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Abstract

Recent advances in artificial intelligence (AI) have shown great promise in the diagnosis, pre-
diction, treatment plans, and monitoring of neurodegenerative disorders. AI algorithms can an-
alyze huge quantities of data from numerous sources, including medical images, quantifiable 
proteins in urine, blood, and cerebrospinal fluid (CSF), genetic information, clinical records, 
electroencephalography (EEG) signals, driving behaviors, and so forth. Alzheimer’s disease 
(AD) is one of the most common neurodegenerative disorders that progressively damage cog-
nitive abilities and memory. This study specifically explores the possible application of AI in 
the diagnosis, prediction, monitoring, biomarker or drug discovery, and classification of AD. 
[GMJ.2023;12:e3061] DOI:10.31661/gmj.v12i.3061
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Introduction

Artificial intelligence (AI) has revolution-
ized numerous industries, and the field of 

medical science is no exception. In this age 
of information and technology, the integration 
of AI into medical sciences has brought about 
a new era of healthcare, offering significant 
benefits to patients, healthcare professionals, 
and the industry as a whole [1-3]. AI can pro-
cess large amounts of medical data and iden-
tify patterns that would otherwise be difficult 
for humans to detect. With the ability to learn 

from vast amounts of medical data, AI has 
the potential to transform medical research 
and personalized medicine. AI algorithms and 
techniques can help healthcare professionals 
analyze large datasets and provide insights 
that were previously impossible to obtain [4, 
5]. Neurodegenerative diseases are a range of 
conditions affecting the neurons in the brain 
and spinal cord and cause their degeneration. 
This can lead to a variety of symptoms, includ-
ing cognitive impairment, movement disor-
ders, and psychiatric symptoms [6, 7]. Neuro-
degenerative diseases affect millions of people 
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worldwide and can significantly impact their 
quality of life. The exact causes of neurode-
generative diseases are not fully understood, 
but they are supposed to be developed by a 
combination of lifestyle, environmental, and 
genetic factors. There are many types of neu-
rodegenerative diseases, each with its unique 
set of symptoms and characteristics. The most 
common neurodegenerative diseases are Alz-
heimer’s disease (AD), Parkinson’s disease, 
Huntington’s disease, and amyotrophic lateral 
sclerosis (ALS) [8, 9]. 
AD is a chronic, incurable brain disease that 
gradually damages cognition and memory. 
The majority of dementia cases are caused 
by AD, which typically affects older people 
and age is one of its risk factors. The three 
stages of AD development are as follows [10, 
11]. The first stage is the pre-clinical AD stage 
which patients are clinically asymptomatic, 
although cerebral amyloidosis is present in 
the brain as a quantifiable change. The sec-
ond stage is mild cognitive impairment (MCI) 
which develops at the following stage and the 
affected individuals’ families may be the only 
ones to discover minor symptoms and signs of 
brain abnormalities. Patients acquire demen-
tia brought on by AD in the third stage, with 
symptoms severe enough to limit everyday 
functioning [10, 12].
Recent advances in AI have shown great 
promise in the diagnosis, prediction, treat-
ment plans, and monitoring of the progression 
of neurodegenerative disorders [13]. AI algo-
rithms can analyze large amounts of data from 
various sources, including medical images, 
genetic information, and clinical records, to 
identify early disease markers, develop per-
sonalized treatment plans, and predict disease 
progression of neurodegenerative disorders 
[14, 15]. 
This review presents potential applications of 
AI and its subsets in the diagnosis, prognosis, 
treatment, follow-up, biomarker discovery, 
drug discovery, and prediction of AD as one 
of the most common neurodegenerative dis-
orders.

