APPENDIX A
SUPERVISED LEARNING
DISCRIMINANT ANALYSIS
An example of parametric supervised learning is Discriminant Analysis (DA). The classifier assumes that each class in the dataset follows a multivariate normal distribution and uses this to estimate means and covariance matrices for each class (Tarca et al., 2007). These are then used to calculate the discriminant function for the class. When all discriminant functions have been established, an unknown sample can be studied. This process involves the calculation of a score for the sample from each discriminant function followed by allocation to a certain class, depending on the best discrimination score. Despite the fact that the multivariate distribution assumption may not hold in many real-life examples, DA and its variations remain a particularly popular group of techniques. This is because DA results are often intuitive and easy to interpret. 

As the accuracy of the classifier can be verified using appropriate validation techniques, even if the distribution assumption does not hold, the performance of DA classifiers (or lack of) can easily be ascertained. Many variations of the technique exist; if for example, the sample sizes for each class are too small, then the covariance matrix for the whole dataset could be employed instead for the discriminant function calculation. This is the basis of the modern Linear Discriminant Analysis (LDA), which differs subtly to the one initially proposed by Fisher. Other variations of the technique include limits for outliers or a penalty factor for some misclassifications during the training of the classifier. As an example, Blasco et al. (2009b) used LDA successfully to classify pomegranate aril images into four categories based on fruit quality using RGB (Red, Green and Blue) pixel counts. With an average of 90% success rate, they demonstrated the potential of achieving high accuracy with automatic classification based on aril colour retrieved through image analysis.

K-NEAREST NEIGHBOUR
Although it also focuses on density estimation, a K-nearest neighbour classification does not make the same normality assumption as a discriminant analysis. The analysis focuses on calculating a distance metric of an unknown sample to each known sample of the training dataset (Pinto, Rocha, & Moreira, 2013). Through this, the classifier can order all the training set samples in terms of distance to the unknown. The K samples that are closest to the unknown sample (i.e. its nearest neighbours) are retained and the class membership that is in the majority in that group is used to classify the sample. This classification method is well illustrated in the work by Bidder et al. (2014) who used acceleration data from eight animal species to study whether different movement behaviours could be classified accurately, achieving 78% mean success rate.

CART: CLASSIFICATION AND REGRESSION TREES 
A Classification Tree works in manner similar to a dichotomous key. At each node, a feature that can provide the best separation between classes is selected and the optimal threshold is estimated (Olden, Lawler, & Poff, 2008). This is referred to as a “rule” for the node. Each parent node then splits the data into two further nodes and the process is repeated until classification of samples in terminal nodes is below a pre-defined error margin. Hladik and Alber (2014) achieved 79% accuracy with a CART for the classification of four marsh vegetation types using remote sensing data. Classification trees are popular because they are easy to interpret, make no prior assumptions and can deal well with missing data, but they have a tendency to overfit the training set, leading to a reduced accuracy when validated (Olden et al., 2008). To correct for this, ensemble methods such as random forests have been proposed.

RANDOM FOREST 
Fundamentally a Random Forest is the repetition of multiple Classification Trees (Cutler et al., 2007). By fitting multiple trees instead of a single one, Random Forests have been demonstrated to achieve much higher accuracy in classification. Furthermore, the combination of multiple trees can be used to model complex interactions between variables. After training, each unknown sample to be classified goes through every single tree and the proposed class membership of the sample by each tree is recorded. When all trees have classified the sample, the class that has been selected by the majority of trees becomes the final classification of the sample for the forest. 

