PREDICTING BRAIN AGE USING MACHINE LEARNING ALGORITHMS A COMPREHENSIVE EVALUATION
ABSTRACT:
The rise of machine learning has unlocked new ways of analysing structural neuroimaging data, including brain age prediction. In this state-of-the-art review, we provide an introduction to the methods and potential clinical applications of brain age prediction. Studies on brain age typically involve the creation of a regression machine learning model of age-related neuroanatomical changes in healthy people. This model is then applied to new subjects to predict their brain age. The difference between predicted brain age and chronological age in a given individual is known as ‘brain-age gap’.
EXISTING SYSTEM:
· The main outcome measure in brain age prediction is the difference between an individual’s predicted age and their chronological age, which is referred to as ‘brain-age gap’ in the present review. 
· Studies of clinical groups typically estimate the mean brain-age gap across all patients and then either compare it to the mean brain-age gap of a control group or to zero, where predicted and chronological age are equal
Disadvantage of Existing System
· This outcome can be attributed to LSTM’s storing memory and solving the gradient vanishing problem
· CNN canautomatically notice and extract the appropriate internalstructure from a time series dataset to create in-depthinput features, using convolution and pooling operations.
· Also, CNN and LSTM algorithms are resilient to noisetolerance and accuracy for time-series classiﬁcation.
PROPOSED SYSTEM :
· Brain age models tend to be affected by regression to the mean, so the age of younger subjects is overestimated and the age of older subjects is underestimated. 
· Various statistical approaches have been proposed to correct for this age bias . Whether a study took age bias into account therefore is an important factor for their interpretation.

ADVANTAGE:
· Recent studies compared the performance of commonly used models like support vector regression and relevance vector regression to provide guidance on the most suitable model choices for brain age prediction however, as demonstrated by Wolpert  in what is known as the ‘no free lunch’ theorem for machine learning, the performance of different models will depend on the characteristics of the datasets, so there is no single best model for a certain task. 
· Nevertheless, in direct comparison to the commonly used shallow machine learning approaches like relevance vector regression, deep learning approaches appear to be comparable (MAE 4-5 years)  or superior (MAE 7-8 years versus MAE 5-6 years) 
LITRATURE REVIEW:
	TITTLE
	AUTHOR
	DESCRIPTION

	 Estimating the age of healthy subjects € from T1-weighted MRI scans using kernel methods: Exploring the influence of various parameters. 
	Franke K, Ziegler G, Kloppel S, Gaser C. 
	The early identification of brain anatomy deviating from the normal pattern of growth and atrophy, such as in Alzheimer's disease (AD), has the potential to improve clinical outcomes through early intervention. 

	‘‘Introduction to machine learning. In: Mechelli A, Vieira S, editors. Machine learning: Methods and applications to brain disorders. Academic Press
	Vieira S, Pinaya W, Mechelli A. 
	Machine Learning is an area of artificial intelligence involving the development of algorithms to discover trends and patterns in existing data. 

	Predicting age using neuroimaging: Innovative brain ageing biomarkers. Trends Neurosci 
	] Cole JH, Franke K
	The brain changes as we age and these changes are associated with functional deterioration and neurodegenerative disease. 

	Brain age predicts mortality.,
	Big data analytics
services for enhancing business intelligence,
	Age-associated disease and disability are placing a growing burden on society. However, ageing does not affect people uniformly.



INTRODUCTION :
· Ageing and its associated health conditions present a major challenge to individuals and societies worldwide.
·  To address this challenge, increasing efforts are being made towards the early detection of age-related diseases with the ultimate aim of preventing or delaying their progression. 
· The effects of ageing on the brain can be measured through an approach known as brain age prediction, which builds on the well-established relationship between age and neuroanatomy across the lifespan
· The past decade has seen an exponential increase in studies on brain age .
· The majority of these involve the application of machine learning methods to structural neuroimaging data.
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CONCLUTION :
· The increasing recognition of the clinical potential of brain age prediction has led to an exponential increase in the number of patient studies, but it has not been translated to clinical practice yet. 
· Its clinical implementation will require greater evidence of clinical utility and cost-effectiveness, as well as translation of current machine learning models into practical and acceptable tools that can be used by clinicians without specialised methodological expertise.
·  To this end, the brain-age gap of an individual patient could be integrated within personalised reports of online clinical tools
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