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The following documents the attempted use of MRI data acquired from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) to train a convolutional neural network architectures to classify between classifications of potential Alzheimer’s disease: Cognitively Normal (CN), Mild Cognitive Impairment (MCI), Alzheimer’s Disease (AD). It ultimately shows the process of making a multitude of mistakes during the timeline of the project, discusses why these mistakes occurred, and how they meant achieving subpar training results. The documentation starts by outlining the main aims of the project, what was hoped to have been achieved, what opportunities to learn may arise, and a rundown on how this may be done. It continues with a brief background of some machine learning methods, and their uses in biomedical imaging, and then goes on to look at what methods were used in completing the project; this includes a thorough look at hardware mishaps that occurred with the system being used to conduct the training on. Finally, it sums up the results from the training, and discusses what could be done in future iterations of the project.

















[bookmark: _Toc77593966]1 - Introduction
Automatic diagnosis for biomedical imaging tends to use the traditional machine learning models and methods which require people to build manually designed feature sets based on the raw data [1] [2] [3] [4], whereas Deep Neural Networks (DNN, the above mentioned CNNs being examples of DNNs) extract features automatically [5]. Attempts have been made in the 90s [6] to utilize CNNs for biomedical imaging but did not prove reliable enough to justify replacing traditional machine learning methods and manual feature extraction. As larger datasets become more readily available and accessible, and the processing power of GPUs increases, one must consider the use of CNNs for automatic diagnosis and other biomedical classification. For the purposes of this paper a comparison is to be made between to methods of classification using CNNs: 2D image classification based on slices of MRI volumes, like most methods of biomedical imaging in terms of the use of slice classification [1] [3] [6] [7], but using CNNs instead of manual feature extraction; and the second method is full 3D volume classification, classifying the whole volume based on given labels. The comparison in this paper is for the classification of Alzheimer’s Disease (AD); identifying between the three main categories of AD classification: AD, Mild Cognitive Impairment (MCI) – the prodromal stage of AD, and Cognitively Normal controls (CN) [8].













[bookmark: _Toc77593967]2 - Project Aim
There are two main aims for this project: 1 – exploring possible CNN architectures for biomedical imaging, 2 – training a model for the classification of MRI scans from the Alzheimer’s Disease Neuroimaging Institute (ADNI). Beyond those, a further aim for the project is taking advantage of the opportunity to learn more about Machine Learning and forms of Artificial Neural Networks (ANNs), and about automatic diagnosis for biomedical imaging. 
For the exploration of CNN architectures, the idea is to look at 2-3 architectures for 2D classification, and 2-3 for 3D classification and compare the accuracy, sensitivity. At the end, the results are to be compared to see which architecture was best for 2D classification, and which was best for 3D classification, then after that see how the 2D classification compares to 3D classification.
Looking at the aim of classifying the data, the goal is to achieve accuracy, sensitivity, and specificity of around 75%; the expectation is that training using 2D slices from the 3D volumes will be more likely to give results close to the goal given the memory requirements for training ( [9] talks about the polynomial time complexity in neural network training). It is worth noting that the training that is taking place is a three-way classification rather than a binary classification, so there is a likelihood that the training accuracy may be lower than on a binary classification; the prediction is that there will be confusion between the AD and MCI classes, but very little confusion between those two and the CN class. A trained model that confuses AD and MCI would still be desirable providing there is little confusion between those two classes and CN, as there have been very few papers that go into identifying the differences between AD and MCI on MRI scans, and other forms of scans [10].






