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3.4.2 Predicting Student Performance Using Decision Trees 
Kiu [Kiu 2018] built two models using J48 DT which depends on divide and conquer approach to classify students based on their logged activities during their learning process in LMS to predict their final results. The second model outperformed the first model according to the following evaluation metrics: (1) precision of the first model was 0.858 versus that of the second model which was 0.632, (2) recall of the first model was 0.855 versus that of the second model which was 0.726, and (3) Fmeasure of the first model was 0.850 versus that of the second model which was 
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Figure 4.2 Supervised Learning 
Supervised learning is a subfield of ML in which the algorithm uses labeled training data and build a general function that can map from the inputs (training data) to the desired labeled output [Mohri et al., 2018]. This function is a mathematical model which represents the relation between the inputs and the labeled output after being trained on some of the data. After the model being trained, it is tested on unseen data to evaluate its performance. For the algorithm to give accurate results, the input features must contain sufficient information for it to learn and suitable amount of training examples data [James et al., 2013]. As the dimensions (number of features) increase, the amount of data available should also increase. Because including unnecessary features may confuse the algorithm and reduce its performance, different dimensionality reductions techniques can be used to avoid what is known as curse of dimensionality.  
Getting rid of unnecessary dimensions can be done by feature selection methods such as Mutual information, Chi-Square, ReliefF, and many others. Presence of very large number of dimensions makes the data sparse in a very large volume of the input space, and it would not be suitable for methods that need statistical significance to be used with such sparse data [Konstantinos and Sergios 2008]. Supervised learning depends on conditional probability distribution. Assume that X and Y are two random variables that are jointly distributed, the conditional probability distribution of Y given X means the probability distribution of Y when value of X is known. 
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This function is for discrete random variables, the probability of occurrence of X must be positive (non-zero). 
Classification algorithms and regression algorithms are among types of supervised learning. Classification algorithms are used when the output values are discrete (specified categories) or has limited set of values. If there are only two output classes, it is called binary classification problem, For example, classifying tumors to be benign or malignant, or classifying transactions to fraud or not. 
In the case of presence of more than two classes for the algorithm to select from, it is called multi-classification problem. For instance, classifying various objects in pictures into different groups, classifying animals into different species, or classifying articles based on their topics. On the other hand, regression algorithms are used when the output values are continuous or in other words, they have any value in a certain range of values. For example, predicting the salaries, or estimating the prices of certain goods or services. 
There are many supervised learning algorithms. For example, linear regression, logistic regression, neural networks (multilayer perceptron), DTs, naïve Bayes, linear discriminant analysis, and k-nearest neighbor. There are some qualities in certain algorithms that are not found in others. For example, neural networks can handle numerical data only while DTs work on categorical data with no need for encoding them. If categorical data has to be fed into neural networks, they should be encoded first and changed into numerical values. So, in ML or statistical learning, there is no one algorithm that can perform very well in all problems [Wolpert 1996]. 
4.3.1 Bias-variance tradeoff 
Any model is built based on a finite and limited number of training examples no matter how big this amount of data, the future cases are always uncertain, so the model should rely on probabilistic measures and should generalize its experience after being trained on the available training set, so it can perform well on test data. The hypothesis formed by the model should not be much simpler than the function that represents the data, or the model is said to be underfitted or highly biased as it does not consider relevant features in the training set. Also, the hypothesis formed by the model should not be too complex, or the model is said to be overfitted or prone to the noise in the training set. Prediction error is the addition of bias to variance. [James 2003]. Model generalization should be balanced in order to decrease the generalization error which is the sum of bias, variance and a value called irreducible error that comes from the noise in the data. The objective is to generalize the model and to minimize both bias and variance. In other words, the model should have low bias and low variance, so it performs well on the training data and on the test data. The bias-variance decomposition is a method to measure generalization error [Sammut et al. 2011]. 
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4.3.3 Hypothesis Space 
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time which sometimes lasts for up to few days or even a week [Shi et al. 2016]. 
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Experimental Results and Discussion 
6.4 Dealing with Imbalanced Data 
The following bar plot shows that the “Pass” class is more than 4 times greater than the “Fail” class and more than 10 times greater than the “Distinction” class! 
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Table 6.21 Comparing Accuracies of Models on Different Data Combinations 
	Model 
	Demo. 
	Demo. & Scores 
	Demo., Scores, % VLE 

	RF 
	79.86% 
	90.78% 
	94.68% 

	ANN 
	78.80% 
	85.82% 
	90.43% 

	SVM 
	74.56% 
	87.94% 
	86.52% 

	k-NN 
	75.62% 
	82.62% 
	84.04% 

	LR 
	66.78% 
	89.01% 
	87.94% 

	NB 
	44.88% 
	78.37% 
	78.01% 


6.6.3 Precision 
Precision, also called positive predictive value, is a measure of accuracy of prediction of a specific class. For instance, it measures how much the model is accurate in predicting the “Distinction” class correctly. Precision can be calculated using equation (6.2): 
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[image: ] 
Figure 6.3 Comparing Precisions 
Precision of all models on demographics in the left, on demographics and scores in the middle, and on demographics, scores, and VLE on the right. In most cases, RF and ANN has the highest precision than other ML models. 
6.6.4 Recall or Sensitivity (True Positive Rate) 
Recall, also called sensitivity or true positive rate, is the ratio of true positive predictions to the total number of actual members of that class. Its value ranges from 

Table 6.22 Important Features Using Filter Methods 
	Data 	 
	Chi-Square 
	ANOVA 
	ReliefF 

	Demographics 
	age_band, studied_credits, and disability 
	age_band, studied_credits, and disability 
	age_band, 
studied_credits, imd_band 

	Demographics and average assessment scores  
	studied_credits, disability, and score. 
	imd_band, age_band, and score 
	imd_band, studied_credits, and score 

	demographics, average scores, and VLE  
	disability, score, and sum_click 
	age_band, score, and sum_click 
	imd_band, score, and sum_click 


6.8 Summary 
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