[image: ]



An Investigation into the effect of a Kohonen Self Organising Map of the accuracy of traditional data imputation methods

by
Jamie McBride

Supervisor: Dr Glenn L Jenkins
Second Marker: Dr Tim Bashford

Project submitted as part of the requirements for the award of BSc (Hons) Software Engineering

April 2017



DECLARATION 

 
I, Jamie McBride declare that I am the sole author of this Project; that all references cited have been consulted; that I have conducted all work of which this is a record, and that the finished work lies within the prescribed word limits. 
  
This work has not previously been accepted as part of any other degree submission. 
 
  
Signed : .............................................
 
 Date : ............................................... 
 
 
FORM OF CONSENT 



I Jamie McBride hereby consent that my Project, submitted in candidature for the B.Sc.(Hons) Software Engineering degree, if successful, may be made available for inter-library loan or photocopying (subject to the law of copyright), and that the title and abstract may be made available to outside organisations. 



Signed : ............................................. 
 
  
		Date : ...............................................


[bookmark: _Toc480967473]Abstract

This project is an investigation into the effects of Kohonen Self Organising Maps on the accuracy of traditional data imputation methods. As is discussed in the first part of the literature, data imputation is the field of calculating a suitable value for a missing piece of data.
The second part of the literature review focuses on the field of Artificial Intelligence (AI) and more specifically on Artificial Neural Networks (ANNs). ANNs are a specific AI paradigm that use networks to model biological systems such as the brain.
Once the fields of traditional data imputation and ANNs has been explored and explained a traditional imputation method and an ANN will be selected for experimentation to establish which is able to achieve the most accurate result.
To this end a series of experiments are undertaken comparing the performance of these methods on different sizes of data set. These results are then presented to the reader and an in-depth discussion of trends and potential reasons for these trends are identified.
Upon completion of this research and analysis it was possible to conclude that it is possible for AI techniques, in this case a ANN, can produce a more accurate result than traditional imputation methods. It is however noted that the preparation time for the ANN is far greater than the traditional method for a limited improvement in accuracy.
Following this is a section highlights potential areas for further research as well as potential applications for the technology. This includes potential uses in the medical and consumer fields.
The final section of this report relates to the personal learning the author has achieved in undertaking and completing this project.
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Missing data is a problem often encountered when dealing with large data sets. This is particularly pertinent in the modern era with a larger focus on ‘Big Data’ and fields such as Data Mining. There are a wide range of techniques that have been developed to try to address this issue, some of which are looked at in greater detail in the report.
Another interesting field of research currently is the advancement and uses of Artificial Intelligence (AI). AI has been applied in a wide range of fields from Medicine to Finance.
This project aims to investigate whether AI can be used to give a more accurate result than some of the traditional statistical techniques applied to missing data in large data sets.
The purpose of this investigation is to prove the concept that AI can be used to return a better result than a basic traditional method. For this reason, the most basic traditional method identified will be used. 
The type of Artificial Intelligence technique that will be used are Artificial Neural Networks (ANNs). To allow for the best chance of proving the basic concept the most appropriate identified ANN will be selected to be used.
To achieve the aims of this project a full investigation into the traditional statistical methods and ANNs will be undertaken. The two methods described above will be selected for analysis. Both methods will then be tested with real world data and their accuracy measured for comparison.
A range of experiments will be undertaken to establish relative accuracy on different sized data sets. The results of these experiments will then be analysed and conclusions drawn as to whether it is possible for AI to be more accurate than a traditional statistical method. This is followed by a discussion of potential further work to be conducted and potential future applications of the technology.
The final section contains a personal reflection on the project by the author.
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There are a wide range of potential reasons that data may be missing in large data sets. McKnight et al suggests that these reasons can be assigned to three broad categories [1]. These three categories relate to the study participants, the study design or the interaction between the participants and the study design[1].
In contrast Marwala et al advise that reasons for missing data “…include sensor failures, omitted entries in databases and non-response to questionnaires” [2]. 
Although these authors appear to be approaching the question from slightly different points of view, it could be argued Marwala et al’s examples are more wide ranging whereas McKnight et al are focused on survey data, they both identify a range of scenarios which can result in missing data in large data sets.
Marwala et al go on to advise that “The absence of complete data then goes on to hamper decision-making processes because of the dependence of decisions on full information” [2]. 
However, McKnight et al state that “The most pressing concern regarding missing data is the extent to which it influences study results” [1]. 
Whilst again the focus of these assessments is different it can be inferred by comparing both that analysis and conclusions made on the basis of data sets with missing data can be potentially damaging or misleading [3].
To address these issues statistical techniques called data imputation techniques are used to impute a value for the missing data. Schafer describes imputation as “the generic term for filling in missing data with plausible values” [4].
There are a range of possible data imputation techniques, some of the more generic and traditional non-random value approaches are described in the following sections.
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[bookmark: _Toc480967478]Mean Substitution
Mean substitution imputation is the process of substituting the mean of the known values for the value of the missing piece of data[5]. Marwala et al advise that “When mean substitution is implemented, the missing entry is simply substituted by the historical mean of the observed data” [2].
Whilst this method has the benefit of maintaining the mean average for the data however this may be counterproductive if the mean average should be impacted by the missing data value[5]. Marwala et al warn that this method can result in biased variances and this increases with the number of missing data items [2], [5].

[bookmark: _Toc480967479]Hot and Cold Deck Imputation
Hot deck imputation is the process of imputing a missing data value from similar records in the dataset [2]. This process is also sometimes referred to as similar case imputation [6].
The records need to be initially divided into classes, this is often achieved via the use of clustering algorithms [2], [6], [7]. Once similar records have been divided into classes then values for incomplete entries are derived from the records in the same class [2]. 
Hot deck imputation if often used because of its theoretic simplicity. However, the challenges of correctly categorizing the data prior to implementation often mean that this method is not suitable in many situations [2]. The concept of similar is often too subject to be successful modelled to create suitable classes of data.
It is also possible for this method to return multiple suitable values for imputing the missing value [6]. In these circumstances, it is necessary to define a process for selecting the most suitable value [2]. In some cases, this done by randomly selecting a value and in others by taking the average of the returned values.
Cold deck imputation avoids the need for classifying the similarity of data by using an externally sourced constant for substituting for missing data values [6]. This can be achieved by using a previously observed value or using a modal value [2].

[bookmark: _Toc480967480]Linear Regression Imputation
Linear Regression Imputation substitutes the values predicted by a regression model that’s been constructed based on available data [2]. It is important to note that this technique relies heavily on the correct regression model being applied for the type of missing data [3]. 
This is can be a serious limitation in its application as more in depth knowledge of the data set is required with potential testing to establish the most efficient model [3]. This method also fails to take into account the variance of data within a dataset [2].

[bookmark: _Toc480967481]Regression Based Nearest Neighbour
Regression based nearest neighbour imputation is combination of the preceding two types of imputation [2]. It relies on modelling data so that similar records are considered to be proximal to each other, therefore the nearest neighbour records are those considered to be most similar [8].
The covariate is the variable that is potentially indicative of the outcome of a study. In this instance, it refers to the values that is missing from the dataset.  If the covariate of the missing data is a continuous range, then the mean of the covariate values of its nearest neighbours is used to impute the missing values [2], [8].
Where the covariate is not on a continuous range then the modal value of the nearest neighbour values is used to impute the missing value instead [2].




[bookmark: _Toc480967482]Decision Tree Imputation
Decision tree imputation models can be classified in two categories, the first of these are classification tree models and the second are regression tree models [2].
These models use decision trees to assess the best independent variables for calculating the imputation [9]. Classification tree models assume that the response will be categorical i.e. will categorize the data.
Regression tree models assume that the response value can represented used a numerical value [2]. A limitation of these types of imputation is that they are not able to cope with data sets that contain a mixture of categorical and numerical data [9].

[bookmark: _Toc480967483]Last Value Carried Forward / Next Value Carried Back
The Last Value Carried Forward (LVCF) and Next Value Carried Backwards (NVCB) imputation techniques mainly relate to missing data in longitudinal studies. These are studies that collect information on the same subjects over a period of time [1].
The LVCF imputation method involves imputing the missing value from the last known value for the subject t[1]. The NVCB method is similar to the LVCF method however it waits for the next wave of data on the subject and uses the new value to impute the missing value in previous waves of data [1].

[bookmark: _Toc480967484]Stochastic Imputation
Stochastic imputation is a set of imputation methods that attempt to replicate the uncertainty of predicted values. Marwala advises that “Neural networks imputation can be viewed as one example of this class” [2].
Neural networks have previously been successfully used to impute missing data in fields such as survey data, air quality and medicine [10]–[12].

As it has been identified in this review that the mean substitution is the most basic traditional imputation method it suits the criteria for this project most. The next section will look at Artificial Neural Networks in more detail.

[bookmark: _Toc480967485]Artificial Neural Networks 
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Artificial Intelligence or Machine Learning techniques attempt to model biological systems, such as the brain [13]. This allows them to solve complex problems more suited to biological information processing systems than to traditional computing techniques. This section discusses a group of machine learning techniques known as Artificial Neural Networks.
Grossi et al explain that “ANNs are able to reproduce the dynamic interaction of multiple factors simultaneously, allowing the study of complexity; they can also draw conclusions on individual basis and not as average trends” [14]. This ability to provide conclusions on an individual basis gives a significant advantage over statistical approaches which are probability based.
An example of this is pattern recognition, traditional solutions to these problems have been based on a statistical approach and, despite half a century of research in this field, the effectiveness of this approach in complex pattern recognition is still extremely limited [15]. 
Due to their ability to adapt to or ‘learn’ from the data they are analysing ANN’s can achieve complex pattern matching with a high degree of accuracy and efficiency if implemented correctly.
 
[bookmark: _Toc480967487]Biological basis for ANNs

Artificial Neural Networks model the operation of the network of brain cells, or neurons, which allow animals and humans to complete complex pattern matching tasks with apparent ease and efficiency. This network in the biological brain is called a neural network [16].
A neuron, the noun of neural, is a specialised cell of which nervous systems are composed. These cells are adapted to transmit information. As can be seen in Figure 1 they consist of a cell body, with hair like filaments called dendrites, and a cylindrical protuberance, called an axon, which divides into a series of branches ending in rounded growths. These growths will be positioned near, but not touching, the dendrites of other neurons [17]. 
[image: ][bookmark: _Toc466748494][bookmark: _Toc480965440][bookmark: _Toc466860536]Figure 1 Structure of Neuron [19]






The gaps between the axon and the dendrites of the other neuron is called a synapse and it is via the synapse that information is transferred from one neuron to another. This is the basic function of a neuron and the method in which they combine to create a network capable of propagating and processing information. El-Husseini advises “Synapses provide the structural and functional basis for the formation and maintenance of the complex neural networks that exist in the brain” [18].
In reality it’s possible for the neuron to have no apparent axon and may serve solely to transfer information. It is also possible in biological systems for the axon to form synapses on other axons or dendrites to form synapses with other dendrites [19].
Synapses themselves come in two types; these are excitatory and inhibitory synapses. As the names suggest the excitatory synapses will strengthen signals moving through the network whilst inhibitory synapses will weaken signals [20].
Lyshevski states that “…efficiency determines synaptic strength” [21]. This indicates that synaptic strength is representative of efficiency and therefor the strength of the connection between synapses determines the magnitude of the signal transmitted to a connecting neuron. Neurons transmit a signal, or ‘fire’, when they receive enough signals from other neurons upon its dendrites within a period termed the ‘period of latent summation’ [19], [22], [23]. 
To fire, the strength of the excitation signals received needs to outweigh the strength of inhibitory signals by a specific amount [22]. Once it has fired the neuron will become inactive for a brief interval. If the excitatory signal is still above the threshold for the neuron to fire following this interval the neuron will fire again. This results in the neuron firing in pulses of varying frequencies, this frequency is considered to be the output of the neuron [19], [22]. These impulses are transferred to other neurons in the network in varying strengths depending on the types of synapse and efficiency of connections [18], [19], [20]. 

[bookmark: _Toc480967488]Artificial Neuron Models

In an attempt to solve complex pattern matching tasks computationally, in a similar approach as biological neural networks, it is necessary to logically represent a neuron. To achieve this artificial neuron models are used and figure 2 is a general neuron model adapted from [19]..
.
.





.
.


[bookmark: _Toc466748495][bookmark: _Toc480965441][bookmark: _Toc466860537]Figure 2 General Artificial Neuron Model [19]


Neurons are represented as nodes and the synaptic connections as a link to other nodes. The efficiency of the synaptic connection is signified numerically as a weight associated with the connection. The output of the node is representative of the firing frequency of a neuron [19]. As shown in figure 2 the output can be measured as a function of the received signal strengths and their corresponding connection strengths.
However, this basic model is limited in terms of accurately representing some of the complexities of a biological neuron. Specifically, the positioning of the synaptic connection on the receiving neuron is irrelevant, each node outputs the same value to each of its connected nodes [19]. Also, all inputs need to be active simultaneously; this allows for calculation of the nodes output but does not account for the period of latent summation found in biological systems [19], [22].
Logical modelling the excitatory threshold to be achieved to induce the neuron to fire can be achieved in various ways [24]. 
The simplest of these is the step function, in this method the function of the weights and inputs is calculated. If the result of the function is greater than a constant value, the threshold, the neuron outputs a predefined value for on otherwise it outputs another value [25]. These values can be interpreted as the node either being on or off. When the outputs of the step function are graphed, as in Figure 3, there is a distinct step in the output of the node.
One popular derivation of the step function is the signum function. In the signum function the constant threshold of 0 is selected and 1 is output if the function of the inputs is greater than 0 and -1 if it is lower than 0 [26]. This is a useful model; however, it is limited by the fact that even large changes in the input signals can produce no change in the nodes output. In contrast minute changes in the inputs can also potentially cause large changes in the nodes output [19].
Output




Function of inputs





[bookmark: _Toc480965442][bookmark: _Toc466860538]Figure 3 Graph of Signum Function adapted from [26]

Ramp functions are a mathematical technique which incorporate the input values into the calculation of the output variable [27]. This allows for small variations in the input being received to be communicated in the output value [19]. There is still a minimum threshold to be achieved and the output value is limited. This limit on the output value ensures that the magnitude of the output value cannot become excessively high or low. Functions that are limited in this way are said to saturate[28].
Output
Function of inputs






[bookmark: _Toc480965443][bookmark: _Toc466860539]Figure 4 Graph of Ramp Function adapted from [27]


Although ramp functions are effective in conveying small changes in their input, it means that it is not possible to say whether the neuron is on or off in the same way as the step function because their output will vary. The final function is a sigmoid function.
Sigmoid functions are continuous and when plotted on a graph are roughly ‘s’ shaped as can be seen from Figure 5. These functions have been shown to be most similar to the firing rate of neurons when plotted against the net input it is receiving [29]. These are the three fundamental functions used to calculate node output in neural networks, however there are adaptions also used such as Piecewise linear functions and Gaussian functions [19]. 


[image: ]
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[bookmark: _Toc480965444][bookmark: _Toc466860540]Figure 5 Graph of Sigmoidal function adapted from [30]
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The effectiveness of the node is in its ability to work as part of a network of nodes allowing information to be passed and processed. The structure of these networks and the connections between them defines how computations will be completed. 
[bookmark: _Toc480967490]Fully connected networks
A fully connected network is a network in which every node is connected to every other node in the network as can be seen from Figure 6. The connections are weighted with positive values if the connection is excitatory and negative values if it is an inhibitory connection [31]. This is the most generalised design for any artificial neural network.

[image: ]





[bookmark: _Toc480965445][bookmark: _Toc466860541]Figure 6 Fully Connected Neural Network [31]


In fact, all other architectures can be considered in terms of this model with certain connection weightings set to 0. Despite its conceptual simplicity this is a computationally expensive model to implement as the number of weights is equal to the number of nodes squared [31]. It is also ineffective as every node will not have a bearing on every other node in the network [19]. This does not happen in biological systems either; it is rare for neurons to make connections with distant neurons.
There are three types of nodes, input nodes, ‘hidden’ nodes and an output nodes. The input nodes receive inputs and the output layer produces the output. The hidden nodes contain logical functions which are used to amend the input signal and output this as an output signal [32].

[bookmark: _Toc480967491]Layered Networks
As visualised in figure 7, in a layered network the nodes are notionally organised into a series of layers. The initial layer is a layer of input nodes which receive and communicate the input vector to the hidden nodes [33]. The nodes in the input layer don’t conduct any computation on the values they receive. In these networks, there are no connections from later layers back to previous layers however there are connections to the proceeding layers and there may be intra layer connections [34]. 
[image: ]
[bookmark: _Toc480965446][bookmark: _Toc466860542]Figure 7 Layered ANN [33]
Acyclic Networks are a subclass of layered network where there are no intra layer connections. Another subclass of layered network is the feedforward network. This network only allows connections between a layer and it’s proceeding laye r[35]. Generally, these networks have four or less layers with the concept that each successive layer extracts increasingly high level features from the preceding layers.



[bookmark: _Toc480967492]Modular Networks
A modular network breaks the network up into a series of modules, each module with its own inputs and outputs. Each module is designed to solve a small task acting as a small independent neural network. These are then combined to solve more complex problems [36].