1. Diagnosis 
AI has been applied to many data sources to 
diagnose AD including medical images, quan-
tifiable proteins in urine, blood, and cerebro-

spinal fluid (CSF), genetic information, clin-
ical records, electroencephalography (EEG) 
signals, driving behaviors, and so forth [16]. 
Medical imaging is one of the most crucial 
methods in the assessment of patients with 
brain pathology in diseases including AD. 
Three basic categories of imaging techniques 
are employed: molecular imaging, including 
positron emission tomography (PET), sin-
gle photon emission computed tomography 
(SPECT), and functional MRI (fMRI); func-
tional imaging, including fMRI scans and 
PET; and structural imaging, including com-
puted tomography (CT) scans and magnetic 
resonance imaging (MRI). 
AI has been used by researchers to automat-
ically detect complicated patterns in imag-
es and make quantitative assessments of ra-
diology data. AI can aid in enhancing both the 
accuracy and effectiveness of image analysis. 
Mistakes and delays in diagnosis due to ra-
diologist errors can lead to poor patient out-
comes. 
The use of AI in radiology is expected to ac-
complish not only faster and more cost-effec-
tive image interpretation but also more reli-
able image interpretation in the current era 
of digital imaging databases and electronic 
health record systems [17, 18].
One way to use AI to diagnose AD is to ana-
lyze quantifiable proteins in biological sam-
ples like serum and CSF. One example of an 
AI-based approach to analyze CSF is the use 
of machine learning algorithms to identify 
patterns of protein expression that are indic-
ative of AD. 
Researchers have identified several key pro-
teins that are present in abnormal levels in the 
CSF of Alzheimer’s patients, including be-
ta-amyloid, tau, and neurofilament light chain 
[19, 20]. The study of Eleonora Ficiarà et al. 
[21] investigated the possible impact of iron 
on early diagnosis and therapy possibilities, 
both in serum and CSF. Non-demented neu-
rological controls, frontotemporal dementia, 
mild cognitive impairment, and AD patients 
were included in the study. Utilizing iron-re-
lated data, the use of machine learning tech-
niques such as multiclassification algorithms 
and clustering analysis revealed a new possi-
ble stratification of patients. The findings con-
firmed that iron dysregulation had a signifi-
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cant impact on the pathogenesis of dementia 
maybe through interactions with biomarkers 
like tau protein and amyloid-beta [21]. 
Language and speech skills are valuable 
sources of clinical data in AD, as it drops 
simultaneously with neurodegeneration. Re-
cently, collecting language and voice data in 
various ways and employing computational 
speech processing for diagnosis, prediction, 
or progression using AI, is introduced as a 
new approach in AD research [22]. Alexandra 
König et al. [23] designed a study to assess 
the feasibility of employing automatic speech 
analysis to diagnose MCI and early-stage 
AD. Several short cognitive vocal tasks were 
performed by patients with MCI or AD and 
also healthy elderly control volunteers. 
Using speech signal processing techniques, 
the recorded voices were analyzed and the 
initial vocal indicators were extracted. Then, 
the vocal markers were assessed for their 
“power” to distinguish between AD, MCI, 
and control groups. The next phase involved 
utilizing machine learning approaches to cre-
ate automatic classifiers for detecting MCI 
and AD and then verifying the detection ac-
curacy. Automatic audio analyses had the fol-
lowing classification accuracy: 80% ± 5% be-
tween AD and MCI, 87% ± 3% between AD 
and controls; and 79% ± 5% between MCIs 
and controls, proving its assessment utility. 
The main limitations of the field are a degree 
of disconnect between study aims and clinical 
applications, limited comparability of results, 
and poor standardization [23, 24]. 

2. Early Stage Diagnosis
Clinically, early or asymptomatic AD diag-
nosis has a significant impact since it enables 
early intervention [25]. Several studies used 
multi-modality imaging including MRI, fluo-
rodeoxyglucose-positron emission tomogra-
phy (FDG-PET), tau-PET, amyloid-PET, and 
AI for diagnosis and prognosis of early stag-
es (at the MCI or preclinical stages) of AD. 
These imaging techniques can be broadly di-
vided into two categories: those used to detect 
neuronal damage and those used to detect am-
yloid positive. Several studies used FDG-PET 
to examine the connection between glucose 
metabolism and amyloid deposition in peo-
ple with normal cognitive function. In people 

with severe amyloid deposition and normal 
cognitive function, several studies discovered 
hypometabolism [26].
The preclinical stage of AD was predict-
ed by Haifeng Chen et al. [27] using a ma-
chine-learning approach based on the multi-
modal connectome. The participants were 110 
healthy controls and preclinical AD individ-
uals. 
Morphological, anatomical, and function-
al networks were created using multimodal 
imaging data. To predict preclinical patients, 
these networks were combined with a multi-
ple kernel learning-support vector machine. 
Results indicated that the characteristics iden-
tified from the multimodal network achieved 
an accuracy of 88.73% based on the integra-
tion of the three modalities. 