SUPPORT VECTOR MACHINES
Support vector machine performance relies on establishing an appropriate boundary function between classes. In a two-dimensional space, the boundary between objects belonging to different classes is a line. Generalising this to higher dimensions requires the use of hyperplanes. For a space with n dimensions, a hyperplane is defined as a subspace with n-1 dimensions. For example, in a three-dimensional space, a two-dimensional plane is a hyperplane. Initially proposed for two-class separation problems, support vector machines perform by not only establishing a hyperplane boundary between the two classes but also ensuring the selected boundary maximises the distance between them (Weber, Ozöğür-Akyüz, & Kropat, 2009). Expansions to multiclass problems, as well as non-linear transformations have been implemented, making support vector machines a popular choice in biological classification studies (Olden et al., 2008). A particularly successful example of biological classification using support vector machines is the work by Lu et al. (2012) on fully-matured Camellia leaves, with 97.78% success of correct classification of leaves into the appropriate Camellia sections. The authors were also successful using artificial neural networks for the same problem with 91.11% accuracy.

ARTIFICIAL NEURAL NETWORKS – MULTILAYER PERCEPTRON (MLP)
Inspired from biological neural networks, Artificial Neural Networks are designed as a series of interconnecting elements organised in different layers (Olden et al., 2008). The building blocks of neural networks are neurons (each simulating the soma, or cell body, of a biological neuron) that are connected with other neurons using simulations of biological axons. The most commonly used arrangement in biological studies intending to create a system for identification of taxa (e.g. species) is what is termed a “one-hidden-layer feed-forward network trained by back-propagation”. In that design, the network is composed of three layers, which are arranged sequentially: the input layer, the hidden layer, and the output layer. This kind of neural network is thus called a Multilayer Perceptron (MLP) and is trained using supervised learning.
 
Each neuron belongs to a single layer and is connected to every neuron in adjacent layers using axons. Neurons in the same layer are not connected. The input layer has one neuron for every feature in the dataset (Olden et al., 2008). These are the measured variables for each sample, e.g. length or weight of a sample. Similarly, the output layer commonly has one neuron per class. 

Selecting the number of neurons in the hidden layer is more challenging, as is deciding when to stop training, because there is a trade-off between classification accuracy and risk of overfitting (too much learning of the actual training set used, with consequential reduction in accuracy of classification of unknowns). For each neuron in the hidden layer, the incoming signal from all the connecting neurons in the input layer will influence its activity level (activation), which, after further processing, is then transmitted to the connected neurons of the output layer. The connection weight with which each axon transfers from input layer neuron to hidden layer neuron will affect how strongly the hidden layer neuron connects to the output layer neurons. This means that different connection weights will lead to different outputs. The back-propagation stage of the training involves changing those weights so that misclassification levels are reduced (Werbos, 1974). As this happens simultaneously for all neurons in the hidden layer, the end result is composed of neurons connected with axons which possess a great variety of connection weights. Optimizing those weights is the main focus of the training of the classifier.

[bookmark: _GoBack]This complex but elegant design has benefits that have made it appealing to biological study, for example it makes no prior assumption for the data studied and it can include non-linear feature interactions. It is however complex to apply in practice and the results are not easily interpreted in a biologically meaningful manner. The first neural network based identification system to identify plant species within a single genus (Lithops) was produced by Clark and Warwick (1998). Clark (2003) also demonstrated that a MLP neural network could be trained to produce an identification system with a performance comparable to that of a standard dichotomous key generated by the DELTA system (Dallwitz, 1974), using identical data. Blasco et al. (Blasco et al., 2009a) also used an artificial neural network to separate whole and broken satsuma segments from seeds and peel segments, achieving a 90% success rate.

NAÏVE BAYES CLASSIFICATION 
As a probabilistic approach, this classification is based on a straightforward application of Bayes’ theorem (Ornella & Tapia, 2010). During the training stage of the classification, it evaluates the conditional probability of a certain feature state given that the sample belongs to a specific class. Then, when it is required to predict the class of an unknown sample, it uses Bayes’ theorem to establish the probability of belonging to a specific class given a specific feature state. It will then assign it to the class with highest posterior probability. For example, if the aim is to correctly classify fruit types, a feature measured could be colour. For a specific feature state of the training set, e.g. for yellow coloured fruit, the classifier would estimate the probability of the fruit being yellow given that it is in a specific class, e.g. Class: “banana”. By using Bayes’ theorem, in an unknown collection of fruit samples, the classifier can estimate the probability of a sample being in Class:“banana” given that it is yellow. Although the assumed feature independence is unrealistic (hence “naïve”), as a classifier it can often perform as well as some more realistic and complex models. This is well demonstrated by Ornella et al. (2010) in a maize cultivar classification study based on molecular data. Their findings suggest that although the results can vary highly depending on the input data, at times Naïve Bayes outperforms complex techniques such as Support Vector Machines. Conversely, in a study for classification of growth potential of Saintpaulia seedlings by Silva et al. (2013), Naïve Bayes has the poorest performance when compared with techniques such as Random Forest and Classification Trees.