[image: ][bookmark: _Toc480965447][bookmark: _Toc466860543]Figure 8 Modular Neural network MNN[36]



Output





The modules can be structured within the network in different ways. In hierarchical organization, the proceeding module processed the output of it preceding modules. Successive refinement allows preceding modules to perform its operations then distribute tasks to the proceeding modules. Finally, using input modularity the first level modules each process a subset of the inputs [36].
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An apparent advantage of biological nervous systems is their ability to learn from their experiences. This raises important questions about how learning happens and how it might be modelled mathematically. There are three main theories on biological learning that have been successfully adapted for use in ANNs.

[bookmark: _Toc480967494]Correlation Learning
One of the original principles of biological learning is correlation learning was described by Hebb in 1949 [37]. It is sometimes called Hebbian learning as it is based on Hebb’s principle which is:
“When an axon of cell A is near enough to excite a cell B and repeatedly or persistently takes part in firing it, some growth process or metabolic change takes place in one or both cells such that A's efficiency, as one of the cells firing B, is increased” [37]. 
This means that the more often a synapse fires the more efficient it becomes in transferring the signal and therefor synapses that fire less frequently are less efficient. 
In ANNs this gradual increase in synaptic efficiency between cells is mimicked by increasing the weighting between cells that generate similar output when presented with similar inputs[19]. The basis for the function of Hebbian learning is that the connection strengths eventually represent correlations between nodes outputs. This principle is utilised heavily in Associative Networks [38].
Competitive Learning
The competitive learning paradigm works on the principle that different nodes compete to be the winner when an input pattern is presented. This process involves self-excitation and mutual inhibition until there is a winning node [39]. 
The connections between the winning node and input nodes are then strengthened to increase the chances of that node winning in future when the network is presented with a similar input pattern[40]. Self Organising Maps (SOMs) are type of ANN which relies upon competitive learning to identify similar input patterns [41].

[bookmark: _Toc480967495]Feedback-based weight adaptation
Feedback-based weight adaptation is a concept that attempts to simulate the way animals learn through feedback from their environment [19]. If an animal takes an action and is rewarded it increases the likelihood the action will be repeated, conversely the opposite is also true.
In a similar manner feedback based weight adaptation monitors the performance of the system and if taking an action, such as increasing the strength of connections between a set of nodes, leads to diminished performance this feedback can be used to adapt the weights to a more effective configuration [42]. 
To ensure that the system isn’t adapted too far from its partially evolved state the adaptations must be kept small at each step [19]. Feedback-based weight adaptation is a theory used that underpins supervised learning [43].

[bookmark: _Toc480967496]Supervised learning 

[bookmark: _Toc480967497]Single Layer Networks
Single layer networks refer to ANNs which contain a layer of weights between two layers of neurons [44]. There are many variations on implementation of this architecture and two of the main architectures, the Perceptron and Adalines, are described below.

[bookmark: _Toc480967498]Perceptron
The simplest design for a perceptron contains a single output node capable of determining which of two classes an input vector is a member of. The output node outputs 1 or 0 denoting the class of the input pattern [45]. This can be achieved using a basic step function, where the net weighted sum of the inputs must exceed a constant threshold to emit a signal [19]. 
It is interesting to note that in some perceptron models a constant input dimension of 1 is added for each node, known as input bias [46]. The function of this input and its corresponding weight is then used to determine the threshold for the node[19]. This is useful in reducing code complexity as thresholds can be adapted by changing the corresponding weights.
This is only effective in classification problems where the classes are linearly separable [47]. This means that the input space can be partitioned cleanly into two classes [48]. If the input space where mapped on a graph, then a straight line, plane or hyperplane can be used to divide the classes [49].
When the weights of the perceptron’s edges correspond with the coefficients in the equation of the separating line then the perceptron will correctly classify input vectors [49]. 
If there is no straight line that would separate the classes correctly, then the classes can’t be separated linearly [49]. In this instance a simple perceptron would be unable to solve the classification task [19]. 
In practical terms to achieve this the perceptron needs to be trained. This is the process of establishing the correct weightings to provide the necessary classification [50]. The perceptron will initially have random weights for all its edges. An input vector will then be presented to it and the classification produced is checked for correctness [19], [50].
If the classification is incorrect then the weightings are adapted and another input vector is presented. This process repeats until the correct weightings are achieved and the perceptron is consistently correctly classifying the input vector [19], [50].
Whilst this is acceptable for linearly separable vectors if the perceptron receives inputs that are not linearly separable then it would continue indefinitely [51]. To avoid this perceptron’s are often implemented in such a way as to monitor their recent rate of improvement. If, after a defined period, there is no decrease in the misclassification rate then the problem can be said to be not linearly separable [19].
It is, however also possible that the selection of learning rate may also be preventing the correct classification [19]. The learning rate is the degree by which you amend the weights each time there is a misclassification. Tadeusiewicz et al define it as measuring “…the intensity of weight adjustments applied to a network after detecting a faulty operation” [52]. 
If the amendments are set too great then changes will be too significant to settle on the correct weighting[19]. If the rate of change is too low then it could take an inordinate number of iterations to achieve the correct weightings [53].

[bookmark: _Toc480967499]Adalines
Adalines is a term used for an adaptive linear element [54]. This is similar to a perceptron in its operation however it utilises the mean squared error to inform weight adjustments. In this way, it is able to achieve as effective a separation as possible in instances where perfect classification is not possible [19], [54]. The mean squared error is the mean average of the squared differences between the actual output and correct output [55].

[bookmark: _Toc480967500]Multilayer Networks
It is clear so far that there are severe restrictions on the capabilities of single layer networks. The fact they are only able to complete classification tasks in a linearly separable input space make them ineffective in many complex problem solving or pattern recognition tasks.
Backpropogation is key feature in many multi-layered ANNs. It is the process of providing feedback on the accuracy of results [56]. This can be achieved, as discussed in the Adalines section, using the mean squared error. 
Backpropogation utilises an optimisation method and a function to calculate error to give feedback on how much to change weights. Chauvin et al provide a simple definition of how to implement backpropogation which is to “…define an error function and use hill-climbing (or gradient descent if you prefer going downhill) to find a set of weights which optimise performance on a particular task” [56]. 
This process of feedback and learning is the reason these types of systems are classed as supervised learning [57]. Networks that utilise backpropogation are sometimes called feedback networks.

[bookmark: _Toc480967501]Madalines
Madaline stands for Many-Adaline [58]. The reason for this is that the architecture of the Madaline utilises multiple Adalines for multiple classification problems[58], [59]. The basic principle of Madaline is that the hidden layer is made up of Adaline components [59]. 
In training the Madaline will identify the Adalines with smaller inputs have the potential effect of their weights changed by inverting its binary output [60]. If the changes would result in a decrease in classification error then that nodes weights are amended. If there is a deteriation or no improvement they will remain the same [19], [60]. During its development Madaline has gone through three stages, sometime called three rules [19].
Madaline 1 uses a higher logical function on the output of the Adalines in the hidden layer. This could be an ‘AND’ or ‘OR’ function. If we take the ‘Or function as an example, it is logical that the final output of the Madaline will be dependent on the sign of the outputs of the Adalines as only this will have an impact on the ‘Or’ function output [19], [60].
Madaline 2 replaces the final logical function with another Adalines. In this way it is possible to modify weights at the output layer of the network. This makes the network more adaptable than using fixed logic [19], [60].
Madaline 3 employs a sigmoid function and amends the weights of all functions on each pass. This method has been demonstrated to be equivalent to backpropogation in effect but is much more computationally expensive [19].

[bookmark: _Toc480967502]Recurrent Networks
Recurrent networks contain directed cycles within their nodes [61]. This means they retain some influence or ‘memory’ of the previous calculations [62]. The inputs cycle within the nodes and each cycle is considered as a time step in the network [19]. 
As most of the ANNs discussed so far assume there is no connection between input vectors received and this is often not representative of the real-world data being modelled recurrent networks can be very useful [19].

[bookmark: _Toc480967503]Unsupervised learning 

[bookmark: _Toc480967504]Associative networks
Associative networks are so called as they can store associations between input patterns or vectors with those it has stored previously. When the network is presented with a new input pattern it will output the associated pattern it has previously stored [63].

The new input pattern does not have to exactly match the stored pattern for the association to be identified by the system. This means that corrupted versions of the stored pattern can be presented to the system and the system will still output the correct associated pattern [63]. 
Associative networks are a specific class of neural network which use the principles of associative learning and information retrieval [64]. There are two categories of associative memory, and therefor associative networks, which are auto-associative and hetero-associative [63], [65].



Auto Associative Memory (AAM) 

Skapura provides the following definition for autoassociative memory “An autoassociative memory converts a corrupted input pattern into the pattern that most closely matches the current input” [65]. Although, he goes on to state that the output pattern may match the input pattern exactly when a matching pattern is stored, indicating that input pattern may not be corrupted necessarily. 
Autoassociative networks can be feedforward or feedback networks [63], [65]. The Hopfield network is an example of autoassociative feedback network [65].

Hopfield

The Hopfield network is a fully connected recurrent autoassociative network commonly used for autoassociation and optimization [19], [66]. Each node represents and element of the input vector. Weights between nodes are then iteratively updated via Hebbian learning until the system reaches a stable state [19].
An advantage of this it that a long training process is not required to establish the weights of the system. This can be offset by the fact that the system may need to undergo considerable number of state changes before achieving stability [19].
The system then evolves towards an attractor, which is the state at which the system becomes stable. The attractor then defines the output of the system. As the system evolves towards the nearest attractor it is able to output the closest matching attractor to the input pattern [19].
In this way the Hopfield network is able to complete incomplete patterns or output corrected patterns for patterns that are corrupted [19]. This ability to match input patterns with the closest matching patterns is useful in tasks where input data is often corrupted or incomplete such as optical character recognition [65].
The storage capacity of a Hopfield network is dependent upon the number of neurons and weighted connections contained within the system [19].

Hetero Associative Memory

For hetero-associative memory Skapura provides the following definition “A heteroassociative memory is a device that produces an output pattern which is one of a set of output patterns. The specific pattern generated is the one associated with the input which is most similar to the current input” [65].
This is in contrast with autoassociative memory which outputs the most similar stored pattern. Heteroassociative memory returns a different but associated pattern [19], [65]. 
In many cases it is possible to achieve some heteroassociative tasks via a feedforward network and a lookup table, where the outputs of the network identify the associated entry in the table, but training the feedforward network can be computationally expensive [19]. 
It is often more efficient to use ANNs that are similar to Hopfield networks where weights are determined by Hebbian learning [19]. Bidirectional associative memory is one such network [19], [63].

Bidirectional Associative Memory (BAM)

Bidirectional associative memory networks are single layer networks which contain only interlayer bidirectional connections [19]. The stored patterns are represented by the weights of the connections between the nodes. This provides the system with long term memory to store patterns [63].
The nodes represent short term memory; they represent the current state of the evolved input pattern. The system has stabilised when changes in the nodes of the first and second layers stop [63]. Similarly to Hopfield networks input patterns don’t have to exactly match a stored pattern, the system will output the closest matching stored pattern [19].


[bookmark: _Toc480967505]Winner takes all
Winner takes all networks are founded on the principles of calculating distance or that inhibitory connections may be used to establish a winning node or a combination of these [19]. A winning node is deemed to be the node with the greatest amount of activation [67]. The use of inhibitory connections ensures the most suitable node activates most regularly [19]. 

Hamming networks

The majority of unsupervised learning ANNs use some form of distance calculation [19]. A Hamming network calculates the Hamming distance between input vectors. The Hamming distance is established as the number of different elements that need to be changed to turn one vector into the other [68].
Arabfard et al describe a Hamming network as “…a neural network fully connected from input layer to output layer that calculate amount of resemblance between input patterns than(sic) training patterns” [69].
To establish this distance Hamming networks are two layer networks with only input and output nodes. The weights of the edges between these nodes represent the stored vectors. If the maximum of the outputs from each node in the second layer is calculated its possible to establish which of the stored vectors is closest to the presented vector [19].
Maxnet is one possibility for establishing the maximum outputs for each node. It is a single layer recurrent network which uses competitive learning to identify the node with the highest initial input [19], [70]. 
Each node receives inhibitory input from each of the other nodes through intra layer connections. The weights of this ANN are set to values that ensures that the activation of any node except that with the highest input stops with only the winning node still activating. By adding a Maxnet over the second layer of a Hamming network it is possible to identify which of the stored vectors the input vector is like [19].

[bookmark: _Toc480967506]Topologically organised 
Topologically organised networks are based on the topological organisation of neurons in biological systems, such as the brain [19]. By far the most commonly used topologically organised network is Kohonen’s Self Organising Map (SOM), sometimes called a Self Organising Feature Map (SOFM) [19], [71]. 

Self Organising Map

SOM’s utilise competitive learning and the winner takes all principles with a topological structure of nodes. The topological structure is defined by the neighbourhood relation between nodes, this neighbourhood relation is calculated as the distance in Euclidean space [19], [71]. This is why they are called maps; they map patterns in Euclidean space.
During learning the learning algorithm uses the winner takes all principle ensure that only the node with the highest activation and its neighbouring nodes move towards the input pattern [19]. 
This type of network is called ‘self-organising’ as the nodes generally gain weight vectors which represent characteristics of the input space, even when weights are initialised with arbitrary values [19].
The following is a pseudo code example of a SOM training algorithm adapted from [19] which demonstrates how self-organisation of nodes is achieved computationally.


Algorithm Self – Organize:
· Select network topology to determine which nodes are adjacent to which others
· Initialize weights to small random values 
· Initialize current neighborhood distanceD (O) to a positive integer 
· While computational bounds are not exceeded, do:

1. Select an input sample 

2. Compute the square of the Euclidean distance of it from the weight vector () associated with each output node: 


3. Select the output node j * with minimum 
4. Update all nodes within a topological distance of D(t) from j * using the update rule:

 

5. Increment t;

· end-while.
[19]


From Figure 9 it can be seen that the first layer of the SOM is an input layer and the second layer contains output nodes with lots of intra layer connections [72]. The topology of the second layer is predefined, in this example a grid [19], [72].
[image: ][bookmark: _Toc480965448]Figure 9 Simple SOM architecture [72]










As in the pseudo code example, weights are initialised at random but their values are amended during learning so that the weight vectors each move toward the centroid of a subset of input vectors [19].
Ranka et al advise that “The number of nodes should be more than the number of possible clusters for the problem, but smaller than the number of training samples” [19]. This avoids the training samples each defining a cluster centroid which may not be representative of clusters within the data.
When a new input pattern is presented to the SOM the training algorithm will update the winning node and all nodes in the winning nodes neighbourhood [72]. The size of the neighbourhood decreases with each time step in the system [19].
In many cases this decrease in neighbourhood size inversely correlating to increase in time improves performance over static neighbourhood relations. In fact, the SOM performs no better than a simple competitive learning for noisy data when implemented with static neighbourhood relations [19].
To provide increasingly finer and more precise weight vector improvements the learning rate of the system is also reduced in correlation to the time step. These amendments in learning rate and neighbourhood size increase the probability of achieving a global optimum [19].
Ranka et al explain the implementation of the weight change rule as “If j is the winner node, ' N j (t) = U} U {neighbors of j at time I}, and i is the input vector presented to the network at time t, then the weight change rule is as follows [19].
[image: ] [bookmark: _Toc480965449]Figure 10 Weight Change Rule [19]




The SOM algorithm eventually results in nodes becoming ordered where neighbouring nodes are associated with weight vectors that are close to each other in the input space. Although output nodes are distributed randomly initially they are expected to have organised themselves by the end of the training process [19].
This makes SOMs ideal for identifying clusters within data [73]. These clusters are groups of patterns which are close to one another in the input space. Vesanto et al  state this makes the SOM “…an excellent tool in the exploratory phase of data mining” [73].

As the SOM has been identified as the best ANN for logically categorising data it has been selected to be the ANN used in these experiments. It would be possible to adapt other methods, however the SOM meets the criteria most closely with little adaptation. The following section discusses the methodologies for the experiment and the software development that supported it.