[bookmark: _Toc77593968]3 - Background Research and Related Work
[bookmark: _Toc77593969]3.1 - Neural Networks - Brief Theory and History
[bookmark: _Toc77593970]3.1.1 - Weights and Activations
The idea of neural networks and how neural networks in computing have been developed come from the findings of how mechanisms in the brain come together to “form the basis of learning” [11]. Like brains are made up of neurons connected by dendrites and axons, neural networks are made up of nodes connected by links. The brains mechanism of one neuron firing once the input from enough dendrites passes a threshold, is the idea behind weights in neural networks. These weights can be updated based on new information, which is how the neural networks are able to learn over time.
[bookmark: _Toc77593971]3.1.2 – Network Models and Implementations
Perceptrons are the name that was given to the initially studied Layered Feed-Forward Networks from the 1950’s. There are two main types of neural networks, feed forward (otherwise known as directed acyclic graphs (DAGs)), and recurrent. Layered feed forward networks are layers of units where units in one layer can pass their output to units in the next layer, but not to units in the same layer of previous layer, and layers may not be skipped [11]. Recurrent neural networks may have connections both backward and forward, and as such have an internal state to store information about the activation function and act as a short-term memory. Towards the end of the 50s, work at Stanford university brough into fruition two neural networks, ADALINE a model for detecting patterns in binary data, and its successor MADALINE which was used to clean up the signal on phone calls [12] [13].
The 80s brought along John Hopfield’s idea of bidirectional lines in neural networks with the aim of being able to store and retrieve memories like a human brain; the construction of this network is an assembly of Perceptrons to form a basic fully connected recurrent neural network [14]. It was around this same time that the Backpropagation algorithm (an algorithm that uses gradient descent to calculate the gradient of the error, working backwards from the final layer up to the first layer) started to gain popularity for the training of supervised learning models; this was largely is part to the 1986 work of Rumelhart [15] [16].



[bookmark: _Toc77593972]3.2 - Previous Biomedical Imaging Machine Learning Projects 
Previous papers have looked at the ADNI (Alzheimer’s Disease Neuroimaging Initiative) [8] dataset as a classification problem, and plenty of previous works have been published more generally about automatic diagnosis for Alzheimer’s based on the widely accepted classification for Alzheimer’s progression – Cognitively Natural aging (CN), Mild Cognitive Impairment (MCI), Alzheimer’s Disease [17]. 
Based on the popularity of the ADNI set it makes a good set to compare methods for biomedical imaging and compare against previous results. Most recently there have been a number of papers published discussing the use of CNNs and other deep learning methods for biomedical imaging, focusing of the ADNI set [5] [7] [18] [19]. 
Based on the papers looked at for the research relating to this project, full volumes have not directly been used as input data to deep learning models, rather using segmentation (see section 1); this project therefore has been designed in part to look at the reasons why this is the case and think about the potential benefits to using the full volume compared to segmentation.










[bookmark: _Toc77593973]4 - Methods
Given the nature of this project, it primarily embodies an experimental way of working- running the network training but has aspects of a developmental project to it as well. The developmental aspects of this project exist to enable to experimental side; building and testing the network architectures, writing the MATLAB scripts to run the training, modifying scripts to correctly import and resize the data as needed. A repeat of this project would likely consist of similar development stages, to try to stay close to the projects design, but change certain aspects to achieve improved results.
[bookmark: _Toc77593974]4.1 - Development and Experiment Methodology
[bookmark: _Toc77593975]4.1.1 - Software
The network training, and the writing of scripts to aid in the process, was carried out using MATLAB [20]; more specifically, the Deep Learning Toolbox [21]. Most of the design for the network architectures was done using the drop and drag ‘Deep Network Designer’ (see figure 1) but for the sake of gaining experience some versions were written out by hand based on the code generated from previous versions using the Deep Network Designer.
[image: ]
Figure 1 - Deep Network Designer



MATLAB was selected as experience was already held in the development environment and in using aspects of the deep learning toolbox; the use of Python with frameworks such as TensorFlow [22] or PyTorch [23] were considered but given the nature of the project it was decided that using an environment one was already familiar with (and that provides easy to use abstractions on the underlying framework) was the sensible decision. 