3. Predicting MCI Conversion to AD and Time 
to Conversion
Several researchers attempted to predict the 
possibility and duration required for patients 
with MCI to convert to AD [28]. According 
to a study by Tingting Zhang et al. [29], brain 
connection network features and cortical 
thickness parameters obtained from structural 
MRI and resting state fMRI (rs-fMRI) could 
distinguish between patients with MCI con-
verter and those with mild cognitive impair-
ment non-converters (MCInc/AD). The con-
verted sensitivity brain regions of the two pa-
tient groups (MCInc vs. MCIc) and the same 
group of patients (MCIc vs. AD) may differ 
and can accurately predict the conversion of 
MCI to AD, according to the findings. 
Predicting how long it will take people with 
MCI to develop AD is a complex task, as the 
rate of disease progression varies greatly from 
person to person. However, AI can be used to 
develop predictive models based on various 
factors that have been shown to influence the 
risk of conversion from MCI to AD [30]. 
Some researchers make an effort to forecast 
how long it will take for people with MCI to 
transition to AD. Simon F. Eskildsen et al. 
[31] introduced a novel approach to subgroup 
MCI subjects in terms of “time to conver-
sion”. They showed that they could predict 
conversion from baseline within 3 years with 
an accuracy of 74% when utilizing the strati-
fied classifiers in a clinically applicable man-
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ner. Although this prediction had a low sensi-
tivity (64%), it had a high specificity (84%). 
To be therapeutically useful, the long-term 
prediction’s sensitivity must be increased to 
maximize the benefits of potential neuropro-
tective treatments.

4. AD Staging and Classification
Despite many types of research evaluating 
cognitive monitoring, most address only the 
presence or absence of cognitive impairments. 
AI can use medical images to detect disease 
stages. For example, Robin Ghosh et al. [32] 
examined datasets containing around 6,400 
MRI images, each segregated into the sever-
ity of AD stages: moderate dementia, non-de-
mentia, very mild dementia, and mild demen-
tia. The convolutional neural network (CNN) 
technique was utilized to classify the demen-
tia stages in each patient using these four im-
age criteria. 
Using a CNN-based in silico model, the au-
thors accurately predicted and classified the 
various AD phases with 97.19% accuracy.
Another popular research area is recognizing 
the distinction between normal control (NC), 
MCI, and AD. Edward Challis et al. [33] used 
the Gaussian process classification of AD and 
MCI from resting-state fMRI. They tested the 
effectiveness of a particular multivariate sta-
tistical machine-learning technique for patient 
classification using patterns of resting-state 
functional connectivity in the brain. The ap-
plied model distinguished between amnesic 
mild cognitive impairment (CI) and healthy 
individuals with 75% accuracy and between 
AD and amnesic MCI subjects with 97% ac-
curacy. 
Qing Li et al. [34] tried multi-feature kernel 
discriminant dictionary learning to classi-
fy individuals without cognitive impairment 
(CI), MCI, and AD. They attained classifi-
cation accuracy of 98.18% when comparing 
CU to AD, 78.50% when comparing CU to 
MCI, and 74.47% when comparing MCI to 
AD. Overall, AI holds great promise for im-
proving our ability to stage AD and to devel-
op personalized treatment plans for patients 
at different stages of the disease. However, 
these approaches are still in the early steps of 
development and require further validation in 
larger, longitudinal studies. 