[bookmark: _Toc480967507]Methodology 

[bookmark: _Toc480967508]Experiment

The hypothesis that is being tested is whether a SOM is capable of reducing the amount of irrelevant data included in the imputation calculation, leading to greater accuracy than that of a basic imputation method. To test this hypothesis required bespoke software to be designed and built. 
One program was required to execute the experiment. This program needed to be able to train a SOM using training data as well as calculate the mean imputation. It also needed to test both methods as well as calculate and report the mean square error for each set of imputations.
To reflect a more realistic result it was decided that real world data should be used in the as training and testing data. As the SOM works on values between minus one and plus one a further program is required to convert the values in the real-world data to numeric representations within the necessary range.
For these experiments MOT data from 2013 was selected for use. This was primarily due to it being a freely available large quantity of reliable real world data. It also avoided potential data protection issues as it has already been anonymised and is publicly available from a government agency. This also helps to ensure that the data is of good quality as it is from a reputable source. 
It was also decided that the data conversion program would output a key to support potential future work in interpreting the SOMs predictions back into real world values. This also supported the testing of this software, helping to check that outputs were correct and consistent.
Every effort was made to ensure the validity of the experiments, these included the decision to use real world data for testing and training as it is expected to give a fair and realistic result. The cleaning of data prior to being presented to the SOM was kept to a minimum. 
For these experiments the only information removed prior to it being presented to the network was information that could bias the results produced by either method. Specifically, the Test ID and Vehicle ID were removed entirely. The test ID is a unique value assigned to each test and therefore has no relation to the other data. The vehicle ID identifies an individual vehicle and may have allowed the SOM to track information related to a single vehicle without relying non-uniquely identifying values for imputation.
The dates, such as Test Date and Date of First Use, also had the days removed so that they were represented by a combined year and month value. To keep these values with their extremely granular day values could have prevented either method from identifying broader trends associated with the time of year or other historical context.
To help ensure the reliability of these experiments certain behaviours of the SOM and mean average systems were tested to ensure they were consistent with what would be expected. It was possible to specifically test that the output of the mean average system was correct as the value could be calculated manually.
However, it was not possible to test the specific output of the SOM in the same manner so other behaviours were used as a measure of correctness. The main check that was carried out prior to any other experiments being conducted was whether the SOM trained to a roughly stable state when trained and tested on the same training and testing data with different initial node distributions.
As the experiments were conducted it was also possible to identify other expected behaviours that were identified in the literature review. These included a correlation between the number of nodes and the number of training samples as well as a higher initial learning rate returning a better mean square error. 
Whilst it is not possible to categorically state that the SOM is working reliably given the data available, the strong correlation between the behaviours identified in the literature review and those exhibited by the system, as well as the systems comparative accuracy, are strong indications of a correctly functioning, reliable and consistent system.
These experiments have a wide range of generalisability, as has been noted the data selected for these experiments was not primarily selected due to the nature of the information it held, but for reasons relating to obtainability etc. This was possible as the nature of the information being tested is largely irrelevant, as long as the data contains records that have qualitive or quantitive data that describes aspects of an object. These experiments could be applied to any large data set of real world information.
It was initially necessary to undertake a review of existing historical literature. The literature review focussed on traditional imputation methods and Artificial Neural networks. The purpose of this was to identify the most appropriate methods for these experiments.
During the literature review it was identified that the most basic of traditional imputation techniques was the mean substitution imputation method. This was the basic imputation selected to be tested as it was the simplest to implement.
It was also identified that the SOM was the most suitable unsupervised learning algorithm for clustering data into categories. As the hypothesis being tested was whether an Artificial Neural Network was capable of reducing the noise in a dataset to return a better imputation than a basic imputation technique, a network capable of clustering the data was the most suitable candidate.
To conduct the experiment the initial step was to use the data conversion program to create different sized, formatted and cleaned test and training data. For these experiments data sets of sizes 200, 500, 1000, 2000 and 5000 records were created.
The independent and dependent variables for the experiments had been identified during the design and implementation stage. The independent variables were the initial learning rate, time constant, map size, data source and training and testing data set sizes.
The dependent variables identified was the mean square error for the SOM and average imputations. These needed to be recorded as it was the variable being tested and the measure of accuracy for each system.
By developing the system so that it could accept the independent variables as command line arguments was more efficient. This is because it allowied for batch scripting to be used to repeat the experiments with varied independent variables and record the dependant variables for examination.
Batch scripts were then used to run the experiments multiple times on each data set with varying independent variables. The first experiment was conducted twenty times with different initial node distributions and the variance of the output was measured to test whether the SOM was training consistently.
The same technique was then used to vary the different parameters for all the different sized data sets to check the impact of these variations. Once the optimal initial values had been identified the experiments were rerun around the identified optimals.
The first optimal value selected was the time constant parameter, which controls the rate of the exponential decay function. As the initial range of parameters presented was from five to one hundred in increments of five, the next variation range was from the previous optimal value minus five to the optimal value plus five in increments of one. This allowed for a refined optimal value for the time constant for each size of data set.
Once the refined optimal value for the time constant had been identified then the range of initial learning rates was varied through 0.1 – 0.9 in increments of 0.1. This allowed for the identification of the optimal initial learning rate for the optimal time constant value. The experiments were again run with the initial learning rate varied in steps of 0.01 between the new optimal minus 0.09 and the new optimal plus 0.09 to further refine the initial learning rate variable for each size of data set.
After the optimal values for the time constant and the initial learning rate were identified the number of nodes was varied to establish the best number of nodes. As this is a square map the values were all square values, therefore the increments were the squares of three to thirteen in increments of one.
Once all these optimals had been identified the mean square error of the SOM for each size of data set was compared with the mean square error for the mean imputation. From this information, it was possible to conclude whether or not the SOM was capable of improving on the accuracy of a mean imputation.


[bookmark: _Toc480967509]Development

For the development of the experiment software the Agile Unified Process (AUP) was selected as the development method. This method was selected as it is an iterative process of development which would allow for corrections or adaptations to the software design when unpredicted challenges or problems are encountered. This was an important aspect due to the inexperience of the developer.
Whilst there are a range of agile software development methodologies, the AUP was selected due to its ability to be better adapted to a single developer developing a specific bespoke piece of software to answer a specific hypothesis. Many agile development methodologies are specifically targeted at work in teams and, whilst this is also true of AUP, it is more flexible in its application than other agile methods and doesn’t require roles to be assigned to different individuals or have other team specific requirements.
The advantage of this flexibility is that it helps in overcoming any of the potential disadvantages of applying it to this situation. That is, where the normal processes or documents used in this method are not appropriate for this situation, they can be amended or removed entirely if they have no relevance to the project.
For the development of the experiment software the C++ language was selected as the programming language to be used. There were two reasons for this decision, the first is that an object oriented language was preferred as the simplest way to conceptually design and implement.
As a language C++ is also more efficient than similar languages such as C#. Chiu et al state that “For high-performance computing, Java and C# have limited applicability, due to performance concerns…”[74]. The final consideration in selecting the language used in development was the developers familiarity with it.
In the development of the data conversion program the C# programming language was selected. The reason for this was that as the program would only be run a few times to generate the data sets initially and therefore computational efficiency wasn’t as great a concern. The C# language also has superior string manipulation functionality which made the implementation for this type of program easier with C# than it would have been with C++. 


[bookmark: _Toc480967510]Design and implementation

Agile Unified Process (AUP) is a less complex version of IBM’s Rational Unified Process. It identifies four major phases during software development. These are Inception, Elaboration, Construction and Transition [75].
Inception refers to the initial stages of the project where, from a developer point of view, the initial potential architecture is modelled and the scope of the project is defined [75]. The purpose of elaboration is to prove the systems architecture [75].
During the construction phase it is the intention that working software is delivered on a regular or iterative basis [75]. Finally, during the transition phase the software is validated and deployed in the working environment [75].
These are the overarching phases however there are iterations through these phases to deliver incremental releases. There are several aspects of the software development process which are prioritised during different iterations, these are Model, Implementation, Test, Deployment, Configuration Management, Project management and Environment [75].
Model seeks to understand the organisation and problem domain and identify potential solutions [75]. The purpose of implementation is to turn the models into executable code [75]. The test stage is where the testing is performed to establish that the code is viable [75]. AUP has a particular focus on Unit Testing.
The system is delivered during the deployment stage. Configuration, Project management and Environment refer to managing the changes to models and artefacts, directing the activities of teams and team members and ensuring the environment is suitable to achieve the goals[75].
Figure 11 shows the level of activity expected at different stages during the Inception, Elaboration, Construction and Transition. 
[image: ]
[bookmark: _Toc480965450]Figure 11 Phases of AUP [75]
During the Inception four Use Cases were identified and documented. These were Read in Data (Appendix I)., Create SOM (Appendix II)., Calculate Average (Appendix III).and Test and Output MSE (Appendix IV). An initial domain diagram was created (Appendix V). A Vision was started for the project (Appendix XVIII) as well as a Specification (Appendix XIX) and a Glossary (Appendix XX).
The first iteration addressed the Read In Data use case scenario. An iteration plan was written (Appendix V)., the Domain diagram (Appendix VII) was updated and a class diagram was written (Appendix VIII). The unit tests for the data object were then written followed by the code to pass those tests. 
The second iteration addressed the Create SOM use case scenario. Again an iteration plan was written (Appendix IX), the Domain diagram (Appendix X) was updated and a class diagram was written (Appendix XI). This was followed by the unit tests for the SOM object being written followed by the code to pass those tests. 
The third iteration created the FakeSOM object which could calculate the average of the training data set and be interrogated in the same fashion as the SOM object. Another iteration plan (Appendix XII) was written with a class diagram (Appendix XIII) and the domain diagram (Appendix XIV) was also updated. Again, unit tests were written and the code was written to pass these tests.
The fourth and final iteration was to create an object that could run the tests and output the MSE for both the SOM and FakeSOM objects. An iteration plan was written (Appendix XV), a class diagram created (Appendix XVI) and the Domain Diagram (Appendix XVII) was finalised. The final unit tests were written and the code was again written to pass these tests.
The full test and program code has been submitted electronically with this report, however, Figure 12 shows the successful completion of 213 checks conducted during the final unit testing.
[image: ]
[bookmark: _Toc480965451]Figure 12 Unit Test Results
Once the unit tests were all passed there was a small transition and deployment stage. As can be seen in Figure 13 the units were combined into a single system. As the output couldn’t be checked specifically for correctness the final system check was a simple sense check. The output was analysed as to whether it was a reasonable output. After this the experiments began as the results were the best measure for the function of the system as a whole.
[image: ]
[bookmark: _Toc480965452]Figure 13 Implemented System
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[bookmark: _Toc480967512]SOM Mean Square Error (MSE) Output Consistency 

[bookmark: _Toc480965453]Figure 14 SOM MSE Consistency










Figure 14 shows the SOM’s MSE output over twenty experiments with different initial node weights. The variance was 0.49%.


[bookmark: _Toc480967513]SOM MSE with varied Time Constant


[bookmark: _Toc480965454]Figure 15 SOM MSE with varied Time Constant against Average MSE – 200 Records
Figure 15 shows the SOM MSE output with a varied Time Constant for 200 training and testing records. Increasing the time constant value resulted in an improved MSE however the improvement exhibited an asymptotic decay.

[bookmark: _Toc480965455]Figure 16 SOM MSE with varied Time Constant against Average MSE – 500 records
Figure 16 shows the SOM MSE output with a varied Time Constant for 500 training and testing records. Increasing the time constant value resulted in an improved MSE however the degraded improvement in later cycles appear to indicate an asymptotic decay.

[bookmark: _Toc480965456]Figure 17 SOM MSE with varied Time Constant against Average MSE - 1000 Records
Figure 17 shows the SOM MSE output with a varied Time Constant for 1000 training and testing records. The increased time constant value returned improved results with notable trough at time constant value 90.



[bookmark: _Toc480965457]Figure 18 SOM MSE with varied Time Constant against Average MSE - 2000 Records
Figure 18 shows the SOM MSE output with a varied Time Constant for 2000 training and testing records. The lower time constant value returned improved results however the improvement demonstrated an asymptotic decay. The degradation in accuracy also displayed asymptotic growth. 



[bookmark: _Toc480965458]Figure 19 SOM MSE with varied Time Constant against Average MSE – 5000 records
Figure 19 shows the SOM MSE output with a varied Time Constant for 5000 training and testing records. The lower time constant value returned improved results however the improvement demonstrated an asymptotic decay. The degradation in accuracy also displayed a notable peak at time constant value 75.

[bookmark: _Toc480967514]SOM MSE with varied Initial Learning Rate


[bookmark: _Toc480965459]Figure 20 SOM MSE with varied Initial Learning Rate against Average MSE - 200 Records
Figure 20 shows the SOM MSE output with a varied Initial Learning Rate for 200 training and testing records. An increased learning rate resulted in an improved mean square error on every increase with the exception of initial learning rate value 0.6.




[bookmark: _Toc480965460]Figure 21 SOM MSE with varied Initial Learning Rate against Average MSE - 500 Records
Figure 21 shows the SOM MSE output with a varied Initial Learning Rate for 500 training and testing records. An increased learning rate resulted in an improved mean square error on every increase in initial learning rate.


[bookmark: _Toc480965461]Figure 22 SOM MSE with varied Initial Learning Rate against Average MSE - 1000 Records
Figure 22 shows the SOM MSE output with a varied Initial Learning Rate for 1000 training and testing records. An increased learning rate resulted in an improved mean square error.

[bookmark: _Toc480965462]Figure 23 SOM MSE with varied Initial Learning Rate against Average MSE - 2000 Records
Figure 23 shows the SOM MSE output with a varied Initial Learning Rate for 2000 training and testing records. An increased learning rate resulted in an improved mean square error.

[bookmark: _Toc480965463]Figure 24 SOM MSE with varied Initial Learning Rate against Average MSE - 5000 Records
Figure 24 shows the SOM MSE output with a varied Initial Learning Rate for 5000 training and testing records. An increased learning rate resulted in an improved mean square error on every increase with the exception of initial learning rate value 0.8.


[bookmark: _Toc480967515]SOM MSE with varied number of Nodes


[bookmark: _Toc480965464]Figure 25 SOM MSE with varied number of nodes against Average MSE - 200 Records
Figure 25 shows the SOM MSE output with a varied number of Nodes for 200 training and testing records. The notable trend is that increased number of nodes returns an increased MSE with peaks at 15, 64 and 121 nodes.

[bookmark: _Toc480965465]Figure 26 SOM MSE with varied number of nodes against Average MSE - 500 Records
Figure 26 shows the SOM MSE output with a varied number of Nodes for 500 training and testing records. The trend here is that increased number of nodes returns an increased MSE

[bookmark: _Toc480965466]Figure 27 SOM MSE with varied number of nodes against Average MSE - 1000 Records
Figure 27 shows the SOM MSE output with a varied number of Nodes for 1000 training and testing records. Again the trend is that increased number of nodes returns an increased MSE with some troughs at 64 and 100 nodes.

[bookmark: _Toc480965467]Figure 28 SOM MSE with varied number of nodes against Average MSE - 2000 Records
Figure 28 shows the SOM MSE output with a varied number of Nodes for 1000 training and testing records. An increase in the number of nodes returns an improved MSE with the exception of a peak at 144 nodes.

[bookmark: _Toc480965468]Figure 29 SOM MSE with varied number of nodes against Average MSE - 5000 Records
Figure 29 shows the SOM MSE output with a varied number of Nodes for 1000 training and testing records. The trend on this graph is that increased number of nodes returns an improved MSE with a distinct dip between 36 and 81 nodes.
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[bookmark: _Toc480965469]Figure 30 SOM MSE with varied redacted data against Average MSE - 200 Records
Figure 30 shows the SOM MSE output with a varied piece of redacted data for 200 training and testing records. The SOM returned its highest MSE’s on the Test Date, Postcode Area and Model.

[bookmark: _Toc480965470]Figure 31 SOM MSE with varied redacted data against Average MSE - 500 Records
Figure 31 shows the SOM MSE output with a varied piece of redacted data for 500 training and testing records. The SOM returned its highest MSE’s on the Test Date, Model and Postcode Area.


[bookmark: _Toc480965471]Figure 32 SOM MSE with varied redacted data against Average MSE - 1000 Records
Figure 32 shows the SOM MSE output with a varied piece of redacted data for 1000 training and testing records. The SOM returned its highest MSE’s on the Test Date, Postcode Area and Model.

[bookmark: _Toc480965472]Figure 33 SOM MSE with varied redacted data against Average MSE - 2000 Records
Figure 33 shows the SOM MSE output with a varied piece of redacted data for 2000 training and testing records. The SOM returned its highest MSE’s on the Test Date, Postcode Area and Model.


[bookmark: _Toc480965473]Figure 34 SOM MSE with varied redacted data against Average MSE - 5000 Records
Figure 34 shows the SOM MSE output with a varied piece of redacted data for 5000 training and testing records. The SOM returned its highest MSE’s on the Test Date, Postcode Area and Model.


[bookmark: _Toc480967517]Optimization of Time Constant

[bookmark: _Toc480965474]Figure 35 SOM MSE with varied Time Constant against Average MSE - 200 Records
Figure 35 shows the SOM MSE output with a varied Time Constant for 200 training and testing records. There is no apparent trend, however 74 returned the lowest MSE.

[bookmark: _Toc480965475]Figure 36 SOM MSE with varied Time Constant against Average MSE - 500 Records
Figure 36 shows the SOM MSE output with a varied Time Constant for 500 training and testing records. There is no distinct trend, however 70 returned the lowest MSE.


[bookmark: _Toc480965476]Figure 37 SOM MSE with varied Time Constant against Average MSE - 1000 Records
Figure 37 shows the SOM MSE output with a varied piece of Time Constant for 1000 training and testing records. There is no clear trend, however 92 returned the lowest MSE.

[bookmark: _Toc480965477]Figure 38 SOM MSE with varied Time Constant against Average MSE - 2000 Records
FIGURE shows the SOM MSE output with a varied Time Constant for 2000 training and testing records. As the time constant value increases so does the MSE. A time constant of 20 returned the lowest MSE.



[bookmark: _Toc480965478]Figure 39 SOM MSE with varied Time Constant against Average MSE - 5000 Records
Figure 39 shows the SOM MSE output with a varied Time Constant for 5000 training and testing records. As the time constant value increases so does the MSE. A time constant of 12 returned the lowest MSE.





[bookmark: _Toc480967518]Optimization of Initial Learning Rate


[bookmark: _Toc480965479]Figure 40 SOM MSE with varied Initial Learning Rate against Average MSE- 200 Records
Figure 40 shows the SOM MSE output with a varied Initial Learning Rate for 200 training and testing records. As the learning rate increases the MSE decreases with 0.9 returning the lowest MSE.

[bookmark: _Toc480965480]Figure 41 SOM MSE with varied Initial Learning Rate against Average MSE - 500 Records
Figure 41 shows the SOM MSE output with a varied Initial Learning Rate for 500 training and testing records. As the learning rate increases the MSE decreases with 0.9 returning the lowest MSE.