A type of recurrent neural network, Long Short-Term Memory networks, are used for processing sequence data in which order is a concern e.g., time series sequences [24]. A custom hybrid Long Short-Term Memory Convolutional Neural Network (LSTM-CNN), based on the work of Nagda and Eswaran [25], was considered – the theory being that if an LSTM allows for a sort of memory between points in time in a time series sequence, that it could provide improved pattern recognition in volumetric image data (like an MRI). A model based on this work was put together in the MATLAB Deep Network Designer (with a script generated from this and node diagram output when this code is run (see figure 2)), using the U-Net/3D U-Net architectures as CNN aspect of the hybrid architecture.
Figure 2 LSTM-CNN Node Diagram


When an attempt was made to run the training to the viability of the LSTM-CNN architecture, is became apparent that it would not work as intended in the MATLAB environment due the way the layers related to LSTM networks had been implemented. Looking at the source code for the LSTM specific layers in MATLAB, one was able to see that they were not compatible with image data being used as input to the network. Correspondence with MATLAB support on their forums (see figure 3) suggest that the desired functionality would potentially be implemented in a future version; they also mentioned the possibility of writing a custom layer, however this was determined to be outside the scope of the project and beyond current skill level. As a result of this, the LSTM-CNN was abandoned in favour of a regular feed forward CNN. 
There are then two main architectures used in this project 3D U-Net [26], an existing variation on the U-Net architecture, which is already used for biomedical imaging through segmentation, and a somewhat custom architecture based on ResNet – no 3D variant of ResNet was found so one needed to be constructed via the MATLAB deep learning toolbox. 3D U-Net was used given its prior usage in biomedical imaging, ResNet was selected based on its success in 2D classification in the ImageNet competition. 
Figure 3 Correspondence with MATLAB Staff












[bookmark: _Toc77593976]4.1.2 - Hardware
The network training conducted as part of this project was carried out on a desktop PC belonging to one Amelia Moseley. Given the nature of the work being done, it would have been preferable to use a cloud computing solution such as those offered by Amazon, Microsoft, or Google (Amazon Web Services (AWS) [27], Azure [28], and Google Cloud [29] respectively); attempts were made to use some of these services making use of free trial offers however, due to current global circumstances at the time of writing, access to these services when attempts were made was not available.
The systems hardware is as follows:
· Motherboard – ASUS Z170-A Skylake
· CPU – Intel Core i7-6700K 4GHz
· GPU – Gigabyte Nvidia GTX 980Ti 6GB GDDR5 VRAM (Maxwell architecture, compute capability 5.3)
· Accelerator Card (Used for training instead of GPU from November 2020) – Nvidia Tesla K80 24 GB GDDR5 VRAM (dual processor design, 12GB VRAM to each processor. Kepler architecture, compute capability 3.7) 
· RAM – HyperX Fury 32GB (4 x 8 GB kit) DDR4 2666MHz (running at clock speed of 2400MHz)
· SSD (for operating system, windows 10 pro) – Kingston A400 240 GB. Later replaced with Samsung 970 EVO 1TB NVMe M.2 drive in October 2020
· HDD – Seagate 3TB 5900RPM 64MB Cache. Later replaced with Seagate BarraCuda 4TB 5400RPM 256MB Cache, after original drive failed.
· PSU – Corsair CX600 (600 Watts, 80+ bronze). Later replaced with EVGA 750 B5 (750 Watts, 80+ bronze) at the end of October 2020 
The network training for the project started shortly after access was granted to the data set (see section 4.2.3.1) and was initially carried out using the GPU. In mid-October 2020, the conclusion was reached that the VRAM capacity of the GPU was not enough as the MATLAB training was often crashing, and the resolution of the training data was needing to be reduced to nearly a quarter of the original (from 256x256x170 to 64x64x40). 
The decision was made to purchase an ex-server accelerator card to perform the remaining training attempts on. The purchased card was selected due to availability and price, £120 for the K80. It was a refurbished unit from a reliable seller on eBay. Upon receiving the card and installing it in the PC, it soon became apparent that the PSU did not supply enough wattage to power the card and so the 750W PSU was purchased.
In the process of swapping out the old 600W PSU with the new 750W PSU, the old HDD became non-functional (a power surge damaged the PCB), and so the new drive was purchased; the PCB from the old drive was replaced and the data mirrored over to the new drive using Windows disk management tool.
Once the data had been successfully mirrored over to the new drive, the accelerator card could now be tested to see if replacing the PSU was enough to get the card working. The card was displaying correctly in device manager, and the device drivers were installed. A test run of the training was started in MATAB which ran for a short time before the PC rebooted; during this first test training using the accelerator card, both that card and the GPU were connected to the PC. The PC did not boot up after this test as it had caused resettable fuses in the new PSU to trip, so a wait of a couple of days was required to let the fuses return to their normal state. The conclusion was reached that having both the GPU and the accelerator card connected was drawing too much wattage, and so the GPU was disconnected and the monitors for the system were connected to the ports on the motherboard instead to utilise the integrated graphics of the CPU.
Further test training iterations with the accelerator card were now conducted, and a different problem was emerging. The training would run for a short amount of time, and then the system would reboot. Brief consideration determined that the cause of this problem was due to the thermals, the accelerator card was getting too hot, and the system rebooted as a safety measure. This did not come as a surprise as the card is an ex-server card which by itself is passively cooled with a large heatsink spreading across the whole surface of the card, and banks of fans cool the cards in the servers. Searching around led to a video [30] demonstrating a method of cooling by means of an airduct attached to the back of PC where the PCIe backplate of the accelerator card is; their method uses sheet aluminium and a USB powered fan to draw air away from the PC, pulling it across the heatsink of the card – study of the video led to the cooling solution pictured in figure 4.
The cooling solution used is constructed from cardboard wrapped in, and stuck together with, aluminium tape, and a USB powered fan secured with black electrical tape. As pictured in figure 5, a wooden posable hand was used to hold the airduct in place to prevent it from sagging. 




