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1a
Overall POSAY = 9/14
Overall POSAN = 5/14
P(BMIMed) = 5/14
P(AgeL) = 7/14
P(Male) = 7/14

BMIMed│OSAY = 4/9 
	P(OSAY│BMIMed) = (4/9) * (5/14) / (9/14) = 0.2469
AgeL│OSAY = 3/9
	P(OSAY│AgeL) = (3/9) * (7/14) / (9/14) = 0.2592
Male│OSAY= 6/9
	P(OSAY│Male) = (6/9) * (7/14) / (9/14) = 0.5185

BMIMed│OSAN = 1/5
	P(OSAN│BMIMed) = (1/5) * (5/14) / (5/14) = 0.28
AgeL│OSAN = 1/5
	P(OSAN│AgeL) = (1/5) * (7/14) / (5/14) = 0.3571
Male│OSAN = 1/5
	P(OSAN│Male) = (1/5) * (7/14) / (5/14) = 0.3571

OSAY = (4/9)*(3/9)*(6/9)*(9/14) = 0.6429
OSAN = (1/5)*(1/5)*(1/5)*(5/14) = 0.0029
P(OSAY) = 0.6429 / (0.6429 + 0.0029) = 0.9955
[bookmark: _Hlk92791659]P(OSAN) - 0.0029 / (0.6429 + 0.0029) = 0.0045


P(Yes│X) = 99.5%
P(No│X) = 0.005%
Therefore, individual is classified as OSA given the training data in table 1.

1b
Multiplying many probabilities together, particularly when there is a very large number of input variables, can result in very small numbers which can lead to numerical errors. A commonly used solution is known as the “log-trick”, which uses the sum of log probabilities. The natural logarithm of probabilities creates larger negative numbers, and when they are added together, the result will be closer to zero. It still provides values that can be compared and used to give inputs a class label, but helps to “stabilise” the calculation.

3a
Algorithm:GA()
//Initialise Generation 0 (k):
k:=0
Pk:= population of n number of randomly-generated individuals
//Generate n structures of ordered fixed length string
S(0) = {s(1,0),…s(M,0)
// Compute fitness for each member of Pk
Total fitness = 0
FOR i = 1 to M DO
//i is current structure, calculate fitness
TotalFitness = TotalFitness + fitness(i,k)
ENDFOR 
FOR i=1 TO M DO
	//selection probability calculation for string
	P(i,k) = fitness(i,k) / TotalFitness
ENDFOR
//Create new generation (k+1) based on highest selection probability
RouletteWheelSelection for n members of Pk = p(i,k);
//Copy high selection ranked members into Pk+1 using roulette wheel selection
Select n members of p(i,k); insert into Pk+1;
//Crossover operation to create offspring, insert into Pk+1
Select n members of p(i,k); CrossoverOperation; insert offspring into Pk+1;
//Mutate operation, insert into Pk+1
Select n members of p(i,k); randomly change one character in string; insert into Pk+1;
//Increment generation number
K := k + 1
UNTIL (k>specified limit)
END
3b
There are a number of commonly used terminating conditions that can be used in a Genetic Algorithm (GA). Selecting a termination condition is highly problem specific. One simple method is to terminate the algorithm after a set number of generations. One problem with this method is that it requires some knowledge about the problem in order to make a sensible prediction about the number of generations that might be required to solve the problem.
Another method is to terminate when an upper limit of the fitness function is reached. If the fitness criteria is met, or is within a specified limit, then the algorithm will terminate. This has a similar problem, in that it requires knowledge about the problem to be able to set appropriate fitness functions. A poorly designed fitness function may bottleneck an algorithm, and fitness functions in general can be very computationally expensive. However, a fitness function that is clearly defined and generates intuitive results (that is, gives good scores to good candidates and vice versa) can be used to terminate an algorithm when a good solution is found.
Fixed parameters, such as those discussed above are no longer considered desirable as they are very simplistic. The algorithm could instead be terminated when the chance of achieving significant changes in a new generation is calculated to be very low. This is useful where the knowledge of the problem or an ideal solution is difficult to define. Over time, the members of a genetic algorithm will become more and more similar to each other as they become more and more “fit”. This method detects when the chromosomes in a population are approaching a specified level of convergence, and will terminate. For more simple data or problems, no improvements in x number of generations may be sufficient as a termination condition instead.
Use of fuzzy logic to establish a terminating condition has been suggested for use, which would provide a more sophisticated method.
3c
Parent 1: 18456732
Parent 2: 35897162
Offspring 1: 18897132
Offspring 2: 35456762

