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Abstract
Over the years, Neural Networks and Naïve Bayes have been used in machine learning and pattern recognition. Numerous concepts have been used in classifying and understanding machines. Neural Networks can be designed like the human brain to aid in machine learning, but they can prevent individuals' daily lives. In this study, a comparison of Neural Networks and Naïve Bayes in machine learning will be focused on where different aspects of the theories will be discussed. Neural Networks and Naïve Bayes have been employed in various fields to study natural calamities using the occurrence rate of the hazards that affect human life. A comparison of Neural Networks and Naïve Bayes is essential as we try to understand different forms of machine learning. 
I. Introduction (Heading 1)

In machine study, a neural network can be described as an algorithm that singles out the underlying relationships of data by copying the operations of the human mind. It utilizes the system of neurons, either artificial or organic in nature. As such, the system operates by changing inputs that generate better results without redesign output criteria. It has its roots in artificial intelligence, and it is gaining popularity in developing trade systems. The model is computational and has a network architecture. Mostly, it is made of artificial neurons with specific parameters. And Individuals can modify the model by carrying out particular tasks aimed at changing the computation.  Naive Bayes is a learning algorithm with solid assumptions that factors are conditionally independent and grouped in classes. It uses the Bayes rule that employees strong independent assumptions among features. Naive Bayes is one of the simplest Bayesian network models that can be coupled with kernel density estimation to achieve high levels of accuracy. Naïve Bayes form part of the simplest Bayesian network models but can be associated with kernel density estimation. The combination of the two can give high accuracy than when it is used alone. Also, it can be coupled with other computational efficiency features and thus has allowed naïve Bayes to have wide use. This is because it provides a mechanism that uses simple data to estimate the probability of a set of data. The classification of data in naïve Bayes can be used in classification and other decision applications. For this paper, a comparison of the two models is conducted to determine which is better. 

II. background
The naïve Bayes model uses conditional probability and can be classified and represent variables and assign probabilities. Some naive Bayes include, Probabilistic model, Gaussian naïve Bayes, Multinomial naïve Bayes, and Bernoulli naïve Bayes. The benefit of this model is that it requires limited training of data for it to estimate parameters as are necessary for classification. This classifier uses the Bayes rule, which assumes conditional independence of traits of a class. The assumption used by Naïve Bayes simplifies the computation of the results and thus making it simpler to use. If the classifier holds are true, it is the most accurate classifier that can be used to classify data. When practicing, variables can exhibit dependencies, and thus naïve Bayes belief networks have joint conditional probability distributions. This gives room for variables to be defined between subjects. As such, a graphical model can be used to perform learning, and thus networks can be classified. It also believes that networks are belief networks. A belief network has two components: a conditional probability table and a directed acyclic graph, as shown below. 
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A belief network has a single conditional probability table in every variable, and each variable specifies conditional distribution symbolized by P (Y| Parents). The outputs in this classification are shown by a node that represents the class output node. As such, there can be more than one output node within a network. Due to these numerous nodes, various algorithms can be applied in the learning and inference of the applied network. Due to its applicability, the Naïve Bayes and its belief network have been used to model different known problems. As the mapping of genes, the genetic linkage analysis is a great example that used belief networks. 

Neural Networks are commonly used in the world of finance to aid in developing time series forecasting, trading algorithms, classification of securities, price derivatives, credit risks, and proprietary indicators.  Neural Networks are similar to the human mind, which uses a neural network. A neural network is collected and classifies information in relation to its construction. As Such, it bears a strong resemblance to statistical methods of analysis and representation. In its attempt to organize information, it connects nodes from layers of the network. Each node represents a perception that is similar to multiple linear regressions. This leads to an activation function that may be nonlinear.
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A sample of a neural network
The neural network has extensive approximation properties that enable it to approximate any function to any level of accuracy. As such, it finds its use in areas where computers do not fit well, especially in artificial intelligence. Because it uses inspiration from the human brain, it looks like one, characterized by many layers. Each layer has its specific function, and thus the more complex the network, the more the layers are, but the purest neural network has three main layers. That is the input layer, hidden layer, and output layer. Each has specific functions as indicated by their names. The hidden layers can be multiplied according to the requirements of the network. The function of the input layer is to pick up signals and transfer them to the next layer. This gathers information from the world and transfers it to the hidden layer, which performs all the back-end tasks. The output layer projects the results of the process. This makes it a more reliable form of classification of data. 
Conclusion
Due to the nature of applicability of the two models of data classification, Naïve Bayes classification assumes all features of the data are independent, and thus a posterior probability can be calculated, and it's easier. Though it seems simple, it is more complex due to the nature of every data classification. Each group is independent, and thus calculating and median, which can be applied to all groups, make it challenging and complex. Just like naïve Bayes classification, neural networks use multiple layers to classify data, and thus the application of the layer depends on the efficiencies of the user. More layers are used for efficiency in the neural network, but the most appropriate is three layers. If correctly used, these models give the most accurate classification results and thus can be recommended for use. 
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