5. AD Biomarker Discovery

5.1. Blood-based Biomarkers
Researchers have identified several blood-
based biomarkers that are associated with AD, 
including levels of certain proteins and lipids 
[35]. 
Machine learning algorithms can be used to 
analyze large amounts of blood data to iden-
tify these biomarkers and predict the risk of 
developing AD. Yilmaz Ali et al. [36] carried 
out a study using machine learning and AI, to 
determine whether a group of plasma metabo-
lites can be utilized as a practicable tool for the 
diagnosis of AD and MCI. They used a meth-
od combining different statistical approaches 
of machine learning, liquid chromatography 
coupled with mass spectrometry (LC-MS), 
and proton nuclear magnetic resonance spec-
troscopy (1H NMR) to find a biomarker panel 
that could distinguish between patients with 
AD and MCI and healthy controls. Five of the 
212 analyzed metabolites were found to be the 
most useful in differentiating between AD or 
MCI from healthy controls. Lipid metabolism 
was found to be the most disrupted metabol-
ic process in MCI and AD by univariate and 
pathway analyses. 

5.2. Urine-based Biomarkers
AI can be used to analyze urine-based bio-
markers for AD. 
The effectiveness of urine metabolites as po-
tential markers of AD and MCI was inves-
tigated using a quantitative metabolomics 
technique that combined mass spectrometry 
and 1H NMR. To create biomarker panels 
that were assessed using logistic regression 
models and support vector machine (SVM) to 
diagnose AD phases, least absolute shrinkage 
and selection operator (LASSO) and correla-
tion-based feature selection (CFS) approach-
es were utilized. Eleven urine metabolites 
that were markedly changed in the urine of 
AD patients were malonate, N oxide, trime-
thylamine, tryptophan, 2-ketoisovalerate, 2- 
and 3-hydroxyisovalerate, cytosine, hippuric 
acid, urocanate, guanidinoacetate, and glu-
cose. With an accuracy of 81%, a specificity 
of 75%, and a sensitivity value of 76%, these 
markers were also capable of detecting MCI 
[37].
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5.3. MRI-based Biomarkers
Machine learning algorithms can be used to 
analyze MRI data to identify subtle changes 
in brain structure that are indicative of AD. 
Recently, machine learning techniques have 
been used to identify biomarkers associat-
ed with magnetic resonance (MR) for the in 
vivo differential diagnosis of AD. Using an 
improved machine learning algorithm, Chris-
tian Salvatore et al. [38] analyzed 162 healthy 
controls, 134 MCInc, 76 MCIc, and 137 AD 
patients from the Alzheimer’s disease neu-
roimaging project (ADNI) cohort. Voxels of 
the cerebellum, precuneus, cerebellum, gyrus 
rectus, basal ganglia, entorhinal cortex, and 
hippocampus are all crucial areas known to 
be heavily engaged in the pathophysiological 
mechanisms of AD, influenced the classifi-
cation between these AD-related pre-clinical 
phases. Based on the identified biomarkers, 
the classification accuracy was 66% for MCIc 
vs. MCInc, 72% for MCIc vs. CN, and 76% 
for AD vs. CN. This type of AI-based MRI 
biomarker detection has the potential to great-
ly improve early diagnosis and treatment of 
AD, as it can detect subtle changes in the 
brain that are invisible to the human eye.

6. AD Drug Discovery
AI has the potential to significantly accelerate 
the drug discovery process for AD. By analyz-
ing vast amounts of data and simulating the 
effects of potential drugs, AI can help identify 
new drug targets and accelerate the develop-
ment of effective treatments for this devastat-
ing disease [39]. Three steps of the early drug 
discovery process (target identification, lead 
generation and optimization, and preclinical 
development) have all seen the use of AI. In 
target discovery, AI-based techniques have 
been applied to combine diverse data sets and 
find patterns that help comprehend the molec-
ular processes that underlie diseases and ther-
apeutic actions. AI algorithms help the auto-
mation and optimization of novel drug design 
processes and enhance scoring functions and 
quantitative structure-activity relationship 
(QSAR) models in virtual screening pipe-
lines for lead generation and optimization. 
By effectively analyzing a huge quantity of 
chemical data, AI techniques are used in pre-
clinical research to produce predictive mod-