3d
Offspring 1
(1+7) - (5+8-9)-1+3+2 = 8
Offspring 2
(3+6) - (5+4-5)-7+6+2 = 6
Offspring 1 is considered the fitter candidate, assuming a greater score means greater fitness.
4a
Supervised learning is a machine learning approach that uses labelled datasets. The labelled datasets train algorithms into producing and predicting outcomes accurately over time. Supervised learning can be used to classify data into categories (classification) or learn about the relationship between variables (regression). The goal is to predict outcomes for new data, and the results should be “expected” based on what is already known about the training data.
A supervised learning method will take accurately labelled data, make predictions (e.g this email is spam or not spam), and then make corrective adjustments to the underlying calculations based on the output. It requires training to understand the correlations in the data and will calculate based on this prior data whether a new input belongs to a class (for example). If the output is not what is expected (output=spam, but the email was not spam), then it will make adjustments to the calculations until all outputs are as expected.
Unsupervised learning is used to analyse unlabelled datasets. The machine learning algorithms will discover patterns in the data without any human intervention: they do not need to be “trained” and do not need any other knowledge to be able to run. They can be used to “cluster” data, as with the k-means algorithm, or can find associations between variables. The goal is to gain new insights on the data that has been used, based on what the machine learning has determined itself to be “important”.
Unsupervised learning methods take unlabelled data and work to uncover the underlying “structure” of it. It might, for example, move datapoints into groups of similar values.
4b
Naïve Bayes is considered to be a supervised learning method. It is trained using labelled data that has already been assigned classes by a user, in order to be able to take future data and make accurate predictions about the probability new data might belong to a class. It would not be possible to calculate probability for a value if the data is not labelled, and therefore is considered “supervised”.
Conversely, k-means clustering is an unsupervised learning method. The algorithm finds natural groups of similar datapoints within the dataset with no prior training. The datapoints are assigned to clusters, and there is no prior knowledge, or labels necessary required for the algorithm to be able to do this. The method is therefore an unsupervised method, because it does not require labelled data to function.
4c
The synaptic weight in a perceptron is an indicator of the strength of a connection between the input signals and the summing junction. The aim is to ensure that “important” inputs for an outcome carry a greater weight than less important ones. The neural network will make adjustments to these weights based on whether the outcome of the perceptron calculations classify data correctly or incorrectly. The idea is based on the biological premise that “neurons that fire together, wire together”, so a large input signal should result in a large output signal.
4d
Y = x.w+b
Y = (0.8*0.1)+(-0.22*-0.4)+(0.12*0.22)+0.3 = 0.4944
Y= 0.4944
ReLU = (max(0,y))
Max(0,0.4944) = 0.4944
Log function = ∅(𝒚) =1 / (1+e-y)
1 / (1+e-0.4944) = 0.6211
The use of ReLU is often preferred over Log function because it is more similar to how a neuron works in the biological sense: a neuron is not activated until it reaches a threshold. It therefore makes sense for any returned value before the point of activation to be zero. 
This is not the case for log function, which is a curve and “squashes” values. This can lead to “vanishing” gradients because the output is not zero centred. Using the logistic function also takes up additional computation time, making it inefficient when there are many hidden layers in a neural network. The ReLU solves both of these problems. However, it is not perfect: some gradients in a network can “die” when ReLU is used because when the gradient is 0, the weights will not be adjusted, and the neurons will not respond to changes in input: the gradient is 0 and so nothing changes.
