Question ONE

1a. Classification using Naïve Bayes classifier using age, gender and BMI – which classification OSA or not OSA is more likely for the individual (20)
Naïve Bayes probability is a conditional probability based on Bayes theorem stating that
Posterior=(Prior x Likelihood)/Evidence
Naïve Bayes is used for classification (unsupervised machine learning) in problems where we are trying to measure the probability of an event occurring given that another event or set of events/features have already occurred. The presumptions it makes are that each feature is independent form the others and they all contribute equally to the outcome.
P(A|B1, B2, …Bn)=P(A)P(B1|A, B2|A… Bn|A)
We ignore the denominator as it will be the same for the ‘yes’ and ‘no’ calculation.

P(OSAyes)=9/14 (overall probability for OSA to be =yes out of the training data)
P(OSAno)=5/14 (overall probability for OSA to be =no out of the training data)

P(x)=(BMIgroup=medium, AGEgroup=lower, gender=male)
P(X for OSAyes)=(4/9)*(6/9)*(6/9)*(9/14)
P(x yes)=0.4444444444*0.6666666667*0.6666666667*0.6428571429
P(x yes)=0.126984127 or 0.1270

P(X for OSAno)=(1/5)*(1/5)*(1/5)*(5/14)
P(x no)=0.2*0.2*0.2*0.3571428571
P(x no)=0.0028571429 or 0.0028

Using the Naïve Bayes model, we have calculated the probability for ‘OSA yes’ for this particular individual (i.e. looking at the features of their gender, age and BMI group) as higher (0.1270) compared to the probability for ‘OSA no’, which is lower (0.0028). We can deduct therefore that the individual in question is more likely to have an elevated likelihood of OSA.
Naïve Bayes must be treated with caution as in real life it is hard to determine if features are really mutually independent and if they all contribute equally to the outcome.
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1b. The probability values are very small and this can lead to numerical errors. What method can overcome this and how can we achieve this (5)
To overcome the problem of numerical errors, the data values used for the probability calculations can be logarithmic values - the values 0 to 1 from the normal data set can be mapped to a -inf to 0 range. This way the smaller the probability value was in the original set, the larger it will appear on the logarithmic set.

Question TWO
2a: In informed search the space to be explored and the goal/target are both known. With uninformed search we only know the goal, but not the space.
2b) Dijkstra’s algorithm is an example of uninformed search where the shortest path is found within a space. It is often presented as a graph with edges labelled with the cost of traversal/distance between the nodes. Dijkstra’s algorithm needs two lists: open and closed list. The open list holds the list of all visited nodes, while the closed list holds the nodes selected for the shortest path. It also has to keep track of the starting node, current node and visited nodes. For example, if the starting node is node A, the information we will hold for this node in Dijkstra’s algorithm will be the cost to get to this node/the distance travelled and the previous node, to indicate the path to get here. For the starting node, the distance travelled will be 0 and the previous node will the same as the starting node as this is the first one visited. This starting node becomes the current node for consideration, which is loaded into the open list when visited, and then transferred into the closed list. The next nodes for consideration will be then loaded into the open list, together with the cost/distance travelled and their previous node- in this case the starting node. The open list will hold the nodes in order of shortest distance/cost first, as this will be the one selected from the open list to be transferred to the closed list. The closed list becomes the shortest path when the target is reached, and all nodes are visited. The algorithm will explore all possible nodes, which can be both an advantage and a disadvantage, depending on whether we want to have this information or not. For example, if we are looking for multiple destinations, then Dijkstra’s algorithm is able to provide this information as all the nodes and the distances would be visited and all the possible paths with their associated cost/distance will be calculated and stored. However, if we only need 1 destination, Dijkstra’s implementation will be holding unnecessary information and will be too costly. 

2c) The A* algorithm is an example of an informed search where the distance travelled/cost associated with taking a certain path is considered together with its direction. A* calculates the distance/cost travelled together with an estimate for the distance between the current node and the destination. This distance can be Euclidian distance, which is added to the path cost. For example if the starting node is A and the node under consideration is B, it will not only look for the cost/distance between A and B, but will add to it the estimated distance between the current node A and the destination Z. The rest of the operation of the algorithm is the same as Dijkstra’s. 

2d) Dijkstra’s implementation (12)
	
	
	
	
	

	Iteration
	Closed List
	Open list

	1
	A(0, A)
	G(9, A)
	B(24, A)
	 

	2
	G(9,A)
	E(19.5, G)
	B(24, A)
	H(36, G)

	3
	E(19.5, G)
	B(24, A)
	F(27.9, E)
	H(36, G)

	4
	B(24, A)
	F(27.9, E)
	H(36, G)
	C(36.3, B)

	5
	F(27.9, E)
	H(36, G)
	C(36.3, B)
	 

	6
	H(36, G)
	C(36.3, B)
	D(45.3, H)

	7
	C(36.3, B)
	D(45.3, H)
	 

	8
	D(45.3, H)
	 
	 
	 



 The shortest path can be retraced from the destination back to the origin – or from D to A as follows:  D (45.3, H), H(36, G), G(9.A), A(0, A)

Question THREE
3a)

3b) The terminating condition (TC) in a genetic algorithm (GA) can help us establish if the goal has been reached.
The terminating condition for a genetic algorithm (GA) can be used to assess the effectiveness solution (the other one is the fitness function). 
There can be different terminating conditions for genetic algorithms (GA): a solution is found that satisfies the minimum criteria, a fixed number of generations is reached, an allocated budget/time/resource was reached, the highest-ranking solution is reached/plateau, manual termination, combination of the above. The choice of terminating condition will depend on the problem to be solved and the overall limitation of resources; however, the effectiveness will depend on the chosen genetic algorithm and the solution.

We can consider some of the most common terminating conditions individually: 
TC1 – plateau is reach or no improvement has been observed in the population after a certain amount of iterations (example – K-Means). This terminating condition will indicate that an optimal solution has been reached and no further improvements/reduction in the loss function can be made. 
TC2 – 

Terminating criteria can be dangerous for certain problems when elitist GA is used. 

 







