humans cannot on their own, and improve
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Figure. 1 The integration of Al tools into clinical practice.
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their diagnostic accuracy as they practice, which make them
powerful tools in early diagnostic approaches®.

Traditional Methods of Diagnosis

Cognitive screening tools are essential for the early detection
of neurocognitive disorders in older adults, yet challenges re-
main regarding their accuracy. Maduro et al.!” conducted a
cross-sectional study comparing the diagnostic accuracy of the
Mini-Mental State Examination (MMSE) and the Montreal
Cognitive Assessment (MoCA) in 90 adults aged 60 years
and older, using the Clinical Dementia Rating (CDR) scale as
the reference standard. ROC curve analysis indicated that the
MMSE achieved an area under the curve (AUC) of 0.826, with
sensitivity of 78.4% and specificity of 76.9%. By comparison,
the MoCA demonstrated better discriminative ability, with an
AUC of 0.943, sensitivity of 90.2%, and specificity of 87.2%.

When education-adjusted cut off scores were applied, MMSE
diagnostic accuracy was 71.1%, while the MoCA achieved a
higher accuracy of 87.8%. These findings indicated on Ta-
ble 1 show the accuracy metrics of the MMSE and MoCA in
comparison to Al driven models.

Deep Learning

DL models, which are a specialized subset of ML models,
learn by being fed raw data and improve in pattern recogni-
tion through practice and experience. DL models are capa-
ble of identifying and detecting early signs of cognitive de-
cline using Electronic Health Records (EHRs). DL models
are restructuring early detection by discovering non-invasive
biomarkers '8.

An example illustrating the potential of Convolutional Neu-
ral Networks (CNN) was examined by Ghasemi Dakdareh and
Abbasian. They evaluated three CNN architectures (AlexNet,
DenseNet-BC, and CNN1D-LSTM) for classifying AD and
MCI against healthy individuals using the ADNI dataset.
AlexNet assessed MRI images, and achieved the highest over-
all accuracy (98.73%), with precision of 99.65%, sensitivity
of 95.95%, and specificity of 99.86% '°. These findings indi-
cated on Table 1 demonstrate that pre-trained CNN architec-
tures applied to neuroimaging data can serve as highly effec-
tive tools for early detection and diagnosis of neurodegenera-
tive diseases.

Natural Language Processing

NLP models are able to process and interpret human speech
patterns and language?®. NLP technology can be used to ex-
amine patients and assist professionals with their decision-
making in medical situations. These models are very power-
ful, with the ability to help extract data from Electronic Health
Records and monitor patients?'.

In a recent study, Liu et al. applied NLP to transcripts from
Referential Communication Tasks (RCTs) to distinguish indi-
viduals with AD from cognitively healthy older adults. Using
a BERT-based transfer learning model alongside traditional
linguistic feature extraction, the study analyzed speech tran-
scripts from 28 participants from a prior dataset. The BERT
model achieved classification accuracy reaching 99.8%, sen-
sitivity of 99.7%, and specificity of 100.0% when combining
transcripts across all images?>. These findings support RCTs
as a promising non-invasive tool for early AD detection (Table
1).

Multimodal Models

Multimodal models are powerful Al models that combine
multiple types of data such as speech patterns, neuroimaging
scans, clinical assessments, behavioral data, and past medical
history to develop conclusions and create predictions*. Cogni-
tive decline and conditions characterized by cognitive decline
such as AD and MCI can have different rates of progression
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and symptoms depending on the patient?>. Multimodal mod-
els can recognize specific patterns across datasets to diagnose
patients that unimodal models or humans may not have no-
ticed. This can greatly improve rates of early detection and
decrease rates of incorrect diagnoses 4.

In one example of the utilization of multimodal models, Lee
et al. tested whether combining different types of brain scans
could help predict which patients with mild cognitive impair-
ment would go on to develop AD within four years?>. The
researchers compared six different machine learning models
trained on various combinations of MRI and amyloid PET
imaging data, alongside basic patient demographic informa-
tion such as age and sex. Of the models tested, the Gradient
Boosting Model proved the most consistent and reliable. The
best-performing combination used amyloid PET and struc-
tural MRI data together with patient demographics, achieving
a strong accuracy of 92.3% with an AUC of 0.875, mean-
ing the model correctly distinguished converters from non-
converters the vast majority of the time. Performance of all
variations of models tested can be seen in Table 1.

Challenges

Despite the many advancements and possibilities with Al
driven diagnostic tools, challenges and limitations remain, re-
quiring further advancement of the technology, partnerships
with medical professionals, and protections against improper
use of personal data. Figure 1 illustrates these challenges and
strategies to overcome them.