els of physicochemical qualities and further 
optimize excretion metabolism distribution, 
and absorption profiles [40]. 
7. Limitations
Despite the many promising applications of 
AI in medical sciences, there are also chal-
lenges, including the need for large amounts 
of high-quality data and concerns around 
patient privacy and data security. Theoret-
ically, adding more features should result in 
predictions that are more accurate, however 
repeatedly combining multiple data types for 
multi-modal representation can add irrelevant 
information and have a negative impact on 
the model's performance if done incorrectly. 
Some data modalities introduce noise to the 
subject representation since they are not ap-
propriate for representing AD patients. Ad-
ditionally, there is no assurance that adding 
more data modalities would lead to 100% pre-
diction accuracy, fully representative model-
ing, or a comprehensive understanding of the 
disease [16, 41].

Conclusion

In conclusion, the integration of AI into med-
ical sciences has brought about a new era in 
healthcare, and the field of neurodegenera-
tive disorders has particularly benefitted from 
these advances. With the ability to analyze 
vast amounts of medical data from various 
sources, including medical images, genetic 
information, clinical records, EEG signals, 
quantifiable proteins in CSF, blood and urine, 
driving behaviors, etc., AI has the potential to 
revolutionize diagnosis, prediction, and per-
sonalized treatment of AD. AI algorithms can 
help healthcare professionals to reach an early 
diagnosis, predict and monitor disease pro-
gression, classify the disease, find new bio-
markers and drugs, and personalize treatment 
plans. Nonetheless, the potential benefits of 
AI in medical sciences are significant, and AI 
will likely play an increasingly important role 
in healthcare in the coming years.

Conflict of Interest

None.



6 GMJ.2023;12:e3061
www.gmj.ir

Ghasempour Dabbaghi KH, et al. Artificial Intelligence and Alzheimer’s Disease Artificial Intelligence and Alzheimer’s Disease Ghasempour Dabbaghi KH, et al.

focus on machine learning techniques. Artif 
Intell Med. 2021;117:102081. 

15. Myszczynska MA, Ojamies PN, Lacoste AM, 
Neil D, Saffari A, Mead R et al. Applications 
of machine learning to diagnosis and treat-
ment of neurodegenerative diseases. Nat Rev 
Neurol. 2020;16(8):440-56. 

16. Fabrizio C, Termine A, Caltagirone C, 
Sancesario G. Artificial intelligence for 
Alzheimer’s disease: promise or challenge? 
Diagnostics. 2021;11(8):1473. 

17. Tang X. The role of artificial intelligence 
in medical imaging research. BJR| Open. 
2019;2(1):20190031. 

18. Fazal MI, Patel ME, Tye J, Gupta Y. The 
past, present and future role of artificial 
intelligence in imaging. Eur J Radiol. 
2018;105:246-50. 

19. Chang C-H, Lin C-H, Lane H-Y. Machine 
learning and novel biomarkers for the diag-
nosis of Alzheimer’s disease. Int J Mol Sci. 
2021;22(5):2761. 

20. Ryzhikova E, Ralbovsky NM, Sikirzhytski V, 
Kazakov O, Halamkova L, Quinn J et al. Ra-
man spectroscopy and machine learning for 
biomedical applications: Alzheimer’s disease 
diagnosis based on the analysis of cerebrospi-
nal fluid. Spectrochim Acta A Mol Biomol. 
2021;248:119188. 

21. Ficiarà E, Boschi S, Ansari S, D'Agata F, 
Abollino O, Caroppo P et al. Machine Learn-
ing Profiling of Alzheimer's Disease Pa-
tients Based on Current Cerebrospinal Fluid 
Markers and Iron Content in Biofluids. Front 
Aging Neurosci. 2021;13:607858. 

22. de la Fuente Garcia S, Ritchie CW, Luz S. 
Artificial intelligence, speech, and language 
processing approaches to monitoring Alzhei-
mer’s disease: a systematic review. J Alzhei-
mer's Dis. 2020;78(4):1547-74. 

23. König A, Satt A, Sorin A, Hoory R, Tole-
do-Ronen O, Derreumaux A et al. Automatic 
speech analysis for the assessment of patients 
with predementia and Alzheimer's disease. 
Alzheimers Dement. 2015;1(1):112-24. 

