
Appendix 

Glossary 

Artificial intelligence (AI) refers to the simulation of human intelligence in machines that are 

programmed to think like humans and mimic their actions. The term may also be applied to any 

machine that exhibits traits associated with a human mind such as learning and problem-solving. 

The ideal characteristic of artificial intelligence is its ability to rationalize and take actions that 

have the best chance of achieving a specific goal (https://www.investopedia.com/terms/a/artificial-

intelligence-ai.asp; accessed 6-2-2020). 

An artificial neural network (ANN) is a computing system vaguely inspired by the biological 

neural networks that constitute animal brains. Such a system "learns" to perform tasks by 

considering examples, generally without being programmed with task-specific rules. It 

automatically generates identifying characteristics from the examples that they are fed with. Many 

ANNs have been used tasks that include computer vision, speech recognition, machine translation, 

social network filtering, playing board and video games and medical diagnosis. 

(https://en.wikipedia.org/wiki/Artificial_neural_network; accessed 6-2-2020). 

A convolutional neural network (CNN) is a deep learning algorithm which can take in an input 

image, assign importance (learnable weights and biases) to various aspects/objects in the image 

and be able to differentiate one from the other. The architecture of a CNN is analogous to that of 

the connectivity pattern of neurons in the human brain and was inspired by the organization of the 

visual cortex. Individual neurons respond to stimuli only in a restricted region of the visual field 

known as the receptive field. A collection of such fields overlap to cover the entire visual area 

(https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-

eli5-way-3bd2b1164a53; accessed 6-2-2020). 

A decision tree is a decision support tool that uses a tree-like model of decisions and their possible 

consequences, including chance event outcomes, resource costs, and utility. It is one way to display 

an algorithm that only contains conditional control statement 

(https://en.wikipedia.org/wiki/Decision_tree; accessed 6-2-2020). A decision forest consists of 

several decision trees in which their predictions are combined into a final prediction. By building 

a forest, the mistakes of a single decision tree are compensated for by other decision trees in the 

forest (https://www.sciencedirect.com/science/article/pii/S1566253515000561; accessed 6-2-

2020). 

Deep learning is part of a broader family of machine learning methods based on artificial neural 

networks with representation learning. Learning can be supervised, semi-supervised or 

unsupervised. Deep learning architectures such as convolutional neural networks have been 

applied to fields including speech recognition, natural language processing, audio recognition, 

social network filtering, bioinformatics, drug design and medical image analysis, where they have 

produced results comparable to, and in some cases, surpassing human expert performance The 

adjective "deep" in deep learning comes from the use of multiple layers in the network 

(https://en.wikipedia.org/wiki/Deep_learning; accessed 6-2-2020). 

A feedforward neural network is an ANN wherein connections between the nodes do not form a 

cycle. It is the first and simplest type of ANN devised. In this network, the information moves in 

only one direction, forward, from the input nodes, through the hidden nodes (if any) and to the 
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output nodes. There are no cycles or loops in the network 

(https://en.wikipedia.org/wiki/Feedforward_neural_network; accessed 6-2-2020). 

Machine learning (ML) is the study of computer algorithms that improve automatically through 

experience. It is seen as a subset of artificial intelligence. Machine learning algorithms build a 

mathematical model based on sample data, known as "training data", so as to make predictions or 

decisions without being explicitly programmed to do so. Machine learning algorithms are used in 

a wide variety of applications, such as email filtering, where it is difficult or infeasible to develop 

conventional algorithms to perform the needed tasks 

(https://en.wikipedia.org/wiki/Machine_learning; accessed 6-2-2020).  

Naïve Bayes is a family of probabilistic algorithms that take advantage of probability theory and 

Bayes’ Theorem to predict the tag of a text (like a piece of news or a customer review). They are 

probabilistic, which means that they calculate the probability of each tag for a given text, and then 

output the tag with the highest one. The way they get these probabilities is by using Bayes’ 

theorem, which describes the probability of a feature, based on prior knowledge of conditions that 

might be related to that feature (https://en.wikipedia.org/wiki/Naive_Bayes_classifier; accessed 6-

2-2020). 

A support-vector machine (SVM) is a supervised ML learning model with learning algorithms that 

analyze data used for classification and regression analysis. Given a set of training examples, each 

marked as belonging to one or the other of two categories, an SVM training algorithm builds a 

model that assigns new examples to one category or the other, making it a non-probabilistic binary 

linear classifier. An SVM model is a representation of the examples as points in space, mapped so 

that the examples of the separate categories are divided by a clear gap that is as wide as possible. 

New examples are then mapped into that same space and predicted to belong to a category based 

on the side of the gap on which they fall (https://en.wikipedia.org/wiki/Support_vector_machine; 

accessed 6-2-2020). 

Random forest is an ensemble learning method for classification, regression and other tasks that 

operate by constructing a multitude of decision trees at training time and outputting the class that 

is the mode of the classes (classification) or mean prediction (regression) of the individual trees. 

Random decision forests correct for the habit of decision trees of overfitting to their training set 

(https://en.wikipedia.org/wiki/Random_forest; accesses 6-2-2020). 
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