Reliability and Biases

Al models are trained to recognize patterns from existing sets
of data. These datasets may have issues with data scarcity,
lack of diversity, and inconsistent data quality and consistency.
There needs to be a sufficient amount of high quality data with
a wide variety and amount of people in order for the model to
make accurate predictions. Individuals of all races, ethnicities,
and sexes have the potential to be affected by conditions and
diseases characterized by cognitive decline. In order for Al
models to correctly respond to data from specific individuals,
the AI model must be trained with a plethora of distinct pa-
tient profiles. If Al models are not trained properly, errors or
inaccurate diagnoses can occur. For example, Al models that
analyze speech patterns, such as NLP models, may have trou-
ble with diagnosing patients from ethnic minorities associated
with accents or specific dialects, or patients that are not native
speakers of the language it was trained to detect. This creates a
natural bias based on the language the Al was trained on, lead-
ing to inaccuracies, mistakes, and misdiagnoses. Also, with a
poor data set, AI models can mistake normal aging as cogni-
tive decline. Consequently, the predictions of Al models must
be reviewed and checked by human medical professionals to

ensure an Al diagnosis is not being determined by poor or in-
adequate data sets. Along with becoming biased, a model’s
prediction error can also arise from a variance that is too high,
which can lead to overfitting. The bias-variance tradeoff is a
major challenge when calibrating ML models. Bias and vari-
ance must be balanced to create an optimal model.

The reliability of Al systems can be difficult to predict when
the AI model is considered a “black box.” “Black box” is a
term used to refer to Al models in which their internal com-
putations are not easily understood by humans. It is not clear
how these models achieved their output from the input of given
data. These tools make predictions based on data patterns in
patients, but they do not explain why a prediction or result
was determined. Without clear insight into how the models
generated their conclusions, humans have no way of checking
the accuracy of their prediction and patients cannot understand
why they received their diagnosis. Models that are labeled as
“black boxes” can be unreliable and risky to use in medicine.

Access and Integration

In order for AI driven diagnoses to be successful, it must
be appropriately integrated into diagnostic procedures and be
equally accessible. Al systems becoming fully integrated into
healthcare require medical professionals to adapt their sched-
ules and methodology. Integration of these tools could slow
down medical processes if medical professionals have a diffi-
cult time adapting the new technology into their practice, or if
there is a lack of trust between the software and clinicians. In
order to successfully apply Al models to all fields of medicine,
new models must go through trials of clinical evaluationS.

Advanced Al systems that use large, multimodal data sets
or those that perform complicated tasks can be expensive and
become very costly to install and maintain. Not all medical
facilities have access to the reliable, high-speed internet and
devices to use these high-tech models. Clinics in smaller, ru-
ral, or low-income areas may not have the opportunities to use
them. Future use of these tools will require widespread accep-
tance by the medical profession and deployment to those who
need it.

Data Protection and Consent

When Al is used in healthcare, computers are given large
amounts of protected patient health data. Sensitive informa-
tion is yielded from neuroimaging scans such as MRI, PET,
and CT scans, wearable devices, clinical assessments, speech
patterns, and health records. This data can be used to make
predictions or generate conclusions on cognitive health and
future decline, which can lead to discrimination by insurance
companies or clinics refusing service if obtained by insurance
providers. Data breaches can also occur, and this information
in the wrong hands can lead to data misuse and can potentially
be very harmful for the patient if the data is sold to third-

4 | NHSJS Reports

© The National High School Journal of Science 2026



Diagnostic Approach Model Dataset Accuracy Precision AUC Sensitivity/ Specificity PPV NPV  Source

Recall
Mini-Mental State N/A Recruited 71.10% N/A .826 62.80% 87.20% 69.80% 74.10% Maduro et
Examination (MMSE) original al.
Non-Al diagnostic method, participants. 90
considered the most widely adults aged 60
used and validated years or older
instrument in clinical and
research settings.
Montreal Cognitive N/A Recruited 87.80% N/A 943 74.50% 94.90% 84.50% 93.80% Maduro et
Assessment (MoCA) original al.
Alternative non-Al participants. 90
diagnostic tool, offering adults aged 60
broader coverage of years or older
cognitive domains.
Convolutional Neural AlexNet ADNI dataset 98.73% 99.65% N/A 95.95% 99.86% N/A N/A  Dakdareh
Networks (CNN) Study et al.
tested the efficacy of three
different convolutional
neural networks for
diagnosing Alzheimer’s
disease and MCI.
DensNet-BC ADNI dataset 88.37% 88.46% N/A 74.63% 95.18% N/A N/A  Dakdareh
etal.
CNNI1D- ADNI dataset 91.89% 79.72% N/A 90.11% 92.47% N/A N/A  Dakdareh
LSTM et al.
Natural Language Detecting Secondary 90.9 - N/A N/A 84.7 - 79.2-100% N/A  N/A Liuetal.
Processing (NLP) Study Alzheimer’s analysis of prior 99.8% 99.7%
used Natural Language Disease dataset. 28 adults
Processing to evaluate how using BERT
well RCTs are able to output
distinguish between people
with AD and cognitively
healthy older adults.
Multimodal Models Study Demographic 196 adults 76.8% N/A 830 (+/- 81.4% (+/ 72.1% (+/- N/A N/A Leeetal
tested the efficacy of only enrolled from (+/-10.9) .079) 17.0) 8.6)
different combinations of Al four tertiary
models with demographic hospitals and the
information. A= amyloid ADNI dataset
PET image features N=
T1-weigted image features
V= T2-FLAIR image
features
Demographic 196 adults 87.8% (+/- N/A 937 (+/- 92.5% (+/- 83.1% (+/- N/A N/A Leeetal
+A enrolled from 7.5) .065) 6.1) 14.7)
four tertiary
hospitals and the
ADNI dataset
Demographic 196 adults 91.9% (+/- N/A 977 (+/- 94.9% (+/- 88.9% (+/- N/A N/A Leeetal
+ AN enrolled from 4.8) .026) 5.9) 8.4)
four tertiary
hospitals and the
ADNI dataset
Demographic 196 adults 92.3% (+/- N/A 984 (+/- 96.6% (+/- 88.1% (+/- N/A N/A Leeetal
+ ANV enrolled from 5.3) .016) 44) 9.4)