[bookmark: _Toc480965481]Figure 42 SOM MSE with varied Initial Learning Rate against Average MSE - 1000 Records
Figure 42 shows the SOM MSE output with a varied Initial Learning Rate for 1000 training and testing records. After a distinct fall in MSE from learning rate 0.1 to 0.2 the MSE is reasonable consistent, however 0.7 returned the lowest MSE.

[bookmark: _Toc480965482]Figure 43 SOM MSE with varied Initial Learning Rate against Average MSE - 2000 Records
Figure 43 shows the SOM MSE output with a varied Initial Learning Rate for 2000 training and testing records. After a distinct fall in MSE from learning rate 0.1 to 0.4 the MSE is reasonable consistent with 0.9 returning the lowest MSE.

[bookmark: _Toc480965483]Figure 44 SOM MSE with varied Initial Learning Rate against Average MSE - 5000 Records
Figure 44 shows the SOM MSE output with a varied Initial Learning Rate for 5000 training and testing records. After a clear fall in MSE from learning rate 0.1 to 0.5 the MSE is reasonable consistent with 0.8 returning the lowest MSE.


[bookmark: _Toc480967519]Further Optimization of Initial Learning Rate


[bookmark: _Toc480965484]Figure 45 SOM MSE with varied Initial Learning Rate against Average MSE - 200 Records
Figure 45 shows the SOM MSE output with a varied Initial Learning Rate for 200 training and testing records. At this granular an initial learning rate there appears to be no clear trends.

[bookmark: _Toc480965485]Figure 46 SOM MSE with varied Initial Learning Rate against Average MSE - 500 Records
Figure 46 shows the SOM MSE output with a varied Initial Learning Rate for 500 training and testing records. There appears to be a slight correlation between the increase in initial learning rate and the MSE.


[bookmark: _Toc480965486]Figure 47 SOM MSE with varied Initial Learning Rate against Average MSE - 1000 Records
Figure 47 shows the SOM MSE output with a varied Initial Learning Rate for 1000 training and testing records. At this granular an initial learning rate there appears to be no clear trends.


[bookmark: _Toc480965487]Figure 48 SOM MSE with varied Initial Learning Rate against Average MSE - 1000 Records
Figure 48 shows the SOM MSE output with a varied Initial Learning Rate for 2000 training and testing records. Again there are no clear trends at this level.

[bookmark: _Toc480965488]Figure 49 SOM MSE with varied Initial Learning Rate against Average MSE - 5000 Records
Figure 49 shows the SOM MSE output with a varied Initial Learning Rate for 5000 training and testing records. There are no apparent trends at this granularity however 0.77 returned the lowest MSE.
[bookmark: _Toc480967520]Optimization of number of Nodes


[bookmark: _Toc480965489]Figure 50 SOM MSE with varied number of nodes against Average MSE - 200 Records
Figure 50 shows the SOM MSE output with a varied number of Nodes for 200 training and testing records. There are no apparent trends however 36 and 121 nodes returned the lowest MSE.

[bookmark: _Toc480965490]Figure 51 SOM MSE with varied number of nodes against Average MSE - 500 Records
Figure 51 shows the SOM MSE output with a varied number of Nodes for 500 training and testing records. There are no apparent trends however 25 and 121 nodes returned the lowest MSE.

[bookmark: _Toc480965491]Figure 52 SOM MSE with varied number of nodes against Average MSE - 1000 Records
Figure 52 shows the SOM MSE output with a varied number of Nodes for 1000 training and testing records. There are no apparent trends however 25 nodes returned the lowest MSE.

[bookmark: _Toc480965492]Figure 53 SOM MSE with varied number of nodes against Average MSE - 2000 Records
Figure 53 shows the SOM MSE output with a varied number of Nodes for 2000 training and testing records. There are no apparent trends however 36 and 64 nodes returned the lowest MSE.

[bookmark: _Toc480965493]Figure 54 SOM MSE with varied number of nodes against Average MSE - 5000 Records
Figure 54 shows the SOM MSE output with a varied number of Nodes for 5000 training and testing records.


[bookmark: _Toc480967521]Optimal Calibration per Number of Records
[bookmark: _Toc480967522]Time Constant

[bookmark: _Toc480965494]Figure 55 Optimal Time Constant Values
Figure 55 shows the optimal time constant value for the different sizes of data set tested.
[bookmark: _Toc480967523]Initial Learning Rate

[bookmark: _Toc480965495]Figure 56 Optimal Initial Learning Rate Values
Figure 56 shows the optimal initial learning rate value for the different sizes of data set tested.
[bookmark: _Toc480967524]No. of Nodes

[bookmark: _Toc480965496]Figure 57 Optimal number of Nodes
Figure 57 shows the optimal number of nodes for the different sizes of data set tested.


[bookmark: _Toc480967525]SOM MSE Output per Number of Records (Optimal Calibration)


[bookmark: _Toc480965497]Figure 58 SOM MSE against Average MSE 
Figure 58 shows the average and SOM imputation MSE for each size of dataset. It is clear that the SOMs MSE tracks below that of the mean imputation.

[bookmark: _Toc480967526]Discussion 

[bookmark: _Toc480967527]SOM Mean Square Error (MSE) Output Consistency

Figure 14 displays the results when the SOM was initialized with different values for the nodes connection weights for twenty experiments. The variation in MSE output across the twenty experiments was 0.49%.
This extremely low variance indicates that the map is training to a very similar state regardless of its initial values. As identified previously randomly distributed nodes in a SOM are expected to have organised themselves by the end of the training process[19].
This would indicate that the SOM is training correctly as, given the same training and testing data, it trains to a nearly consistent state regardless of its initial node distribution.

[bookmark: _Toc480967528]SOM MSE with varied Time Constant

To test the effect of a change in the time constant parameter the experiment was run on each set of testing and training data with the time constant parameter set between five and one hundred in increments of five.
It is clear from figures 15 – 19 that for the smaller data sets, 200-1000, the mean square error improves as the time constant value increases. For the larger datasets, 2000 and 5000, the mean square error improves with a lower time constant value. This may indicate an inverse correlation between the most effective time constant value and the number of records in the data set.




[bookmark: _Toc480967529]SOM MSE with varied Initial Learning Rate

When considering figures 20 – 24 there is a general trend across all the data sets when the initial learning rate is varied. As the learning rate increases the mean square error decreases. 
This may be expected as the design of the SOM requires the nodes to adapt more to new input vectors during the early stages of training and for this to decrease as the number of training epochs increase to refine the clusters.
Starting with a smaller initial learning rate doesn’t allow for the larger adaptations that are required to be made in the early stages of training.


[bookmark: _Toc480967530]SOM MSE with varied number of Nodes

It is clear from the results in figures 25 - 29, of the variation in number of nodes, that for data sets of size 200-1000 a smaller number of nodes return a better mean square error than a larger number. However, the opposite is true for the 2000 and 5000 data sets.
This is in line with what might be expected as a larger number of nodes would better represent larger datasets and smaller numbers of nodes better represent smaller data sets.
Ranka et al advise that “The number of nodes should be more than the number of possible clusters for the problem, but smaller than the number of training samples”[19]. However, for this experiment it was not possible to determine the number of possible clusters. 

[bookmark: _Toc480967531]SOM MSE with varied pieces of Redacted Data

This section discusses figures 30 – 34.
[bookmark: _Toc480967532]Random redaction
The element that was redacted was randomly generated on each iteration. This gives a generalised result which is roughly the average of the SOM’s performance on all the elements. It is roughly the average of the results for each individually redacted data item as would be expected.

[bookmark: _Toc480967533]Test Date Redacted
The SOM returned its first or second highest mean square error for each sized data set when tested with the test date redacted. This may be due to the fact that the test date has little to no association with the other data, such as make, model, colour, and mileage, and therefore won’t cluster accurately.

[bookmark: _Toc480967534]Test Class
The SOM returned a low mean square error when the test class data was redacted but this may be due to the limited range of eight categories for a test class (Appendix XXI).

[bookmark: _Toc480967535]Test Type
The SOM returned a low mean square error when the test type data was redacted but this may be due to the limited range of six categories for a test type (Appendix XXI).

[bookmark: _Toc480967536]Test Result
The SOM returned a low mean square error when the test result data was redacted but this may be due to the limited range of six categories for a test result (Appendix XXI).

[bookmark: _Toc480967537]Test Mileage
The SOM returned a low mean square error when the test mileage data was redacted. This may be due to high a relationship to other data in the vector such as date of first use, test result and model (Appendix XXI).

[bookmark: _Toc480967538]Postcode
The SOM’s mean square error was second or third worse when imputing postcode on all sizes of data set. This may again be due to a low relation to the other data held in the vector which would make it harder to cluster.

[bookmark: _Toc480967539]Make
The SOM was consistently fourth worst at predicting the make of the vehicle on every size of data set. This may be because the make has little relation to other data in the vector or 5000 records may not be a large enough sample to be able to represent the subtler relations in the data.
The SOM was more accurate at imputing the make of the car than it was the model however, which may indicate a stronger relation to other information in the vector or may be due to the fact that there are a smaller number of makes than models.

[bookmark: _Toc480967540]Model 
The SOM returned its first or second highest mean square error for each data set when tested with the model redacted. This is unusual as it might have been expected that the models high degree of relationship with other information in the data set, in particular the make, would have improved the mean square error. It is however possible that the high number of different models makes it more difficult to cluster them accurately.
It should also be noted that intra relations among the models is not numerically represented by the data conversion program. For example, a VW Golf and VW Golf GTI would not have any relation in their numeric representation that’s passed to the SOM.



[bookmark: _Toc480967541]Colour
The SOM returned a low mean square error for the colour of the vehicle but this is likely again due to the limited number of colours in the data set.

[bookmark: _Toc480967542]Fuel Type 
The SOM returned a low mean square error for the fuel type of the vehicle but this is likely again due to there being only nine categories of fuel type.

[bookmark: _Toc480967543]Cylinder Capacity
The SOM returned a low mean square error when imputing the cylinder capacity. This is potentially due to a high degree of relationship to other information such as test type, test category or fuel type. Any relationships would also be well represented in its numeric representation.

[bookmark: _Toc480967544]Date of First Use
The SOM returned a low mean square error when imputing the date of first use. This may have been due to high relation to other data in the data set such as model, cylinder capacity and test mileage.



[bookmark: _Toc480967545]Optimization of Time Constant

To attempt to optimize the SOM’s mean square error as much as possible a single data item was chosen to be redacted. It was decided that the date of first use would be tested as it had a good range of values and had neither the best nor worst mean square error.
The value that returned the lowest mean square error for each size data set was selected.
The experiment was then carried out with a time constant value varied around its previous value for each data set to establish the optimal value for each. Table 1 contains the identified optimal values

	No. of Records
	Time Constant Value

	200
	74

	500
	70

	1000
	92

	2000
	20

	5000
	12


[bookmark: _Toc480965432][bookmark: _Toc480965436]Table 1 Optimization of Time Constant



[bookmark: _Toc480967546]Optimization of Initial Learning Rate

Once the optimal values for the Time Constant had been identified the initial learning rate value was varied through 0.1 - 0.9 to find the optimal value for the initial learning rate. Table 2 contains the identified optimal values for the initial learning rate.
	No. of Records
	Initial Learning Rate

	200
	0.9

	500
	0.9

	1000
	0.7

	2000
	0.9

	5000
	0.8


[bookmark: _Toc480965433][bookmark: _Toc480965437]Table 2 Optimization of Initial Learning Rate


[bookmark: _Toc480967547]Further Optimization of Initial Learning Rate

Once the initial optimal values for the initial learning rate had been identified the initial learning rate value was varied around the optimal, by decimal place, to further improve the accuracy. Table 3 contains the identified further optimized values for the initial learning rate.

	No. of Records
	Initial Learning Rate

	200
	0.82

	500
	0.84

	1000
	0.71

	2000
	0.87

	5000
	0.77


[bookmark: _Toc480965434][bookmark: _Toc480965438]Table 3 Further Optimisation of Initial Learning Rate
[bookmark: _Toc480967548]Optimization of number of Nodes
After identifying the optimal initial learning rate and time constant for each sized data set the testing cycle was run again with the number of nodes varied for each cycle to establish the optimal number. Table 4 shows the optimal number of nodes identified for each size of data set:

	No. of Records
	No. of Nodes

	200
	121 

	500
	25

	1000
	25

	2000
	100

	5000
	225


[bookmark: _Toc480965435][bookmark: _Toc480965439]Table 4 Optimization of number of Nodes
From five hundred to five thousand records there is a clear correlation between the size of the data set and the number of nodes in the map. This would indicate that as the size of the data set increases so does the number of clusters which is logical.
When there are only two hundred records it would appear that more nodes are better, however, the mean square error of the map with thirty-six nodes was extremely close. 
Also Ranka et al advise “The number of nodes should be more than the number of possible clusters for the problem, but smaller than the number of training samples”[19]. As it was not possible to identify the possible number of clusters it may be that 121 nodes is greater than the number of possible clusters as there were only two hundred records.



[bookmark: _Toc480967549]SOM MSE

After optimizing the SOM it is clear from figure 58 that it is possible to return a better than average imputation for missing data for each size of data set. It is also clear however that the mean square error of the SOM tracks just below the mean square error for a mean average imputation.


[bookmark: _Toc480967550]Conclusion

It can be concluded from the research undertaken that SOM’s are capable of being more accurate than a mean imputation method. The improvement that can be achieved at this stage appears to minor, however, it is consistently more accurate across the sizes of data sets tested.
The SOM program is functioning as the prior research indicated it would. In most cases the results of the changes to different parameters has an impact in line with that indicated by the research conducted in the literature review. The map consistently trains to a state within a variance of 0.49% with different initial node distributions when trained with the same data.
The optimal initial learning rate is high as would be expected to allow for the exponential decay to create and refine clusters. Data that has been represented well by the data converter and has a high relation to other data in the data set returns a lower mean square error and the converse is true. 
Finally, there is a correlation between the optimal number of nodes and the number of records used to train the SOM as specifically identified in the literature review.
As identified in the introduction the successful completion of this project required the completion of five objectives. Sample databases of real world data were created for testing and training.
A Kohonen Self Oraganising Map (SOM) was designed and developed and trained using the data. Redacted test data was generated and the mean square error of the SOM and mean average imputation was calculated. Using these metrics, the comparative accuracy of the two methods have been assessed.
As these objectives were successfully completed it allowed for the experiment to, at least partially, successfully complete its aim of investigating the effectiveness of Kohonen Self Organising Maps on the accuracy of mean imputation for missing data in large data sets. It successfully proved that a SOM is capable of a more accurate imputation, however, it is not a full investigation into its effectiveness.
Overall the experiments returned results that were in line with expectations. This is linked to the fact that many of the behaviours of the SOM written for the experiment were identified during the literature review. 
As this is original research there were no preconceptions as to whether the SOM would be more accurate although the results are in line with the hypothesis being tested.
After completing the project it has been possible to identify some areas where the methodology could have been improved. It would have been better if the data converter used to convert the source data into a format that the SOM used was better at representing relations between text based data such as models.  
Whilst all models with the exact same name have the same representation different versions of the same models would have no relation in their numerical representation.
The range of sizes of data sets could also have been increased. Datasets of sizes two hundred to five thousand were selected to give a good statistical range but not take too long computationally. A far wider range of sizes could have helped identify trends that the smaller range didn’t identify.
These experiments were run with the same number of training and testing samples in each case. It is likely that useful applications of this technology will require it to be accurate when trained on fewer training samples than test samples. It would therefore be interesting to rerun these experiments with a varied number of testing and training records.
It would also have been useful to have measured the computational efficiency of the SOM and mean imputation to establish which was the most efficient method.
Whilst this project focused on assessing the SOMs accuracy compared to mean imputation it is possible to compare and contrast the SOM methodology to those used previously in this field. 
When the SOM methodology is assessed against the mean substitution method we can see from the results of these experiments that it is possible for the SOM to be more accurate. The counter to this however, it that the SOM is a much more complex system to implement. This results in higher initial set up costs for a limited return in improved accuracy.
There are some similarities between the hot and cold deck imputation methods and the SOM method. The hot and cold deck methods attempt to group records based on similarity and use those to impute a result. The SOM produces a single representation that, if functioning correctly, is representative of a group of records. An advantage of the SOM method is that it is able to remove the need for a further imputation.
Similar to hot or cold deck imputation, linear regression seeks to identify trends in data and uses these to impute results. This is also similar to the function of the SOM which also seeks to represent groups of data. A disadvantage of the regression imputation method is that it requires the correct model to be effective. However, the SOM should work on any data but does need to be calibrated.
Regression based nearest neighbour is the most like the SOM method. When grouping data and then using a numerical model to impute a value for that group of data the regression based nearest neighbour achieves in two steps what the SOM seeks to achieve in one.
In summary, it is clear from the research undertaken that the SOM is capable of improving on the accuracy of a mean imputation in some circumstances. This set of experiments focussed on a relatively narrow range in order to prove the concept. 
Further work would be required to prove the usefulness of this technique, especially considering the minimal improvement shown over a mean imputation. However, if the further research proved successful, there are a range of potential applications. The potential further research and applications are discussed below.



