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Question 1
1a

	Attribute
	Test values
	OSA = Yes
	OSA = No

	BMI group
	Medium
	4/9
	1/5

	Age group
	Lower
	6/9
	1/5

	Gender
	Male
	6/9
	1/5



Overall likelihood of being classified with OSA = 9/14
Overall likelihood of being classified without OSA = 5/14

Probability of having OSA with the given test values

Probability of not having OSA with the given test values

Therefore, the person is more likely to have OSA than not have it.
1b
The Naïve Bayes method generates increasingly small numbers as the number of attributes increasing as the probabilities are all fractions. A solution is to represent the probabilities as logarithmic probabilities. This allows the probabilities to be a value between 0 and ∞ rather than between 0 and 1, resulting in larger, more manageable outputs from the equation.

Question 2 is on the next page.


Question 2
2a
Uniformed search – uninformed search algorithms traverse the search space without any further information about the goal other than what it is. This means they visit all the nodes until the goal is found. An example of an uniformed search algorithm is Dijkstra.
Informed search – informed search gains further knowledge about the goal using heuristics. These allow the algorithm to make an informed decision about which node to visit next. A-star is an example of an informed algorithm.
2b
Dijkstra is a greedy search that chooses the best path available to it at each stage of the algorithm. It uses the ‘cost’ on each edge for these calculations.
The algorithm maintains an ‘open’ list of nodes that have been evaluated and a ‘closed’ list of nodes that have been moved to. At each node, it calculates the ‘cost’ to get from the original start node to each of the nodes adjacent to the current one. The nodes and their costs are added to the ‘open’ list. The node with the shortest path is then chosen from the ‘open’ list, and this becomes the current node. It is then moved to the ‘closed’ list. This process is repeated until the goal is found or all nodes have been visited.
If a priority queue is used for storing the lists, the time complexity of the algorithm is O(|E|+|V|log|V|), where |V| is the number of vertices and |E| is the number of edges, as the cost can be used as the priority and the element with the lowest priority can be chosen each time.
If a list or array is used for storing the lists, the complexity is O(|V|2). This increase in time is due to lists and arrays not being sorted data structures, and therefore each element needs to be checked to find the node with the lowest ‘cost’. 
2c
Dijkstra’s algorithm can be adapted to A-star through the addition of a heuristic. This heuristic estimates the distance from the current node to the goal, and allows the calculation of an estimated cost to reach the goal from the starting node. The formula used for calculating this cost is:

Where:
· f = the total estimated cost of reaching the goal
· g = the distance between the current node and the start node
· h = the heuristic (i.e. the estimated distance from the current node to the goal)
2d
PTO
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Question 4
4a
Supervised learning uses labelled datasets to create a predictive model, whereas unsupervised learning uses unlabelled datasets. 
The process for creating a supervised predictive model is as follows.
1. Split the dataset into training and testing datasets
2. Extract the feature vectors from the training dataset
3. Label the vectors from the training dataset
4. Create a dataset based on the labelled vectors and their features
5. Feed this dataset into the machine learning (ML) algorithm
6. Use the predictive model created by the ML algorithm, and feed in the testing dataset
7. Review the labelled test data for correctness
The unsupervised process is the same, but step 3 (labelling the vectors) does not take place.
4b
The Naïve Bayes ML algorithm is an example of supervised ML. It relies on the probability of the features being labelled (e.g. probability of a win). K-means is unsupervised, as the data are clustered based on their similarity to one another. All the user needs to provide is the k value (the number of clusters), the distance metric, and the initial centroid positions. 
4c
In contrast to the McCulloch-Pitts neuron, the Rosenblatt perception neuron is able to ‘learn’. The synaptic weights that are applied to the inputs are what allow this to be possible. Positive weightings indicate an excitatory input, whereas negative weighting indicate an inhibitory input.
4d
	Input
	Value
	Weighting
	Result

	x1
	0.8
	0.1
	

	x2
	-0.22
	-0.4
	

	x3
	0.12
	0.22
	



Sum of results plus bias = 
	ReLU function
	Sigmoid function

	


	





ReLU is sometimes preferred to the logistic function because it is quick to calculate, it does not saturate for positive values, and it does not suffer from the ‘vanishing gradients’ problem where the output plateaus.
2
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