four tertiary
hospitals and the
ADNI dataset

Table 1 Performance metrics for traditional and Al driven diagnosis methods.
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Figure. 2 Challenges and solutions to ensure proper integration, accuracy, and privacy control of Al driven diagnostic tools.

party users such as insurance companies. Insurance compa- conditions or diseases.
nies should not have access to the medical records of patients,
as this can lead to them refusing to give insurance or raising

their prices to specific individuals who are at higher risk of

Consent is vital in healthcare. Older adults, especially those
experiencing cognitive decline may not understand what they
are consenting to with Al systems because these systems are
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modern and can be complex. Some older adults may have
never seen tools like these before, and those with cognitive
impairments could be further confused. Moreover, there is al-
ways a risk of data leaks or unauthorized sharing of patient
information, whether intentional or unintentional. Ethical use
of these emerging tools requires human review and should be
used to examine human diagnoses and predictions, not replace
them. These Al systems should comply with healthcare regu-
lations such as HIPAA and FDA laws in the United States and
GDPR laws in Europe.

The uncontrollable bias of some AI models, uninformed
consent, and models that are “black boxes” pose a challenge
as well. In response to these obstacles, it is imperative that Ex-
plainable AI (XAI) models are developed, which explain how
and why predications are made, unlike black boxes, which
sometimes remain mysteries. Bias mitigation strategies, such
as improving the quality of data sets during Al training, and
federated learning to protect patient data privacy are promis-
ing solutions to these issues as well?’.

Limitations

Al has many benefits, but are still many problems that must be
solved before these models can be used to their full potential.
Issues with overfitting, regularization, transfer learning, and
data augmentation are limitations to this paper and should be
studied further. The small number of patients included in some
studies can interfere with obtaining correct data as well, but
every model requires a different number of patients needed to
diagnose.

Future Directions

While AI has changed healthcare and medicine for the bet-
ter, it has its challenges. In the future, there are many more
improvements that will need to be made and that researchers
are already working toward. The gold standard for measur-
ing conditions like AD is neuropathology. Researchers should
cross validate results they receive using AI models using post-
mortem tissues. Advanced Al systems such as multimodal
models that analyze many types of collected data together
will have to be integrated fully and smoothly into clinics. In
regards to integration, human professionals will have to un-
dergo training to work alongside artificial intelligence because
it is difficult for humans to understand the predictions of Al
models at times, especially those that are considered “black
boxes.” Additionally, in the near future, it is important to de-
velop XAI models that can provide interpretable predictions
and outputs.

When enough data is available, researchers should deter-
mine if Al predictions correlate with actual disease progres-

sion and how Al can predict changes in biomarkers overtime.
Future work should look at the combination of biomarkers that
is most predictive for cognitive decline.

Conclusions

In conclusion, society must quickly contend with a rapidly
increasing elderly population and the healthcare issues that
come with aging. Al has emerged as a powerful tool in the
world of healthcare, capable of providing analysis beyond the
capabilities of medical professionals. Models that use ma-
chine learning, deep learning, multimodal data, speech anal-
ysis, neuroimaging analysis, and wearable devices have im-
proved the accuracy and speed of early detection for patients
with conditions characterized by cognitive decline. This re-
duces the chance of inaccurate diagnoses from medical pro-
fessionals with human limitations and increases the chance of
catching diseases in their early stages, which leads to a bet-
ter chance for proper treatment and recovery. The challenge
for the healthcare industry and our government leaders is inte-
grating this new technology in a manner that respects human
decency while improving health outcomes.
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