Figure 5 Airduct Help up by Hand
          Figure 5 Custom Cooling Solution


The aim with the accelerator card was to use both processors and therefore the full 24 GB VRAM. To attempt this, a parallel pool was started using the MATLAB Parallel Toolbox and selecting the two accelerator card processors, training was then started with the execution environment training option set to parallel. With the parallel running, the training ran for roughly 30 minutes before the training crashed throwing a CUDA error; it is not known whether this is due to the improvised nature of the cooling solution, or whether it was a driver compatibility issue relating to the older architecture of the card. Whatever the reason for the crashes, it soon became apparent that only one processor on the card would be usable at any given time, effectively cutting the VRAM capacity of the card in half from 24 GB to 12GB. Compared to the GPU, the full 24GB VRAM versus 6GB VRAM would have justified trade-off in performance (the GPU having a higher compute capability but lower VRAM) and the increased training time may have been worth the improved training accuracy – with only one processor being usable, that trade-off was no longer worth it. Despite this, training was continued on the accelerator card as the strain the training puts on the card was not something wanted for the GPU; the GPU is bas been in the system for a little over 5 years and the risk of damaging the card to complete training faster did not seem worth the potential cost of replacing the card. So even though it meant training took longer, it was felt to be a fair trade for ensuring the GPU remains functional. 
[bookmark: _Toc77593977]4.1.3 - Training Data
4.1.3.1 - Data Acquisition
A data access form was filled out for ADNI around September 2020, and soon after access was granted. Upon gaining access to the online repository, searches could be made for the desired datasets data sets. For the purposes of this project, the search was filtered by MRI scans (discarding search results for Positron Emission Tomography (PET) ect…). There were subsets of the search results based on the field strength of the scanner that was used to perform the scans. To try and get the largest amount of data for training, all the subsets were selected and then any duplicate entries, due to crossover between the sets, were manually deleted upon downloading the selected data.  
4.1.3.2 - Ethical Consideration
The dataset used is anonymised to prevent people from knowing the identity of the subjects of the study and a data protection agreement was signed outlining steps to make sure the identity of the subjects is not obtained. The study the set comes from has long since concluded and so there are no considerations that need to be made about the status of the subjects. The subjects were studied at various stages of the AD progression but none at particularly late stages, one would imagine to lesser the strain on the subject and the families. The data used for the training was then deleted from all personal drives once the project was concluded. 
4.1.3.3 - Pre-processing
Certain pre-processing steps had already been carried out on a subset of the data that was downloaded, mainly to do with cleaning up potential noise from the machine during the scanning process. For the purposes of the project, only one additional pre-processing step was carried out – resizing. The data is quite large, and so to be able to carry out the training on the hardware available (namely the amount of Video Random Access Memory (VRAM) available on the Graphics Processing Unit (GPU)), the data needed to be resized. To carry out the resizing, a basic function was written in the MATLAB environment, the handle of which gets passed to the built-in MATLAB function for reading in image datastores. The datastore calls the function when a request to read in the data is made, in this case the network training function, so as MATLAB prepares the training environment, and the data associated with the datastore is read, the data gets resized.
[bookmark: _Toc77593978]4.1.4 - Classification Method 
The network models are being trained with a binary classification (two classes). Initially attempts were made to do a multi-class classification (three way), but the results were less than satisfactory. There are multiple instances of binary classification being done on the selected architectures, with the training options staying consistent between them. There are three instances per architecture in total, with the labels for the classes and subsequently the training/testing/validation set(s) changing between instances. The binary class labels for each instance are as follows: CN + AD, CN + MCI, and AD + MCI. The labels per instance totalling to three instances trained per architecture was chosen to try and follow the pattern for the previous studies that have attempted methods of classification on the ADNI set.
[bookmark: _Toc77593979]4.2 - Validity and Reliability
There are aspects of the projects undertaking that put the validity and reliability of the results gathered into question, most notably is the hardware issues discussed in 4.2.2. 
Between the two of the critical factors that determine part of the success of the project, the experiment is arguably more valid than it is reliable. Multiple runs of the training were conducted, small changed in the settings between each run, with as many other potential variables being kept constant, from all of these runs the results were all similar. The project is not a reliable one though, with the main issue being the GPU or accelerator card being used for the training; hindsight suggests that the accelerator card should not have been purchased and that training reaming being conducted using the GPU. 
The thought process at the time of getting the accelerator card was one of improving the training results, and in theory that would have been a good idea given the limitation of the VRAM, however the sensible thing to do would have been to continue the training on the GPU. Changing to the accelerator card introduced new variables to the experiment that should have remained constant, even if that meant the training results yielded low accuracy; it is largely this that makes the project an unreliable one and raises into question the validity of the project and data collected. Looking at the issues with the way the project was carried out, it gives the impression that it is not reliable, and potentially not all that valid, but that the reliability of the project is more of a problem than the validity; given better reliability, the validity would increase as well.