24. Fristed E, Skirrow C, Meszaros M, Lenain 
R, Meepegama U, Papp KV et al. Lever-
aging speech and artificial intelligence to 
screen for early Alzheimer’s disease and 
amyloid beta positivity. Brain Commun. 
2022;4(5):fcac231. 

25. Rasmussen J, Langerman H. Alzheimer’s dis-
ease–why we need early diagnosis. Degener 

1. Hasani N, Morris MA, Rahmim A, Summers 
RM, Jones E, Siegel E et al. Trustworthy ar-
tificial intelligence in medical imaging. PET 
clinics. 2022;17(1):1-12. 

2. Malik P, Pathania M, Rathaur VK. Overview 
of artificial intelligence in medicine. Fam 
Med Prim. 2019;8(7):2328. 

3. Karimi A, HaddadPajouh H. Artificial 
intelligence, important assistant of scien-
tists and physicians. Galen Medical Journal. 
2020;9:e2048-e. 

4. Kaul V, Enslin S, Gross SA. History of arti-
ficial intelligence in medicine. Gastrointest 
Endosc. 2020;92(4):807-12. 

5. Briganti G, Le Moine O. Artificial intelli-
gence in medicine: today and tomorrow. 
Front Med. 2020;7:27. 

6. Hansson O. Biomarkers for neurodegenera-
tive diseases. Nat Med. 2021;27(6):954-63. 

7. Wilson DM, Cookson MR, Van Den Bosch 
L, Zetterberg H, Holtzman DM, Dewachter 
I. Hallmarks of neurodegenerative diseases. 
Cell. 2023;186(4):693-714. 

8. Dugger BN, Dickson DW. Pathology of neu-
rodegenerative diseases. Cold Spring Harb. 
2017;9(7):a028035. 

9. Terreros-Roncal J, Moreno-Jiménez E, Flor-
García M, Rodríguez-Moreno C, Trinchero 
MF, Cafini F et al. Impact of neurodegener-
ative diseases on human adult hippocampal 
neurogenesis. Science. 2021;374(6571):1106-
13. 

10. Scheltens P, De Strooper B, Kivipelto 
M, Holstege H, Chételat G, Teunissen 
CE et al. Alzheimer's disease. Lancet. 
2021;397(10284):1577-90. 

11. Srivastava S, Ahmad R, Khare SK. Alzhei-
mer’s disease and its treatment by different 
approaches: A review. Eur J Med Chem. 
2021;216:113320. 

12. Dubois B, Villain N, Frisoni GB, Rabinovi-
ci GD, Sabbagh M, Cappa S et al. Clinical 
diagnosis of Alzheimer's disease: recommen-
dations of the International Working Group. 
Lancet Neurol. 2021;20(6):484-96. 

13. El-Sappagh S, Alonso JM, Islam S, Sultan 
AM, Kwak KS. A multilayer multimodal 
detection and prediction model based on 
explainable artificial intelligence for Alzhei-
mer’s disease. Sci Rep. 2021;11(1):1-26. 

14. Tăuţan A-M, Ionescu B, Santarnecchi E. 
Artificial intelligence in neurodegenerative 
diseases: A review of available tools with a 

References



GMJ.2023;12:e3061
www.gmj.ir

76 GMJ.2023;12:e3061
www.gmj.ir

Artificial Intelligence and Alzheimer’s Disease Ghasempour Dabbaghi KH, et al.

Neurol Neuromuscul Dis. 2019:123-30. 
26. Liu X, Chen K, Wu T, Weidman D, Lure F, 

Li J. Use of multimodality imaging and arti-
ficial intelligence for diagnosis and prognosis 
of early stages of Alzheimer's disease. Transl 
Res. 2018;194:56-67. 

27. Chen H, Li W, Sheng X, Ye Q, Zhao H, Xu Y 
et al. Machine learning based on the multi-
modal connectome can predict the preclinical 
stage of Alzheimer’s disease: a preliminary 
study. Eur Radiol. 2022;32:448-59. 