[bookmark: _Toc480967551]Further Research

Some further research can be completed with the program developed for these experiments. Larger data sets could be generated and used to give a bigger range of data set sizes for the experiments. This could assist with identifying trends that were outside the scope of this project.
These experiments also focused on a single consistent piece of redacted data after the initial tests and optimal values found for imputing that piece of data. The optimal values for the other eleven pieces of data could also be established as well as the optimal values for a randomly redacted piece of data.
With some relatively minor adaptations the data converter and SOM programs can be used to run these experiments on other types of real world data to establish what range of information the SOM is capable of returning improved imputations for.
By running these experiments on different real world data records that have more or less elements than the 12 used in these experiments it would be possible to establish the impact different amounts of related information in a record has on the SOM’s mean square error.
This technique could also be compared to the accuracy of other imputation techniques identified in the literature review such as linear regression, decision tree imputation or last observation carried forward. This would establish whether the SOM can be more accurate than these techniques as well.
If the data conversion program were amended to better represent intra relationships between text values, then it would be possible to identify the impact that has on the SOM’s mean square error for those pieces of data.
It is also possible to continue to refine the optimal values established in these experiments further by varying the next decimal place down. This should continue to improve the SOM’s mean square error and help to identify which point the refinements no longer yield improvements.


[bookmark: _Toc480967552]Potential Applications

Whilst in its current form there are few if any applications for the technique, should further research prove successful and the SOM is capable of delivering statistically significantly better imputations there are a wide range of potential applications.
The first application would be the application this experiment was built to test which is improved data imputation. This would allow for more accurate analysis of data set which have missing information.
Beyond this there would be opportunities to use this technology for making predictions and medical diagnoses. If the technique could be refined to a degree that it returns relatively accurate results, then it could be used to predict the results of hypothetical situations where there is existing data. 
An example of this could be a service for car buyers where they input the details of the vehicle and it predicts whether it will be passing its MOT in three or five years. This could be achieved by modifying the cars age to three or five years older before presenting it to the SOM.
It may also be possible to use this technique to help diagnose medical conditions. If the symptoms were presented to the SOM but the diagnoses were presented as a redacted value the SOM could return the most likely diagnoses.





[bookmark: _Toc480967553]Reflection 

Upon reflection, there are a number of things I have identified during the course of this project that I feel have helped me develop as an individual. These fall broadly into two categories, practical and personal. 
On a practical level are certain processes and methods I would employ differently as well as changing aspects of the way in which I work. On a personal level I feel there are lessons I have taken from this project which will assist me in similar situations in future.
Although I selected AUP due to its flexibility I feel that I didn’t take enough advantage of this initially. I feel that I spent too much effort trying to make my project fit the requirements of AUP when it I should have taken more advantage of the fact that you supposed to adapt AUP to your project.
I have also learnt that, at least while I’m still learning, I am better off making the iterations in any development short. The reason for this is that I am not at a stage where I am able to identify many of the potential issues that will be encountered during design so it is more effective for me to design a small amount and then try coding it. 
This means if it turns out to be wrong, too complex or complicated there hasn’t been a large amount of effort creating the design documents. Again, this is an approach that is advocated by the AUP however I was slow in embracing it.
In terms of my working practices I feel that I underestimated the importance of good organisation. In future projects, I would use a project diary to allow me to record what I have completed and the important dates for the project but most importantly to keep track of all the little bits that need completing but are easy to forget and lose track of.
As well as the need for good organisation I also feel that this project has shown me how important it is to keep calm and keep going. It is easy to feel overwhelmed but it’s important to just keep doing the best you can and eventually you’ll get through it.
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Usecase: UC1 Read in data

Primary actor: User

Stakeholders and Interests:
ANN requires formatted data
User wants data to be read from file, formatted and input to ANN automatically
User wants data to be input correctly
User wants to select amount of data
User wants to select input file

Preconditions:
Data file exists with sufficient data

Success guarantee:
Correct amount of data is taken from the file, formatted correctly and input to ANN. 

Main Success Scenario:
User identifies input file
User selects amount of information to input
System reads data from file
System formats data and inputs to ANN


Extensions:
Input file doesn’t exist
System exits
Insufficient information in input file
Error message is displayed through UI notifying user of maximum inputs
Available data read in
If the input file isn’t formatted correctly an error message is displayed to the user
The system exits

Special requirements:
None

Technology and Data variations:
System will only run on one file format

Frequency of Occurrence:
Every time the system is run

Open issues:
Input file format yet to decided
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Usecase: UC2 Create SOM

Primary actor: User

Goal: Generate a SOM object ready for training and testing

Success:
The user inputs a data file for analysis and asks the system to generate SOM object capable of dealing with that specific data set. This includes the number of elements in the data set as well ass the size of map required.

Alternate:
If the data is in the wrong file format or the file doesn’t exist the system will exit.

[bookmark: _Toc480967557]Appendix III – UC2 Calculate Average
Usecase: UC2 Calculate Average

Primary actor: User

Goal: Calculate Average for mean substitution imputation
Success:
The user inputs a data file for analysis and asks the system to generate an average object capable of dealing with that specific data set. This includes the number of elements in the data set as well ass the size of map required. The object then calculates the average for that data set and stores it ready for interogation

Alternate:
If the data is in the wrong file format or the file doesn’t exist the system will exit.
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Usecase: UC3 Evaluate Statistical Performance

Primary actor: User

Stakeholders and Interests:
User wants the statistical performance of the SOM’s clustering recorded for evaluation as well that of the average imputation for comparison.

Preconditions:
Data has been read in from file (UC1)
Complete data and the redacted field has been recorded (UC2)
Already clustered data is available

Success guarantee (postconditions):
The system will calculate the SOM’s percentage probability of a correct imputation on limited discrete data fields against that of base probability. It will also calculate the mean square errorof the two imputation techniques.
Main Success Scenario:
SOM will cluster data with a redacted field
The system will use the known values for the clustered data to calculate the mean average of the clustered dataset for the redacted field
The system will calculate the mean average for the redacted field for the entire dataset
The system will compare mean average of the entire dataset and the clustered dataset against the original correct value and store the positive difference of the two imputations
The system will output a report on the measures it is recording

Extensions (alternate flow):
Complete data not available
System exits
Can’t access SOM inputs and outputs
System exits

Special requirements:
Need to have access to the inputs and outputs of the SOM
Needs to have access to the full dataset

Technology and Data variations:
None

Frequency of Occurrence:
Every run after learning

Open issues:
Format of statistical performance information
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Elaboration: Iteration 1

Iteration Plan
[bookmark: 1.__________________Introduction]1.                  Introduction
This is the iteration plan for the first iteration of Elaboration 1.

[bookmark: 1.1_______________Purpose]1.1               Purpose
The purpose of this iteration plan is to define the scope, resources and evaluation criteria for this iteration. It will also detail the plan for delivery of this iteration in the form of an iteration timeline Gantt chart.
[bookmark: 1.2_______________Scope]1.2               Scope
The scope of this iteration is to deliver an object that can read in test and training data from a database and store it for interrogation
[bookmark: 1.3_______________Definitions,_Acronyms_]1.3               Definitions, Acronyms and Abbreviations
Technical definitions and definitions for acronyms and abbreviations used in this document are clarified in the Glossary document.
[bookmark: 1.4_______________References]1.4               References
UC1: Read in Data 12/12/16, Jamie McBride, Use Case Scenarios
[bookmark: 1.5_______________Overview]1.5               Overview
The following, Plan, section contains the timeline for this iteration including any milestones and the expected commencement and completion of testing for this iteration. Section 3 lists the resources required to complete this iteration. 
The Use Cases section lists the Use Cases which are associated with this iteration. Finally, the fifth section, Evaluation Criteria defines the criteria by which the success or failure of the iteration can be measured.

[bookmark: 2.__________________Plan]2.                  Plan

Code writing commences: 12/12/16
Testing commences: 19/12/16

[bookmark: 3.__________________Resources]3.                  Resources
- C++ Programmer
- Computer with Visual Studio IDE
- Catch Unit Testing Framework

[bookmark: 4.__________________Use_Cases]4.                  Use Cases
UC1: Read in data

[bookmark: 5.__________________Evaluation_Criteria]5.                  Evaluation Criteria
The main evaluation metric for this iteration will be the unit testing conducted on the code produced to ensure data is being read correctly. As this iteration is only expected to produce a correctly structured and initialised data object
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Elaboration: Iteration 2

Iteration Plan
1.                  Introduction
This is the iteration plan for the second iteration of Elaboration.
1.1               Purpose
The purpose of this iteration plan is to define the scope, resources and evaluation criteria for this iteration. It will also detail the plan for delivery of this iteration.
1.2               Scope
The scope of this iteration is to deliver a SOM object ready for the training iteration
1.3               Definitions, Acronyms and Abbreviations
Technical definitions and definitions for acronyms and abbreviations used in this document are clarified in the Glossary document.
1.4               References
UC2: Create SOM 12/12/16, Jamie McBride, Use Case Scenarios
1.5               Overview
The following, Plan, section defines the timeline for this iteration including any milestones and the expected commencement and completion of testing for this iteration. Section 3 lists the resources required to complete this iteration. 
The Use Cases section lists the Use Cases which are associated with this iteration. Finally, the fifth section, Evaluation Criteria defines the criteria by which the success or failure of the iteration can be measured.

2.                  Plan

Code writing commences: 01/01/2017
Testing commences:08/01/2017

3.                  Resources
- C++ Programmer
- Computer with Visual Studio IDE
- Catch Unit Testing Framework

4.                  Use Cases
UC2: Create SOM

5.                  Evaluation Criteria
The main evaluation metric for this iteration will be the unit testing conducted on the code produced. As this iteration is only expected to produce a correctly structured and initialised SOM object.
The basic constructor should initialise the mapSize, timeConstant, timeStep, numNodes, mapWidth and initialLearningRate member variables for the SOM object to the -1 error value and return a SOM object.
The overloaded constructor should initialise the relevant member variables provided in as constructor parameters. It should also set the address of the associated Data object in the data member variable. The mapSize and timestep member variables will be initialised to zero for a new SOM object. 
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Elaboration: Iteration 3

Iteration Plan
1.                  Introduction
This is the iteration plan for the third iteration of Elaboration.
1.1               Purpose
The purpose of this iteration plan is to define the scope, resources and evaluation criteria for this iteration. It will also detail the plan for delivery of this iteration.
1.2               Scope
The scope of this iteration is to deliver a average object ready that can calculate the average of the data set.
1.3               Definitions, Acronyms and Abbreviations
Technical definitions and definitions for acronyms and abbreviations used in this document are clarified in the Glossary document.
1.4               References
UC3: Calculate Average12/12/16, Jamie McBride, Use Case Scenarios
1.5               Overview
The following, Plan, section defines the timeline for this iteration including any milestones and the expected commencement and completion of testing for this iteration. Section 3 lists the resources required to complete this iteration. 
The Use Cases section lists the Use Cases which are associated with this iteration. Finally, the fifth section, Evaluation Criteria defines the criteria by which the success or failure of the iteration can be measured.

2.                  Plan

Code writing commences: 12/01/2017
Testing commences:16/01/2017

3.                  Resources
- C++ Programmer
- Computer with Visual Studio IDE
- Catch Unit Testing Framework

4.                  Use Cases
UC3: Calculate Average SOM

5.                  Evaluation Criteria
The main evaluation metric for this iteration will be the unit testing conducted on the code produced. As this iteration is only expected to produce an average object which can calculate the average of a data set.
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Elaboration: Iteration 4

Iteration Plan
1.                  Introduction
This is the iteration plan for the third iteration of Elaboration.
1.1               Purpose
The purpose of this iteration plan is to define the scope, resources and evaluation criteria for this iteration. It will also detail the plan for delivery of this iteration.
1.2               Scope
The scope of this iteration is to deliver a system which can read in data, calculate the mean and SOM MSE and record this.
1.3               Definitions, Acronyms and Abbreviations
Technical definitions and definitions for acronyms and abbreviations used in this document are clarified in the Glossary document.
1.4               References
UC3: Test and Output MSE 12/12/16, Jamie McBride, Use Case Scenarios
1.5               Overview
The following, Plan, section defines the timeline for this iteration including any milestones and the expected commencement and completion of testing for this iteration. Section 3 lists the resources required to complete this iteration. 
The Use Cases section lists the Use Cases which are associated with this iteration. Finally, the fifth section, Evaluation Criteria defines the criteria by which the success or failure of the iteration can be measured.

2.                  Plan

Code writing commences: 26/01/2017
Testing commences:14/03/2017

3.                  Resources
- C++ Programmer
- Computer with Visual Studio IDE
- Catch Unit Testing Framework

4.                  Use Cases
UC4: Test and Output MSE

5.                  Evaluation Criteria
The main evaluation metric for this iteration will be the unit testing conducted on the code produced. The system will be then tested on a real data set and the output analysed for errors.
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Vision
1.                  Introduction
The purpose of this document is to collect, analyse, and define high-level needs and features of the SOM Artificial Neural Network. It focuses on the capabilities needed by the stakeholders, and the target users, and why these needs exist. The details of how the SOM Artificial Neural Network fulfils these needs are detailed in the use-case and supplementary specifications.
[bookmark: 1.1_______________References]1.1                              References
[bookmark: 2.__________________Positioning]
2.                  Positioning
[bookmark: 2.1_______________Problem_Statement]
2.1 Problem Statement

	The problem of
	Imputing missing data in large datasets

	affects
	Companies and individuals working with large datasets that contain missing or corrupted data.

	the impact of which is
	Data analysis accuracy is impeded when conducted on datasets with missing/corrupted data. This can result in them reaching poor or misleading analysis

	a successful solution would be
	A system capable of finding clusters within data which can improve data imputation accuracy leading to greater data analysis accuracy.


[bookmark: 2.2_______________Product_Position_State]
2.2               Product Position Statement

	For
	Jamie McBride

	Who
	Needs it for his final year project

	The SOM ANN
	 Is an experimental and academic product

	That
	Will help with understanding the effectiveness of ANN’s in data imputation

	Unlike
	Traditional statistical techniques

	Our product
	Attempts to group data to reduce noise in datasets prior to imputation methods being applied


[bookmark: 3.__________________Stakeholder_and_User]


3.  Stakeholder and User Descriptions
[bookmark: 3.1_______________Stakeholder_Summary]3.1Stakeholder Summary

	Name
	Description
	Responsibilities

	User
	There will only be one user for this product who will be the individual conducting the experiment
	The user has total responsibility for this project and will be the sole user. Their responsibilities include:
- ensures system meets requirements (testing)
- produces design documentation and implements in code
- monitors the project's progress 
- locate test and training data
- selects tools being used
- overall system performance



[bookmark: 3.2_______________User_Summary]
3.2 User Summary
	Name
	Description
	Responsibilities
	Stakeholder

	System user
	The sole user of the system. System is being produced and used by this user
	- obtains input data
- selects learning rate and other parameters
- analysing output 

	This stakeholder is represented by themselves


 
[bookmark: 3.3_______________User_Environment]3.3               User Environment

There will be only one person working with this product
The user will need the system to be able to run for periods without supervision
The system will need to run on Windows
As this is a one-off project the system is only required to function for the duration of the product. No changes in platform are expected
There aren’t any existing systems that need to be integrated with


[bookmark: 3.4_______________Key_Stakeholder_/_User]3.4               Key Stakeholder or User Needs

	Need
	Priority
	Concerns
	Potential Solutions

	User selects data source
	
	The user needs to specify different data sources for input
	System allows user to select input files

	System needs to run batches of inputs
	
	The system will need to run automatically with different data inputs
	Run from command line so that it can be run with batch files

	User needs choice of how to redact data
	
	The system will need to redact data based on the decisions of the user
	User to have options as to what data to redact

	Evaluate performance automatically
	
	The system will need to be able to evaluate its performance against traditional statistical methods
	System able to produce traditional statistical values, SOM based imputations and compare these to real world values

	User needs to set parameters such as learning rate for each run
	
	The system will need to be able to receive new learning rate and other parameters or each run so that the user can adjust these
	System capable of reading in parameters from user input of file

	
	
	
	
	


 
[bookmark: 3.5_______________Alternatives_and_Compe]
3.5               Alternatives and Competition
There are no alternatives or competition for this software as it needs to be bespoke to the experiment being conducted. 

[bookmark: 4.__________________Product_Overview]

4.                  Product Overview
[bookmark: 4.1_______________Product_Perspective]
4.1               Product Perspective
The product is independent of any other systems and is totally self-contained. This is due to the fact that it is a bespoke system being produced to conduct a specific experiment.

[bookmark: 4.2_______________Assumptions_and_Depend]4.2               Assumptions and Dependencies

Windows Operating System is available
Command line is available able to run batch files
System is not required for more than this experiment

[bookmark: 5.__________________Product_Features]5.                  Product Features

	Feature
	Priority
	Benefit
	Risks

	Read in data from file
	
	The user does not have to input data manually and can be used in batch scripts
	System incorrectly reads in data
User defined file not available
User defined file missing


	Randomly or selectively redact data
	
	The user can specify what fields to redact or to redact randomly. Experiment can be conducted under different conditions
	Too much data is redacted to work effectively
Random redact isn’t random
Selected fields aren’t redacted

	User select proportion of data to redact
	
	The user can specify what proportion to redact. Experiment can be conducted under different conditions
	Too much data is redacted
Data isn’t redacted that should be affecting evaluation

	User to select training parameters for network
	
	Allows user to train the network under different parameters
	Parameters are unreasonable
Parameters are missing

	Complete traditional statistical imputation
	
	Allows the system to evaluate its performance against traditional techniques
	Incorrect imputation affects the evaluation metrics accuracy

	Select records based on their activation group
	
	Allows the system to produce reduced datasets for data imputation methods to be applied
	Incorrect selection could affect evaluation metrics
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Supplementary Specification

Introduction
This document contains all the requirements for the SOM imputation experiment software.