UNSUPERVISED LEARNING
CLUSTER ANALYSIS
Clustering divides data into groupings of similar items. There is no predictive power to the outcome of clustering; it is to be used primarily for pattern discovery and insight (Lantz, 2013). In biology the two main methods of clustering are K-means clustering and hierarchical clustering (James et al., 2013).

K-means clustering separates the dataset into a pre-specified number of clusters (K) (Linoff & Berry, 2011). The procedure begins by randomly assigning a cluster membership (starting from Cluster 1 and ending in Cluster K) to every object in the dataset. The centroid of each cluster is then calculated. Following this, the distance of each object to every Cluster centroid is calculated using Euclidian distance and the object is allocated to the cluster to which it is nearest. In the second iteration, the centroids of the clusters are recalculated (as each cluster now contains a different set of objects) and the distances of the objects to the new centroids evaluated. The process continues until the clusters stabilise (James et al., 2013). K-means clustering is appropriate for large datasets as it is not computer- intensive, however the (Linoff & Berry, 2011). 

As opposed to K-means clustering, hierarchical clustering does not require a decision on the number of clusters prior to analysis. Two forms of hierarchical clustering exist: divisive and agglomerative. In divisive hierarchical clustering all the objects are first placed in a single cluster and as the algorithm progresses the cluster is divided into iteratively smaller clusters leading to a single cluster per object (Webb & Copsey, 2011). In agglomerative hierarchical clustering every object is placed in individual clusters and those clusters merge as the algorithm progresses, resulting in a single cluster that contains every object (Shmueli, Patel, & Bruce, 2010). As the analysis has no prior requirements on the number of clusters, the researcher can inspect all possible cluster combinations before deciding which clustering is more appropriate. This is most commonly performed through the use of a dendogram. As opposed to K-means clustering, hierarchical clustering is more computer- intensive which makes it inappropriate for very large datasets. Of the two types of hierarchical clustering, agglomerative clustering is considered more computer efficient and is more commonly used.
ARTIFICIAL NEURAL NETWORKS – SELF-ORGANIZING MAP (SOM)
Like the Multilayer Perceptron (MLP), Self-Organizing Maps (SOMs), sometimes known as Self-Organizing Feature Maps, are inspired from biological systems, in particular the vision system in the brain (Kohonen, 1982, 1989), the basic hypothesis being that learning is spatially oriented, with close physical neighbours of nodes in a ‘topological map’ also being subject to the same learning. As in a MLP, a SOM consists of nodes arranged in layers, and the input layer is simply that on which the sample data are presented to the system. Instead of a standard middle layer, the SOM has a competitive 2-dimensional ‘Kohonen’ layer. The nodes of the Kohonen layer ‘compete’ to determine which is closest to the presented sample in multidimensional space (ie. smallest distance), and the weights on the winning node are adjusted so that it is moved closer to the data sample presented. The weights of nearby (neighbouring) nodes are also similarly adjusted and the training continues with other input data samples. Over time, the samples become distributed spatially, with those most similar being closer to each other in multidimensional space, and also in the 2D representation of that space, which is the Kohonen layer itself. In short, the multivariate input data is forced into a 2D topological map representing the classification of that data into groups. A botanical example of this technique (with comparison with cluster analysis) was demonstrated for species in the broadleaved tree genus Tilia by Clark et al. (2009).
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