28. Wolz R, Julkunen V, Koikkalainen J, Ni-
skanen E, Zhang DP, Rueckert D et al. 
Multi-method analysis of MRI images in ear-
ly diagnostics of Alzheimer's disease. PLoS 
One. 2011;6(10):e25446. 

29. Zhang T, Liao Q, Zhang D, Zhang C, Yan J, 
Ngetich R et al. Predicting MCI to AD con-
versation using integrated sMRI and rs-fMRI: 
machine learning and graph theory approach. 
Front Aging Neurosci. 2021;13:688926. 

30. Zhao X, Ang CKE, Acharya UR, Cheong 
KH. Application of Artificial Intelligence 
techniques for the detection of Alzheimer’s 
disease using structural MRI images. Biocy-
bern Biomed Eng. 2021;41(2):456-73. 

31. Eskildsen SF, Coupé P, García-Lorenzo D, 
Fonov V, Pruessner JC, Collins DL et al. 
Prediction of Alzheimer's disease in subjects 
with mild cognitive impairment from the 
ADNI cohort using patterns of cortical thin-
ning. Neuroimage. 2013;65:511-21. 

32. Ghosh R, Cingreddy AR, Melapu V, 
Joginipelli S, Kar S. Application of artificial 
intelligence and machine learning techniques 
in classifying extent of dementia across alz-
heimer's image data. IJQSPR. 2021;6(2):29-
46. 

33. Challis E, Hurley P, Serra L, Bozzali M, 
Oliver S, Cercignani M. Gaussian process 
classification of Alzheimer's disease and 
mild cognitive impairment from resting-state 
fMRI. Neuroimage. 2015;112:232-43. 

34. Li Q, Wu X, Xu L, Chen K, Yao L, Initiative 
AsDN. Classification of Alzheimer's disease, 
mild cognitive impairment, and cognitively 

unimpaired individuals using multi-feature 
kernel discriminant dictionary learning. Front 
Comput Neurosci. 2018;11:117. 

35. German DC, Gurnani P, Nandi A, Garner 
HR, Fisher W, Diaz-Arrastia R et al. Serum 
biomarkers for Alzheimer's disease: pro-
teomic discovery. Biomed Pharmacother. 
2007;61(7):383-9. 

36. Yilmaz A, Ustun I, Ugur Z, Akyol S, Hu 
WT, Fiandaca MS et al. A Community-based 
study identifying metabolic biomarkers 
of mild cognitive impairment and Alzhei-
mer’s disease using artificial intelligence 
and machine learning. J Alzheimer's Dis. 
2020;78(4):1381-92. 

37. Yilmaz A, Ugur Z, Bisgin H, Akyol S, Baha-
do-Singh R, Wilson G et al. Targeted meta-
bolic profiling of urine highlights a potential 
biomarker panel for the diagnosis of Alzhei-
mer’s disease and mild cognitive impairment: 
a pilot study. Metabolites. 2020;10(9):357. 

38. Salvatore C, Cerasa A, Battista P, Gilardi 
MC, Quattrone A, Castiglioni I et al. Mag-
netic resonance imaging biomarkers for the 
early diagnosis of Alzheimer's disease: a 
machine learning approach. Front Neurosci. 
2015;9:307. 

39. Ai R, Jin X, Tang B, Yang G, Niu Z, Fang 
EF. Ageing and alzheimer’s disease: Appli-
cation of artificial intelligence in mechanistic 
studies, diagnosis, and drug development.  
Artif Intell Med Springer. 2021; p: 1-16.

40. Vatansever S, Schlessinger A, Wacker D, 
Kaniskan HÜ, Jin J, Zhou MM et al. Artifi-
cial intelligence and machine learning-aided 
drug discovery in central nervous system dis-
eases: State-of-the-arts and future directions. 
Med Res Rev. 2021;41(3):1427-73. 

41. Farooq A, Anwar S, Awais M, Alnowami M. 
Artificial intelligence based smart diagnosis 
of Alzheimer's disease and mild cognitive 
impairment. In2017 International Smart cities 
conference (ISC2) 2017 Sep 14 (pp. 1-4). 
IEEE.