Functionality
Error logging:
The system should log errors to a text file 
Meta data:
Meta data about models when generated and used should be recorded in text files

Usability
Batch files:
The system should be able to run from the command line so that batch files can be used to run it

Reliability
The model should be stored on permanent storage after generation, training and amendments to ensure that training time is not wasted.

Performance
The system needs to be as quick and efficient as possible to allow for as much training and experimentation to be conducted within the time frame as possible.

Supportability
Configurability:
The system must be able to run from the console so that batch files can be used to run training samples

Implementation constraints:
The system must be constructed only with freely available components. 
The implementation, in terms of code, must be written entirely by the individual conducting the experiment

Purchased Components
None

Free of Open Source Components
C++ Libraries -  including Boost
Visual Studio – provided by Microsoft free via Imagine for students

Interfaces
The system needs to be able to run from the command line interface

Domain Rules

	ID
	Rule
	Changeability
	Source

	1
	Any code that isn’t original must be referenced
	None
	UWTSD University Regulations Undergraduate Student Guide Sept 2016

	2
	Work must be submitted by deadline unless approved by UWTSD
	None
	UWTSD University Regulations Undergraduate Student Guide Sept 2016




Legal Issues
There are no legal issues attached to this project. The data that is being used is freely available to the public under the Open Government Licence.


Information in Domains of Interest

Sample Data:
The sample data used for this system is MOT data provided under the terms of the Open Government Licence. These terms are available at:
http://www.nationalarchives.gov.uk/doc/open-government-licence/version/3/
There are instructions on its formatting and use available at:
https://data.gov.uk/dataset/anonymised_mot_test

Construction:
All aspects of this project must comply with the University of Wales’ terms and conditions; these can be found at:
http://www.uwtsd.ac.uk/media/uwtsd-website/content-assets/documents/academic-office/regulations-student-guides/university-regulations-undergraduate-student-guide.pdf
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Glossary
1.                  Introduction
This document contains definitions for terminology used in the SOM ANN project documentation which may be technical terms from the data imputation and Artificial Neural Network fields.

1.1               Purpose
The purpose of this document is to provide interested parties with definitions for terminology used in the SOM ANN project documentation. It is to provide clarity to those using said documentation.

1.2               Scope
This glossary solely relates to the SOM ANN project and its associated documentation.

[bookmark: 1.3_______________References]1.3               References

[bookmark: 1.4_______________Overview]1.4               Overview
The following definitions section contains definitions for words or terms whose meaning may be ambiguous, obscure, technical or misleading. It is broken into two further sections; the first section deals with Artificial Neural Network terminology and the second about imputation terminology.

[bookmark: 2.__________________Definitions]2.                  Definitions
[bookmark: 2.1_______________<aTerm>]
2.01         Training Data
The data sets that will be used to train the system.

2.02	Model
A mathematical description of a process or system

2.03	Node/Neuron
A point on a graph or map where the edges terminate

2.04 	Map
Two dimensional vector representing a topological map

2.05	Record
A small collection of information in within the dataset

2.06	Testing Data
Data that will be used to test the system

2.07	Time Constant
A value which controls the rate of the exponential decay function.

2.08	Initial Learning Rate
The starting value for the learning rate of the system

2.09	Imputation
A mathematical estimate for a missing value in a group of data.

2.10	Epoch
One iteration of the training or testing cycle

2.11	Command Line
The interface for an operating system on a computer.
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Introduction

Section 1 of this document aims to provide a brief overview of the MOT test and an introduction to the data provided in the MOT Testing Data Extract. Section 2 provides technical details of the datasets provided.


Section 1 - Understanding the MOT Data


What is the MOT Test? 

Sections 45 to 48 of the Road Traffic Act 1988 provide the legislative basis for MOT testing.  The purpose of the MOT test is to ensure that cars, other light vehicles (including some light goods vehicles), private buses and motor bicycles over a prescribed age are checked at least once a year to see that they comply with key roadworthiness and environmental requirements in the Road Vehicle Construction and Use Regulations 1986 and the Road Vehicle Lighting Regulations 1989 as amended.  A Test Certificate is issued following successful completion of an examination.
The Test Certificate relates only to the condition of testable items at the time of the test and should not be regarded as evidence:
• of their condition at any other time;
• of the general mechanical condition of the vehicle; or
• that the vehicle fully complies with all aspects of the law on vehicle construction and use.
The test does not require the dismantling of parts of the vehicle although doors, boot lids and other means of access will normally need to be opened. In the case of motor bicycles, cover panels may also need to be removed or raised to examine the vehicle structure.
Detailed legislation on vehicles exempt from the MOT is set out in the Motor Vehicles Test Regulations 1981 regulation 6 (as amended), and in the Road Traffic Act 1988 Section 189. Examples of vehicles exempted from MOT testing include electrically propelled goods vehicles, track laying vehicles, vehicles constructed or adapted to form part of an articulated combination, works trucks, trailers, pedestrian controlled mechanically propelled vehicles and electrically powered pedal cycles. Legislation also exempts vehicles used in particular ways (e.g. travelling to and from test) or particular places (e.g. some islands) from the need to have a valid MOT test certificate.  It should also be noted that even when a vehicle is not required to have a test certificate it must still be maintained in a roadworthy condition.
The MOT test is conducted principally at private garages and by some local authorities.  These are authorised, or designated as appropriate, by VOSA, and known as Vehicle Testing Stations (VTS).  VTS and their staff are subject to inspections by VOSA to ensure that testing is properly carried out using approved test equipment. Only specifically approved people may conduct tests, sign official test documents, and make database entries.  VTS may only test those classes and types of vehicle that they are authorised to test and which are of a size and weight that can be accommodated on the authorised test equipment.





Test Classes

The vehicles subject to test under the Regulations are divided into the following classes: -

	Class
	Description
	Age at which first test is required (years)

	1
	Motor bicycles (with or without sidecars) up to 200 cm3

	3

	2
	All motor bicycles (including Class 1) (with or without sidecars).

	3

	3
	3 wheeled vehicles not more than 450 kg unladen weight (excluding motor bicycles with side cars). (3 wheeled vehicles more than 450 kg unladen are in class 4.)

	3

	4
	Cars, passenger vehicles, motor caravans, Private Hire Vehicles, Motor Tricycles, Quadricycles and dual purpose vehicles in all cases with up to eight passenger seats

	3

	
	Goods vehicles not exceeding 3,000 kg Design Gross Weight (DGW).

	3

	
	Taxis and ambulances in either case with up to eight passenger seats.

	1

	
	Passenger vehicles, ambulances, motor caravans and dual purpose vehicles in all cases with nine to twelve passenger seats that;
· are fitted with no more seat belts than the minimum required because of their construction; or
· are identified as having been fitted with a type approved seat belt installation when built; or 
· have been tested as class 4A, 5A or 6A (PSV) with at least the same number of seat belts as are currently fitted.

	1

	4A
	The class 4A test is the normal class 4 test with the addition of a check on the installation of certain seat belts. Passenger vehicles, ambulances, motor caravans and dual purpose vehicles in all cases with nine to twelve passenger seats that: 
· are fitted with more seat belts than the minimum required because of their construction and: 
· are not identified as having been fitted with a type approved seat belt installation when built; or
· have not been tested as class 4A, 5A or 6A (PSV) with at least the same number of seat belts as are currently fitted.

	1

	5
	Private passenger vehicles, ambulances, motor caravans and dual purpose vehicles in all cases with thirteen or more passenger seats (including community and play buses, etc.) that: 
· are fitted with no more seat belts than the minimum required because of their construction; or
· are identified as having been fitted with a type approved seat belt installation to all seats when built; or
· have been tested as class 5A or class 6A (PSV) with at least the same number of seat belts as are currently fitted.

	1

	5A
	The class 5A test is the normal class 5 test with the addition of a check on the installation of certain seat belts. Passenger vehicles, ambulances, motor caravans and dual purpose vehicles in all cases with thirteen or more passenger seats (including community buses, etc.) that:
· are fitted with more seat belts than the minimum required because of their construction and:
· are not identified as having been fitted with a type approved seat belt installation when built; or 
· have not been tested as class 5A or class 6A (PSV) with at least the same number of seat belts as are currently fitted.

	1

	7
	Goods Vehicles over 3,000 kg up to and including 3,500 kg DGW

	3



NOTE: A number of records have Test Class ‘NA’. These reflect tests carried out prior to MOT Computerisation, for which a duplicate or replacement test certificate was requested. This process created a valid test record, which has been included for completeness.


What do the datasets contain?

The MOT Testing data release is comprised of two main groups of data, each divided into calendar year.

· Test Results, containing: -
· Information about the time, place and final outcome of the MOT test.
· Information about the vehicle tested.
· Test Items, which contains information about individual RfRs (Reasons for Rejection) discovered during the test.

The remaining three datasets contain further information about individual RfRs, and the groups within which they can fall.

The current release contains test data from 01/01/2005 to 31/12/2013. MOT Computerisation was not fully implemented across Great Britain until 01/04/2006, therefore the dataset will not contain all tests performed between 01/01/2005 and 31/03/2006.

The data encompasses all tests for which a valid MOT pass could have been a potential outcome.

This version of the dataset has introduced a new unique ID variable in the Vehicle Test Result table. This allows users to identify tests for the same vehicle and therefore track it across time.

The MOT Testing Data release contains approximately 30 million tests and 50 million associated test item records for each years worth of data. As such, analysis will need to be performed using a suitable database system (e.g. MS SQL, MySQL, PostgreSQL, Oracle). MS Excel and Access are NOT recommended for analysis of this dataset.


Null values (‘\N’)

Some of the records contain ‘\N’ for some values. This signifies that the value should be null. They are null as either the data were not captured and stored or the value captured is outside expected parameters (for instance, having a Year of First Registration before 1900). MySQL will treat these values as null though other databases may need to be programmed to treat them correctly.


Test Result Data

Vehicle Mileage, Vehicle Colour, Fuel Type and Cylinder Capacity are as entered or validated by the Nominated Tester (NT) at the point of test.

Unique vehicles can be tracked using the Vehicle ID field, which is based upon the VIN (Vehicle Identification Number). Vehicle records which lack a VIN in a correct format have a null Vehicle ID.

A high level postcode region is provided. To avoid identification of any individual VTS, any region with less than 5 active sites is merged under the code ‘XX’.

Vehicle make and model data is sourced from the DVLA’s vehicle registration dataset. A small proportion of vehicles do not have a valid record, and have therefore been marked ‘UNCLASSIFIED’.

Vehicles that have an unknown date of manufacture are allocated a first use date of 01/01/1971 by the DVLA. As a result of this, data for 1971 will show anomalies. 

Test Outcomes: -

	Result
	Result Code
	Notes

	Pass
	P
	Test Pass


	Fail
	F
	Test Fail


	Pass with Rectification at Station
	PRS
	The process where minor defects may be rectified within one hour after the test, but before recording the result on the VTS Device (Vehicle begins test in a fail condition, but is in pass condition when result is input).


	Abandon
	ABA
	The term used when a test cannot be completed because the NT considers it unsafe to continue or because it becomes apparent during the test that certain items cannot be satisfactorily inspected.  An appropriate fee may be charged for the test.

	Abort
	ABR
	The term used when a test cannot be completed because of a problem with the testing equipment or the NT.  No fee may be charged for the test.


	Refusal to Test
	R
	An NT may refuse to test a vehicle for a number of specified reasons. If the presenter insists on documentation to show the Refusal then a test record will be created on the system





Test Types: -

	Test Type
	Type Code
	Notes

	Normal MOT test 
	N
	Full initial test

	Full retest
	F
	Full retest of vehicle. Derived by system, not selected by NT

	Partial retest (minor items)
	PM
	Free partial MOT retest when vehicle has left VTS for repair of minor items only, and returned by close of next working day.

	Partial retest (repaired at VTS)
	PR
	Free partial MOT retest where vehicle has remained at VTS for repair.

	Refusal to test 
	RF
	Refusal to test – customer has requested documentation.

	Partial Retest Left VTS
	PL
	Chargeable (half standard fee) partial MOT retest when vehicle has left VTS for repair of any items, and returned by close of next working day.




Fuel Types: -

	Fuel Type
	Type Code
	Notes

	Petrol

	P
	

	Diesel

	D
	

	Electric

	E
	

	Steam

	S
	

	LPG

	L
	Liquefied Petroleum Gas

	CNG

	C
	Compressed Natural Gas

	LNG

	N
	Liquefied Natural Gas

	Fuel Cells

	F
	

	Other

	O
	




Test Item Data

Dangerous item markers are recorded at the discretion of the NT at the point of test. 

RfR Types: -


	RfR Type
	Type Code
	Notes

	Fail
	F
	A test failure item.

	PRS
	P
	An item in a failing state at the point of test, repaired within one hour of the test and before the result was entered.

	Advisory
	A
	An Advisory Notice



Test Item Detail and Grouping

Each unique, usable combination of RfR ID and Test Class is a ‘leaf’ within the test item hierarchy. Every RfR can be grouped within one or more levels below its parent vehicle class.
Where a Test Item is of type Fail or PRS, the RfR description is printed upon the VT30 (test failure document). Where a Test Item is of type Advisory, the Advisory text is printed upon an accompanying advisory notice. Vehicle Test Class
Top Level Item

Top Level Item

Test Item

Test Item


RfR

RfR

0-3 additional levels of Test Item



Failure Item Locations

Test Items may have 0-3 Failure Location details associated, for example, Front Offside, Rear Nearside Upper.
Front



				           Offside Nearside		



Rear


Comparison with VOSA published statistics

Historically, VOSA has published MOT testing volumes and failure rates as part of its annual Effectiveness Report. Traditionally, Normal (Initial) tests with outcomes of Pass, Fail or PRS are used. All other tests are omitted. 

Failure rates have been calculated as follows: -

	Initial failure rate = (Test Fail Results + Test PRS Results) / Total Tests

	Final failure rate = Test Fail Results / Total Tests

Initial Failures by defect category are calculated using a count of distinct tests with one or more Fail or PRS type Test Items associated. The categories used are derived from the top level items in the Test Item hierarchy.

Section 2 – Dataset Specification

Data is provided in a ‘csv like’ format, using the pipe character ‘|’ as a delimiter. The carriage return character signifies the end of a record. Examples of create table syntax with suggestions for indexing are provided, in a form suitable for a MySQL database. Import syntax for this database type would be as follows: -

LOAD DATA LOCAL INFILE 'file-name'
INTO TABLE table-name
FIELDS TERMINATED BY '|'
LINES TERMINATED BY '\n'
;

Entity Relationship Diagram
Test Item
Test Item Detail
A Test Item is always defined by a Test Item 
Detail
A Test Item detail may define one or more Test Items

Test Item Group
A Test Item Group may have one or more child 
Test Item Groups 
A Test Item Group may have a parent Test Item Group
A Test Item Group always has one or more child Test Items

A Test Item detail always has a parent Test Item Group


Test Result
A Test Item always belongs to one Test Result

A Test Result may have one or more Test Items

Failure Location
A Failure Location is sometimes used to define the Location of a Test Item on a Vehicle


A Test Item may have one Vertical Location, one Latitudinal Location and one Longitudinal Location. 
 

A failure location can occur up to three times for each test item as the location can be identified by a latitude ref, a longitude ref and a vertical ref.





Vehicle Test Result

This contains details of individual MOT tests and of the vehicle tested. All tests which could result in a valid pass result are included. Datasets are provided by calendar year and can be concatenated if required.

	Column Name (Suggested)
	Description
	Type
	Length
	Notes

	Test ID

	Unique Identifier for a test
	Integer
	10
	Primary Key

	Vehicle ID
	Unique Identifier for a vehicle
	Integer
	10
	

	Test Date

	Date of Test
	Date 
	
	Format ‘YYYY-MM-DD’

	Test Class ID

	Class of Vehicle Tested
	Character
	2
	

	Test Type
	Type of MOT Test (See page 4)
	Character
	2
	

	Test Result

	Test Outcome (See page 3)
	Character
	3
	

	Test Mileage
	Mileage recorded at point of test
	Integer
	7
	

	Postcode Area

	Test Location
	Character
	2
	

	Make

	Vehicle Make
	Character
	30
	

	Model

	Vehicle Model
	Character
	30
	

	Colour

	Vehicle Colour
	Character
	16
	

	Fuel Type

	Vehicle Fuel Type (See page 4)
	Character
	1
	

	Cylinder Capacity
	Vehicle Cylinder Capacity
	Integer
	11
	

	First use Date
	Vehicle Date of First Use		
	Date	
	
	Format ‘YYYY-MM-DD’




Example MySQL Create Table Syntax

CREATE TABLE TESTRESULT (
	TESTID INT UNSIGNED
	,VEHICLEID INT UNSIGNED
	,TESTDATE DATE
	,TESTCLASSID CHAR(2)
	,TESTTYPE CHAR(2)
	,TESTRESULT CHAR(3)
	,TESTMILEAGE INT UNSIGNED
	,POSTCODEREGION CHAR(2)
	,MAKE CHAR(30)
	,MODEL CHAR(30)
	,COLOUR CHAR(16)
	,FUELTYPE CHAR(1)
	,CYLCPCTY INT UNSIGNED
	,FIRSTUSEDATE DATE
	,PRIMARY KEY (TESTID)
	,INDEX IDX1 (TESTDATE, TESTTYPE, TESTRESULT, TESTCLASSID) 
	)
;











Vehicle Test Item

This contains details of individual MOT test failure items and advisory notices. Datasets are split by calendar year and can be concatenated if required.


