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Evaluating Performance of EEG Data-Driven Machine Learning for Traumatic Brain Injury Classification






ABSTRACT
Objectives: Big data analytics can potentially benefit the assessment and management of complex neurological conditions by extracting information that is difficult to identify manually. In this study, we evaluated the performance of commonly used supervised machine learning algorithms in the classification of patients with traumatic brain injury (TBI) history from those with stroke history and/or normal EEG. Methods: Support vector machine (SVM) and K-nearest neighbors (KNN) models were generated with a diverse feature set from Temple EEG Corpus for both two-class classification of patients with TBI history from normal subjects and three-class classification of TBI, stroke and normal subjects. Results: For two-class classification, an accuracy of 0.94 was achieved in 10-fold cross validation (CV), and 0.76 in independent validation (IV). For three-class classification, 0.85 and 0.71 accuracy were reached in CV and IV respectively. Overall, linear discriminant analysis (LDA) feature selection and SVM models consistently performed well in both CV and IV and for both two-class and three-class classification. Compared to normal control, both TBI and stroke patients showed an overall reduction in coherence and relative PSD in delta frequency, and an increase in higher frequency (alpha, mu, beta and gamma) power. But stroke patients showed a greater degree of change and had additional global decrease in theta power. Conclusions: Our study suggests that EEG data-driven machine learning can be a useful tool for TBI classification. Significance: Our study provides preliminary evidence that EEG ML algorithm can potentially provide specificity to separate different neurological conditions. 

                      
                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM
· Machine learning approaches such as support vector machine (SVM), decision tree (DT), artificial neural network (ANN) have also been used to classify TBI. 
· Most existing machine learning models use inputs from various brain imaging techniques to classify TBI patients. 
· In contrast, here, we directly use EEG for classification as the ultimate goal is to build a portable system which will be capable of detecting mTBI via EEG assessment in a field-based scenario. 
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· It also needs to be noted that almost all models published for TBI classification utilized supervised learning. 
· However, one of the challenges in the detection and monitoring of TBI is the lack of an early and sensitive outcome measure. 
· This restrains the performance of classifiers within our current knowledge breadth. McCrea et al.  reported that an EEG-based algorithm could potentially be more sensitive than conventional neurocognitive assessment in monitoring the recovery from TBI. 
· Our own study in mice also suggests EEG changes can be observed without an apparent neuroinflammatory reaction . 
· Therefore, in the future, an unsupervised approach can be explored to mitigate this limitation
2.2. PROPOSED SYSTEM 
· An identical Conv-Pool combination repeats after that, giving the output to a batch-normalization layer then to 40 neurons of dense layer with L1 regularization equal to 0.001. 
· Here, we use categorical cross-entropy with the Adam optimizer and early stopping of 50 epochs for training. 
· Although other works proposed (for different tasks) deeper networks, avoiding manual feature extraction layers, yet our initial experiments showed leveraging decibel normalization method on the features significantly helps generalize the model . 
· A large domain mismatch between train and test sessions makes this normalization method crucial.
2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· EEG has advantages of being noninvasive, easy-to-use, portable and cost effective. However, when applied to TBI research, EEG yields mixed results in the literature. 
· Views on the clinical significance of EEG in TBI assessment are historically controversial . 
· Studies have shown significant differences in EEG-based power spectra data between mild TBI and normal groups while other studies report no such distinction. 
· Researchers have also evaluated post-TBI changes in connectivity and entropy . 

Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Electrophysiologic recordings in traumatic brain injury
	Schmitt, S. and M.A. Dichter, 
	 In humans, the EEG changes associated with mild TBI are relatively subtle and may be challenging to distinguish from EEG changes seen in other conditions.

	Traumatic brain injury detection using electrophysiological methods
	Rapp, P.E., et al., 
	A study was conducted to summarize and evaluate the statistical rigor of evidence on the overall utility of qEEG as an mTBI detection tool.

	Routine and quantitative EEG in mild traumatic brain injury
	Nuwer, M.R., et al., 
	There are no clear EEG or QEEG features unique to mild traumatic brain injury. Late after head injury, the correspondence is poor between electrophysiologic findings and clinical symptoms.

	Clinical electrophysiologic assessments and mild traumatic brain injury: state-of-the-science and implications for clinical practice
	Arciniegas, D.B., 
	Effective and appropriate use of EEG and qEEG in this context requires expert-level knowledge of these technologies, mTBI, and the differential diagnosis for postconcussive symptoms.







2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.




2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard

2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005














CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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                                                      CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 
















                               CHAPTER 5
CONCLUSION:
This study demonstrates that ML models built upon qEEG features and demographic information extracted from existing public databases could distinguish between TBI and normal patients with up to 0.94 accuracy and 0.94 sensitivity in CV and 0.76 accuracy and 0.80 sensitivity in IV. With the addition of a cohort of stroke patients, these models were able to outperform a theoretical model that could only detect changes between normal and abnormal EEGs. In fact, further investigation into the best three-class models showed it distinguished stroke with the highest precision. Feature selection method appears to play the most important role in the performance of models. 
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