	Column Name (Suggested)
	Description
	Type
	Length
	Notes

	Test ID

	Unique Identifier for a test
	Integer
	10
	References associated test in Vehicle Test Result table.

	RfR ID

	Reason for Rejection ID
	Integer
	4
	

	RfR Type
	Reason for Rejection Type (See page 4)
	Character
	1
	‘F’, ‘P’, ‘A’

	Lat Location ID
	Latitudinal Location ID
	Character
	1
	References associated failure location in Failure Location table.

	Long Location ID
	Longitudinal Location ID
	Character
	1
	References associated failure location in Failure Location table.

	Vert Location ID
	Vertical Location ID
	Character
	1
	References associated failure location in Failure Location table.

	D Mark

	Dangerous Item Marker
	Character
	1
	Signifies that item was marked ‘Dangerous’ by NT.




Example MySQL Create Table Syntax

CREATE TABLE TESTITEM (
	TESTID INT UNSIGNED
	,RFRID SMALLINT UNSIGNED
	,RFRTYPE CHAR(1)
	,LATLOCATIONID CHAR(1)
	,LONGLOCATIONID CHAR(1)
	,VERTLOCATIONID CHAR(1)
	,DMARK CHAR(1)
	,INDEX IDX1 (TESTID)
	,INDEX IDX2 (RFRID)
	)
;


Test Item Detail

This contains details of individual RfRs

	Column Name (Suggested)
	Description
	Type
	Length
	Notes

	RfR ID
	Reason for Rejection ID
	Integer
	4
	Primary Key

	Test Class ID
	Class of Vehicle Tested
	Character
	2
	Primary Key

	Test Item ID
	Test Item ID
	Integer
	4
	References parent test item in Test Item Group table (with Test Class ID)

	Minor Item
	Minor Item Marker – Specifies whether an item can be classified as minor (qualifies for free partial retest).
	Character
	1
	‘Y’, ‘N’

	RfR Desc
	RfR Short Description
	Character
	250
	Text printed on VT30 test failure document

	RfR Loc Marker
	RfR Location Marker – Specifies whether further location details are required against this item.
	Character
	1
	‘Y’, ‘N’

	RfR Insp Man Desc
	RfR Inspection Manual Description
	Character
	500
	

	RfR Advisory Text
	Advisory Notice Text
	Character
	250
	Text printed for type ‘A’ Test Items on Advisory Notice

	Test Item Set Section ID
	
	Integer
	4
	References top level test item in Test Item Group table (with Test Class ID)




Example MySQL Create Table Syntax

CREATE TABLE TESTITEM_DETAIL (
	RFRID SMALLINT UNSIGNED
	,TESTCLASSID CHAR(2)
	,TSTITMID SMALLINT UNSIGNED
	,MINORITEM CHAR(1)
	,RFRDESC CHAR(250)
	,RFRLOCMARKER CHAR(1)
	,RFRINSPMANDESC CHAR(500)
	,RFRADVISORYTEXT CHAR(250)
	,TSTITMSETSECID SMALLINT UNSIGNED
	,PRIMARY KEY (RFRID, TESTCLASSID)
	,INDEX IDX1 (TSTITMID, TESTCLASSID)
	,INDEX IDX2 (TSTITMSETSECID, TESTCLASSID)
	)
;


Test Item Group

This contains details of RfR groupings within the test item hierarchy. The top level group for a Test Class is always ‘Vehicle’, with a Test Item ID of 0. 

	Column Name (Suggested)
	Description
	Type
	Length
	Notes

	Test Item ID
	Test Item ID
	Integer
	4
	Primary Key

	Test Class ID
	Class of Vehicle Tested
	Character
	2
	Primary Key

	Parent ID
	
	Integer
	4
	References parent Test Item ID in hierarchy (with Test Class ID)

	Test Item Set Section ID
	
	Integer
	4
	References top level test item in hierarchy (with Test Class ID)

	Item Name
	Test Item Name
	Character
	100
	




Example MySQL Create Table Syntax

CREATE TABLE TESTITEM_GROUP (
	TSTITMID SMALLINT UNSIGNED
	,TESTCLASSID CHAR(2)
	,PARENTID SMALLINT UNSIGNED
	,TSTITMSETSECID SMALLINT UNSIGNED
	,ITEMNAME CHAR(100)
	,PRIMARY KEY (TSTITMID, TESTCLASSID)
	,INDEX IDX1 (PARENTID, TESTCLASSID)
	,INDEX IDX2(TSTITMSETSECID, TESTCLASSID)
	)


Failure Location

Reference for Location IDs in Test Item Table

	Column Name (Suggested)
	Description
	Type
	Length
	Notes

	Failure Location ID
	
	Character
	1
	Primary Key

	Failure Location Text
	
	Character
	20
	




Example MySQL Create Table Syntax

CREATE TABLE FAILURE_LOCATION (
	FAILURELOCATIONID CHAR(1)
	,FAILURELOCATIONTXT CHAR(20)
	,PRIMARY KEY (FAILURELOCATIONID)
	)
;


Example Queries

The following assume that tables have been created using the above syntax, and that the annual Test Result and Test Item datasets have been concatenated into a single pair.

Initial, Completed Test Volumes by Class 2009-10 (As calculated in VOSA effectiveness report)

SELECT TESTCLASSID
	,TESTRESULT
	,COUNT(*) AS TEST_VOLUME
FROM TESTRESULT
WHERE TESTTYPE=’N’
	AND TESTRESULT IN(‘P’,’F’,’PRS’)
	AND TESTDATE BETWEEN ‘2009-04-01’ AND ‘2010-03-31’
GROUP BY TESTCLASSID
	,TESTRESULT
;


RfR Volumes and Distinct Test Failures 2008 for Class 7 Vehicles by Top Level Test Item Group (For vehicles as presented for initial test)

SELECT d.ITEMNAME
	,COUNT(*) AS RFR_VOLUME
	,COUNT(DISTINCT a.TESTID) AS TEST_VOLUME
FROM TESTRESULT AS a
	INNER JOIN TESTITEM AS b
		ON a.TESTID=b.TESTID
	INNER JOIN TESTITEM_DETAIL AS c
		ON b.RFRID=c.RFRID
		AND a.TESTCLASSID = c.TESTCLASSID
	INNER JOIN TESTITEM_GROUP AS d
		ON c.TSTITMSETSECID = d.TSTITMID
		AND c.TESTCLASSID = d.TESTCLASSID
WHERE a.TESTDATE BETWEEN ‘2008-01-01’ AND ‘2008-12-31’
	AND a.TESTCLASSID = ‘7’
	AND a.TESTTYPE=’N’
	AND a.TESTRESULT IN(‘F’,’PRS’)
	AND b.RFRTYPE IN(‘F’,’P’)
GROUP BY d.ITEMNAME
;


Basic Expansion of RfR Hierarchy for Class 5 Vehicles

SELECT a.RFRID
	,a.RFRDESC
	,b.ITEMNAME AS LEVEL1
	,c.ITEMNAME AS LEVEL2
	,d.ITEMNAME AS LEVEL3
	,e.ITEMNAME AS LEVEL4
	,f.ITEMNAME AS LEVEL5
FROM TESTITEM_DETAIL AS a
	INNER JOIN TESTITEM_GROUP AS b
		ON a.TSTITMID = b.TSTITMID
		AND a.TESTCLASSID = b.TESTCLASSID
	LEFT JOIN TESTITEM_GROUP AS c
		ON b.PARENTID = c.TSTITEMID
		AND b.TESTCLASSID = c.TESTCLASSID
	LEFT JOIN TESTITEM_GROUP AS d
		ON c.PARENTID = d.TSTITEMID
		AND c.TESTCLASSID = d.TESTCLASSID
	LEFT JOIN TESTITEM_GROUP AS e
		ON d.PARENTID = e.TSTITEMID
		AND d.TESTCLASSID = e.TESTCLASSID
	LEFT JOIN TESTITEM_GROUP AS f
		ON e.PARENTID = f.TSTITMID
		AND e.TESTCLASSID = f.TESTCLASSID
WHERE a.TESTCLASSID = ‘5’
;




Appendix A – Further Reading


DirectGov MOT information for public use

http://www.direct.gov.uk/en/Motoring/OwningAVehicle/Mot/DG_4022109


MOT Testing Manuals and Guides

http://www.transportoffice.gov.uk/crt/doitonline/bl/mottestingmanualsandguides/mottestingmanualsandguides.htm


Internal VOSA MOT Scheme Operations Manual

http://www.dft.gov.uk/vosa/publications/manualsandguides/internalmotschemeoperationsmanual.htm
[bookmark: _Toc480967576]
Appendix XXII – Submitted File Structure

Exp Decay Graph – Graph showing the exponential decay function working
Node Change Graph – Graph depicting the nodes moving when subjected to inputs
Experiments – The batch files and outputs for the experiments
MOTData – Training and Testing data sets with keys
MOTDataConverter – Data conversion program
MOTSOM – The program used to run the experiments
MOTSOMTestFinal – The final version of the MOTSOM program with the unit tests
Test_result_2013.txt.gz – The original zipped data file
SOM MSE Output Consistency
8.8371400000000003E-2	8.80909E-2	8.80909E-2	8.7953100000000006E-2	8.8002399999999995E-2	8.8291499999999995E-2	8.8084300000000004E-2	8.80909E-2	8.7936299999999995E-2	8.80909E-2	8.80909E-2	8.80909E-2	8.8264899999999993E-2	8.80909E-2	8.8084300000000004E-2	8.80909E-2	8.7953100000000006E-2	8.7936299999999995E-2	8.7936299999999995E-2	8.8291499999999995E-2	Run

Mean Square Error (MSE)


SOM MSE with varied Time Constant against Average MSE 
- 200 Records
SOM MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	7.2138900000000006E-2	6.0666900000000003E-2	5.1352700000000001E-2	5.5853399999999997E-2	5.1973900000000003E-2	4.9577999999999997E-2	4.5284199999999997E-2	3.63618E-2	3.20509E-2	2.9399600000000001E-2	2.83559E-2	3.0936999999999999E-2	3.06892E-2	2.7746199999999999E-2	2.9308899999999999E-2	3.4176499999999999E-2	3.2330999999999999E-2	3.1050600000000001E-2	3.9371700000000003E-2	4.3253199999999999E-2	Avg. MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 500 Records
SOM MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	0.10992200000000001	5.8780600000000002E-2	5.5323700000000003E-2	5.5482499999999997E-2	5.4627000000000002E-2	5.4931099999999997E-2	5.3674199999999998E-2	5.2496099999999997E-2	5.1615300000000003E-2	5.1205899999999999E-2	5.0235599999999998E-2	4.9947800000000001E-2	4.9726600000000003E-2	4.8991699999999999E-2	4.95349E-2	4.9684699999999998E-2	4.9788399999999997E-2	5.04936E-2	4.9491800000000002E-2	5.1463700000000001E-2	Avg. MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 1000 Records
SOM MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	7.9004599999999994E-2	7.8668799999999997E-2	7.6994599999999996E-2	7.6407199999999995E-2	7.6553099999999999E-2	7.6624399999999995E-2	7.6426800000000003E-2	7.6135900000000006E-2	7.6187599999999994E-2	7.5981599999999996E-2	7.6133599999999996E-2	7.6486899999999997E-2	7.6007900000000003E-2	7.5830400000000006E-2	7.5889300000000007E-2	7.5626499999999999E-2	7.6227699999999995E-2	7.3414199999999999E-2	7.6494099999999995E-2	7.5201299999999999E-2	Avg. MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 2000 Records
SOM MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	9.1058600000000003E-2	8.8846900000000006E-2	8.7719099999999994E-2	8.7483500000000006E-2	8.7223400000000006E-2	8.7365799999999993E-2	8.7604799999999997E-2	8.8371400000000003E-2	8.8477299999999995E-2	8.9076600000000006E-2	8.85489E-2	8.9429400000000006E-2	8.94765E-2	9.0066099999999996E-2	8.9595099999999997E-2	9.0155799999999994E-2	9.2358899999999994E-2	9.1083600000000001E-2	8.9098999999999998E-2	8.8509599999999994E-2	Avg. MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 5000 Records
SOM MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	8.6854600000000004E-2	8.62155E-2	8.5595000000000004E-2	8.5944000000000007E-2	8.6019600000000002E-2	8.6165800000000001E-2	8.6305699999999999E-2	8.7268499999999999E-2	8.8199E-2	8.8282200000000005E-2	8.8330800000000001E-2	8.8792499999999996E-2	8.9120699999999997E-2	8.9305999999999996E-2	9.1603400000000001E-2	9.0226799999999996E-2	9.0645600000000007E-2	9.00252E-2	8.8802099999999995E-2	8.9205000000000007E-2	Avg. MSE	5	10	15	20	25	30	35	40	45	50	55	60	65	70	75	80	85	90	95	100	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 200 Records
SOM Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	6.8332100000000007E-2	5.2922299999999999E-2	4.7825899999999998E-2	4.3862699999999998E-2	4.1387599999999997E-2	4.2314299999999999E-2	4.0132500000000002E-2	3.8611199999999998E-2	3.63618E-2	Avg. Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 500 Records
SOM Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	9.4585299999999997E-2	5.8336399999999997E-2	5.54165E-2	5.4477200000000003E-2	5.3716600000000003E-2	5.3183599999999998E-2	5.2636599999999999E-2	5.24108E-2	5.2475000000000001E-2	Avg. Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 1000 Records
SOM Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	0.12833700000000001	8.5897100000000004E-2	7.8631999999999994E-2	7.6910300000000001E-2	7.6665300000000006E-2	7.6316599999999998E-2	7.6104099999999994E-2	7.6159099999999993E-2	7.6135900000000006E-2	Avg. Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 2000 Records
Avg. Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	SOM Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	0.234204	9.7395499999999996E-2	8.8560899999999998E-2	8.7651900000000005E-2	8.7581800000000001E-2	8.7936299999999995E-2	8.79413E-2	8.8107699999999997E-2	8.8002399999999995E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 5000 Records
SOM Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	0.12995000000000001	8.9116500000000001E-2	8.6653999999999995E-2	8.6723800000000004E-2	8.6712899999999996E-2	8.6736599999999997E-2	8.6928400000000003E-2	8.7215699999999993E-2	8.6654200000000001E-2	Avg. Prediction	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 200 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	3.3668400000000001E-2	3.66743E-2	3.4600199999999998E-2	3.57325E-2	3.63618E-2	3.9433299999999998E-2	3.7042899999999997E-2	3.7197500000000001E-2	4.1268100000000002E-2	3.8169000000000002E-2	3.7757100000000002E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 500 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	5.01565E-2	5.1555700000000003E-2	5.0983199999999999E-2	5.2587700000000001E-2	5.2475000000000001E-2	5.2782200000000001E-2	5.3163799999999997E-2	5.25862E-2	5.2899500000000002E-2	5.2691200000000001E-2	5.3324900000000001E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 1000 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	7.5725399999999998E-2	7.6004199999999994E-2	7.6033900000000001E-2	7.6051400000000005E-2	7.6135900000000006E-2	7.5857999999999995E-2	7.6291100000000001E-2	7.5947600000000004E-2	7.6395099999999994E-2	7.6487899999999998E-2	7.6226100000000005E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 2000 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	8.9185600000000004E-2	8.8189400000000001E-2	8.8124400000000006E-2	8.8163800000000001E-2	8.80909E-2	8.7797500000000001E-2	8.8042300000000004E-2	8.7767499999999998E-2	8.7889200000000001E-2	8.8487200000000002E-2	8.7588399999999997E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 5000 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	8.8173299999999996E-2	8.7454299999999999E-2	8.76363E-2	8.6866700000000005E-2	8.6991200000000005E-2	8.7107199999999996E-2	8.7463299999999994E-2	8.7362899999999993E-2	8.7171999999999999E-2	8.7204199999999996E-2	8.7025900000000003E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied redacted data against Average MSE 
- 200 Records
SOM MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	0.14976600000000001	0.64231499999999997	1.9600699999999999E-2	0.14647199999999999	8.5668700000000003E-15	1.77345E-2	0.38631399999999999	0.19032399999999999	0.410215	0.113995	0.14976600000000001	7.1861300000000003E-2	3.63618E-2	Avg. MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	0.114311	0.376718	1.5800000000000002E-2	0.114347	0	1.7652000000000001E-2	0.298238	0.182839	0.34098200000000001	9.3821500000000002E-2	0.114311	7.27212E-2	3.3801200000000003E-2	Redacted Data Item

Mean Square Error (MSE)



SOM MSE with varied redacted data against Average MSE 
- 500 Records
SOM MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	1.63442E-2	0.72514299999999998	1.63442E-2	0.11249000000000001	2.2184200000000001E-2	2.5692900000000001E-2	0.34301900000000002	0.178396	0.83155199999999996	0.145125	6.6032199999999999E-2	0.120139	5.2496099999999997E-2	Avg. MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	1.4910100000000001E-2	0.360124	1.4910100000000001E-2	8.5114700000000001E-2	2.0844399999999999E-2	1.7785200000000001E-2	0.28611399999999998	0.16006600000000001	0.35643599999999998	0.111444	6.1057E-2	0.106817	5.0295800000000002E-2	Redacted Data Item

Mean Square Error (MSE)



SOM MSE with varied redacted data against Average MSE 
- 1000 Records
SOM MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	3.3766600000000001E-2	0.67554000000000003	1.17754E-2	9.5138200000000006E-2	3.10847E-2	4.0814499999999997E-2	0.33229300000000001	0.193493	0.93081800000000003	0.14293600000000001	3.3766600000000001E-2	0.14702999999999999	7.6135900000000006E-2	Avg. MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	3.1929699999999998E-2	0.34953099999999998	9.2670400000000007E-3	6.8736099999999994E-2	2.81351E-2	1.54722E-2	0.286022	0.16575799999999999	0.32200499999999999	0.111308	3.1929699999999998E-2	0.11383699999999999	7.6116900000000001E-2	Redacted Data Item

Mean Square Error (MSE)



SOM MSE with varied redacted data against Average MSE 
- 2000 Records
SOM MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	8.8002399999999995E-2	0.73211000000000004	1.0258700000000001E-2	9.20874E-2	3.8462900000000001E-2	5.46559E-2	0.33326600000000001	0.19333900000000001	0.90580700000000003	0.131325	3.2015500000000002E-2	0.17568700000000001	8.80909E-2	Avg. MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	8.7860199999999999E-2	0.33613100000000001	8.2572400000000008E-3	5.7252699999999997E-2	3.3341000000000003E-2	1.4242299999999999E-2	0.28870899999999999	0.16192300000000001	0.30972300000000003	0.106432	3.01722E-2	0.122292	8.7860199999999999E-2	Redacted Data Item

Mean Square Error (MSE)



SOM MSE with varied redacted data against Average MSE 
- 5000 Records
SOM MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	3.2830199999999997E-2	0.72841999999999996	5.4980899999999997E-3	7.7945700000000007E-2	4.4585699999999999E-2	3.8601000000000003E-2	0.33614500000000003	0.15671499999999999	0.77278500000000006	0.13147500000000001	3.2963300000000001E-2	7.7749700000000005E-2	8.6991200000000005E-2	Avg. MSE	Random	Test Date	Test Class ID	Test Type	Test Result	Test Mileage	Postcode Area	Make	Model	Colour	Fuel Type	Cylinder Capacity	First use Date	1.38339E-2	0.32966800000000002	4.8052199999999998E-3	4.99169E-2	3.7683899999999999E-2	1.38339E-2	0.28456900000000002	0.128331	0.29447499999999999	0.10161199999999999	3.0397E-2	5.48663E-2	8.6101200000000003E-2	Redacted Data Item

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 200 Records
Prior best	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	2.7746199999999999E-2	SOM MSE	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	3.20509E-2	3.2763100000000003E-2	3.3364900000000003E-2	3.3006800000000003E-2	3.1673100000000003E-2	2.9487800000000002E-2	3.1269600000000002E-2	3.0932899999999999E-2	3.4377699999999997E-2	3.0235499999999998E-2	2.9905399999999999E-2	3.1639800000000003E-2	2.93274E-2	3.0132099999999998E-2	3.0762100000000001E-2	3.0938400000000001E-2	2.8945599999999998E-2	3.0439299999999999E-2	3.1158999999999999E-2	2.9990699999999999E-2	3.06892E-2	3.2237500000000002E-2	3.0168199999999999E-2	2.9785200000000001E-2	3.0262899999999999E-2	3.0761699999999999E-2	3.08218E-2	2.8531899999999999E-2	2.8606400000000001E-2	2.67855E-2	2.9308899999999999E-2	3.2296400000000003E-2	3.2921400000000003E-2	3.1243300000000002E-2	3.2073499999999998E-2	3.4176499999999999E-2	Avg. MSE	45	46	47	48	49	50	51	52	53	54	55	56	57	58	59	60	61	62	63	64	65	66	67	68	69	70	71	72	73	74	75	76	77	78	79	80	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 500 Records
Prior best	65	66	67	68	69	70	71	72	73	74	75	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	4.8991699999999999E-2	SOM MSE	65	66	67	68	69	70	71	72	73	74	75	5.0350600000000002E-2	4.9600100000000001E-2	4.9952200000000002E-2	4.9579900000000003E-2	5.03329E-2	4.8991699999999999E-2	5.0157100000000003E-2	5.0839799999999997E-2	5.0370999999999999E-2	5.02774E-2	4.95349E-2	Avg. MSE	65	66	67	68	69	70	71	72	73	74	75	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 1000 Records
Prior best	85	86	87	88	89	90	91	92	93	94	95	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	7.3414199999999999E-2	SOM MSE	85	86	87	88	89	90	91	92	93	94	95	7.5727100000000006E-2	7.6381900000000003E-2	7.4699100000000004E-2	7.5076000000000004E-2	7.5644600000000006E-2	7.5592900000000005E-2	7.6226799999999997E-2	7.4598399999999995E-2	7.5426599999999996E-2	7.5474799999999995E-2	7.55276E-2	Avg. MSE	85	86	87	88	89	90	91	92	93	94	95	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 2000 Records
Prior best	20	21	22	23	24	25	26	27	28	29	30	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	8.7223400000000006E-2	SOM MSE	20	21	22	23	24	25	26	27	28	29	30	8.6985099999999996E-2	8.7485900000000005E-2	8.7569099999999997E-2	8.72E-2	8.7322700000000003E-2	8.7317900000000004E-2	8.7479000000000001E-2	8.7251300000000004E-2	8.7990600000000002E-2	8.7573799999999993E-2	8.7792200000000001E-2	Avg. MSE	20	21	22	23	24	25	26	27	28	29	30	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Time Constant against Average MSE 
- 5000 Records
Prior best	10	11	12	13	14	15	16	17	18	19	20	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	8.5595000000000004E-2	SOM MSE	10	11	12	13	14	15	16	17	18	19	20	8.5745000000000002E-2	8.5701100000000002E-2	8.5634199999999994E-2	8.6015300000000003E-2	8.6180900000000005E-2	8.5938399999999998E-2	8.6147100000000004E-2	8.6130600000000002E-2	8.6117700000000005E-2	8.6539500000000005E-2	8.6018899999999995E-2	Avg. MSE	10	11	12	13	14	15	16	17	18	19	20	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	Time Constant

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE
- 200 Records
SOM MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	4.3436599999999999E-2	3.26018E-2	3.16689E-2	2.9919999999999999E-2	2.7393399999999998E-2	2.76064E-2	2.9811399999999998E-2	2.8705700000000001E-2	2.67855E-2	Avg MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 500 Records
SOM MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	5.7154700000000003E-2	5.21234E-2	5.0546500000000001E-2	5.0817800000000003E-2	5.0398800000000001E-2	5.1278200000000003E-2	5.1017600000000003E-2	5.0600300000000001E-2	4.8991699999999999E-2	Avg MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 1000 Records
SOM MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	9.4603099999999996E-2	7.5682100000000002E-2	7.5496900000000006E-2	7.6332399999999995E-2	7.6572000000000001E-2	7.5242900000000001E-2	7.4165099999999998E-2	7.6166499999999998E-2	7.6279200000000005E-2	Avg MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 2000 Records
SOM MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	0.173709	0.111349	9.3702999999999995E-2	8.8841600000000007E-2	8.8193300000000002E-2	8.7814699999999996E-2	8.7512000000000006E-2	8.7160799999999997E-2	8.6940900000000002E-2	Avg MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 5000 Records
SOM MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	0.31604599999999999	0.18590599999999999	0.11834500000000001	0.100878	8.87294E-2	8.6057499999999995E-2	8.5874500000000006E-2	8.5539500000000004E-2	8.6258500000000002E-2	Avg MSE	0.1	0.2	0.3	0.4	0.5	0.6	0.7	0.8	0.9	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 200 Records
SOM MSE	0.81	0.82	0.83	0.84	0.85	0.86	0.869999999999999	0.87999999999999901	0.88999999999999901	0.89999999999999902	0.90999999999999903	0.91999999999999904	0.92999999999999905	0.93999999999999895	0.94999999999999896	0.95999999999999797	0.96999999999999797	0.97999999999999798	0.989999999999995	2.97469E-2	2.7590099999999999E-2	2.81012E-2	3.2349999999999997E-2	3.2398700000000002E-2	3.2655400000000001E-2	2.8325199999999998E-2	3.0516600000000001E-2	3.0837799999999999E-2	3.1177799999999999E-2	2.82308E-2	2.82495E-2	3.2847399999999999E-2	3.5130799999999997E-2	3.2524999999999998E-2	3.2197099999999999E-2	2.7660199999999999E-2	2.76438E-2	3.1009499999999999E-2	Avg MSE	0.81	0.82	0.83	0.84	0.85	0.86	0.869999999999999	0.87999999999999901	0.88999999999999901	0.89999999999999902	0.90999999999999903	0.91999999999999904	0.92999999999999905	0.93999999999999895	0.94999999999999896	0.95999999999999797	0.96999999999999797	0.97999999999999798	0.989999999999995	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 500 Records
SOM MSE	0.81	0.82	0.83	0.84	0.85	0.86	0.869999999999999	0.87999999999999901	0.88999999999999901	0.89999999999999902	0.90999999999999903	0.91999999999999904	0.92999999999999905	0.93999999999999895	0.94999999999999896	0.95999999999999797	0.96999999999999797	0.97999999999999798	0.98999999999999799	4.9852E-2	4.9856999999999999E-2	5.0506500000000003E-2	4.9181200000000001E-2	5.0134900000000003E-2	5.0141199999999997E-2	4.9897999999999998E-2	4.9904700000000003E-2	4.9906800000000001E-2	4.9328799999999999E-2	5.0071999999999998E-2	5.0070799999999999E-2	4.9780100000000001E-2	5.0108E-2	5.0761199999999999E-2	5.07909E-2	5.0084999999999998E-2	5.0034500000000003E-2	5.07914E-2	Avg MSE	0.81	0.82	0.83	0.84	0.85	0.86	0.869999999999999	0.87999999999999901	0.88999999999999901	0.89999999999999902	0.90999999999999903	0.91999999999999904	0.92999999999999905	0.93999999999999895	0.94999999999999896	0.95999999999999797	0.96999999999999797	0.97999999999999798	0.98999999999999799	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 1000 Records
SOM MSE	0.61	0.62	0.63	0.64	0.65	0.66	0.67	0.68	0.69	0.7	0.71	0.72	0.73	0.74	0.75	0.76	0.77	0.78	0.79	7.6954099999999998E-2	7.5498099999999999E-2	7.6470399999999994E-2	7.5285500000000005E-2	7.5893100000000005E-2	7.5794E-2	7.6005299999999998E-2	7.6398099999999997E-2	7.4841699999999997E-2	7.5407799999999997E-2	7.4550199999999997E-2	7.5710399999999997E-2	7.65956E-2	7.65121E-2	7.6552599999999998E-2	7.48915E-2	7.5655600000000003E-2	7.5406600000000004E-2	7.5108300000000003E-2	Avg MSE	0.61	0.62	0.63	0.64	0.65	0.66	0.67	0.68	0.69	0.7	0.71	0.72	0.73	0.74	0.75	0.76	0.77	0.78	0.79	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 2000 Records
SOM MSE	0.81	0.82	0.83	0.84	0.85	0.86	0.869999999999999	0.87999999999999901	0.88999999999999901	0.89999999999999902	0.90999999999999903	0.91999999999999904	0.92999999999999905	0.93999999999999895	0.94999999999999896	0.95999999999999797	0.96999999999999797	0.97999999999999798	0.98999999999999799	8.77299E-2	8.7778499999999995E-2	8.7590799999999996E-2	8.7582499999999994E-2	8.7578500000000004E-2	8.7502200000000002E-2	8.7390300000000004E-2	8.7492100000000003E-2	8.7391700000000003E-2	8.7397500000000003E-2	8.7686799999999995E-2	8.7744500000000003E-2	8.7533799999999995E-2	8.7530200000000002E-2	8.7713299999999994E-2	8.7568099999999996E-2	8.7732699999999997E-2	8.7685700000000005E-2	8.7579199999999996E-2	Avg MSE	0.81	0.82	0.83	0.84	0.85	0.86	0.869999999999999	0.87999999999999901	0.88999999999999901	0.89999999999999902	0.90999999999999903	0.91999999999999904	0.92999999999999905	0.93999999999999895	0.94999999999999896	0.95999999999999797	0.96999999999999797	0.97999999999999798	0.98999999999999799	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied Initial Learning Rate against Average MSE 
- 5000 Records
SOM MSE	0.71	0.72	0.73	0.74	0.75	0.76	0.77	0.78	0.79	0.8	0.81	0.82	0.83	0.84	0.85	0.86	0.87	0.88	0.89	8.6190000000000003E-2	8.61682E-2	8.6861900000000006E-2	8.6798600000000004E-2	8.6455599999999994E-2	8.6336499999999997E-2	8.5662600000000005E-2	8.6191699999999996E-2	8.6184399999999994E-2	8.5995199999999994E-2	8.6554300000000001E-2	8.6439699999999994E-2	8.6406300000000005E-2	8.6259299999999997E-2	8.5930099999999995E-2	8.5946400000000006E-2	8.5995199999999994E-2	8.6279400000000006E-2	8.6239899999999994E-2	Avg MSE	0.71	0.72	0.73	0.74	0.75	0.76	0.77	0.78	0.79	0.8	0.81	0.82	0.83	0.84	0.85	0.86	0.87	0.88	0.89	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	Initial Learning Rate

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 200 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	3.0603600000000002E-2	2.9034600000000001E-2	2.9707500000000001E-2	2.8374900000000002E-2	2.95284E-2	2.9602300000000002E-2	2.9761599999999999E-2	3.1971800000000002E-2	2.8312199999999999E-2	2.8788899999999999E-2	2.92076E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	3.3801200000000003E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 500 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	5.0853700000000002E-2	5.17793E-2	4.9565199999999997E-2	5.0259999999999999E-2	5.00706E-2	5.0367099999999998E-2	5.0642899999999998E-2	5.09077E-2	4.9851199999999998E-2	5.0175499999999998E-2	5.0141600000000001E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	5.0295800000000002E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 1000 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	7.7425800000000003E-2	7.77563E-2	7.32984E-2	7.4938900000000003E-2	7.4772699999999997E-2	7.8144199999999997E-2	7.5406600000000004E-2	7.5976799999999997E-2	7.5986399999999996E-2	7.5812199999999996E-2	7.5630500000000003E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	7.6116900000000001E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 2000 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	196	225	256	8.7998699999999999E-2	8.8048699999999994E-2	8.7578000000000003E-2	8.7281499999999998E-2	8.7668800000000005E-2	8.7227600000000002E-2	8.7447300000000006E-2	8.7213100000000002E-2	8.72227E-2	8.7467299999999998E-2	8.7544300000000005E-2	8.7562399999999999E-2	8.7566000000000005E-2	8.7448300000000007E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	196	225	256	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	8.7860199999999999E-2	No. Of Nodes

Mean Square Error (MSE)



SOM MSE with varied number of nodes against Average MSE 
- 5000 Records
SOM MSE	9	16	25	36	49	64	81	100	121	144	169	196	225	256	8.5760799999999998E-2	8.5985800000000001E-2	8.6197300000000004E-2	8.6638400000000004E-2	8.6249599999999996E-2	8.5677100000000006E-2	8.58955E-2	8.6262800000000001E-2	8.6319300000000002E-2	8.6380700000000005E-2	8.6364200000000002E-2	8.6109099999999994E-2	8.5485099999999994E-2	8.6484500000000006E-2	Avg. MSE	9	16	25	36	49	64	81	100	121	144	169	196	225	256	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	8.6101200000000003E-2	No. Of Nodes

Mean Square Error (MSE)



Time Constant
TC	200	500	1000	2000	5000	74	70	92	20	12	No. of Records

Time Constant


Initial Learning Rate
ILR	200	500	1000	2000	5000	0.82	0.84	0.71	0.87	0.77	No. of Records

Initial Learning Rate



Nodes	200	500	1000	2000	5000	121	25	25	100	225	No. of Records

No. of Nodes


SOM MSE against Average MSE
SOM MSE	200	500	1000	2000	5000	2.8312199999999999E-2	4.9564999999999998E-2	7.3298000000000002E-2	8.7212999999999999E-2	8.5485000000000005E-2	Avg. MSE	200	500	1000	2000	5000	3.3801200000000003E-2	5.0296E-2	7.6117000000000004E-2	8.7859999999999994E-2	8.6100999999999997E-2	No. of Records

Mean Square Error (MSE)



8

image2.png
Books Q Q ok co Add to my library Write review Page 8 ¥ < | > a -

Result 7 of 37 in this book for neuron structure neural network - ¢ Previous Next» - View all Clear search

‘GET PRINT BOOK

. 8 1 Introduction | |
No eBook available ©

The MIT Press
Amazon.co.uk
BookDepository
Waterstone's
WHSmith
Blackwell

Dendrites

Find in a library
All sellers »

G+ 1
L2221 Synapses V
1 Review (to other neurons) Synapses

Write review (from other neurons)

Dendrites
(of other neurons)

Elements of Artificial Neural Figure 1.3
Networks A biological neuron.

By Kishan Mehrotra, Chilukuri K. Mohan, Sanjay

Ranka
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3. All inputs come in at the same time or remain activated at the same level long enough
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3.1.3 Some Frequently Used Signals
1. Signum function
The signum function is defined as,
x(t) = sgn(t) -
sgn(t)=1fort>0

=-1fort<0 .. (31.17)

Fig. 3.1.7 shows the signum function.
It is positive (i.e. + 1) for positive time
and negative (i.e. -1) for negative time.
The signum function is odd function.

Fig. 3.1.7 Signum function

2. Rectangular pulse

The rectangular pulse centered at
t = 0 represents the double sided
frequency response of low pass filter.
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