[bookmark: _Toc77593980]5 - Analysis of Training Results 
The network training did not yield any suitably accurate models. The initial training attempt was carried out on the GPU using the standard 3D U-Net architecture and achieved the second highest accuracy, sensitivity, and specificity with each of those metrics sitting at ~61%; this training was while it was still using a three-category classification. This initial training attempt used the least training data, about 500 MRI scans with a field strength of 3T (tesla – the strength of the magnetic field created by the coils in the scanner); 80% used for training, 10% for validation during training, and 10% set for calculating the metrics. At this stage, the thought was that a more training data would yield better results, and so the set was increased to ~2500 scans with a mixture of 1.5T and 3T scans, split in the same 80:10:10 ratio. In most cases this assumption can be correct, however this proved to be a mistake as all subsequent training attempts yielded far lower metrics of ~33.21% for each attempt, only increasing back up to a still relatively low ~46.42% after the data set was reduced. When the classification method was switched to two possible classes, the metrics were an average of 55% for each training attempt; this was the same for each network architecture used, this being a binary classification puts the 55% at just over chance and therefore on par with the ~33.21 from the three possible classes.
At the time of writing, it became apparent as to the reason for the drop in training metrics after the initial ~61%. It was not strictly speaking the increased amount of data being used that caused the drop, but rather the set now being a mixture of 1.5T and 3T scans. This realisation led to a brief couple of training attempts going back to the original training options to try to satisfy curiosity. Using 346 scans at a field strength of 3T, setting the initial learn rate to 0.0075 compared to the initial attempts 0.005, setting the training to go for 150 epochs compared to the initial 100, and carrying out the training using the GPU. The results from this were mixed, carrying out the training resulted in a validation accuracy of 83.33% and metrics using test set put aside for that run of ~84%; but given a different test set of scans at 3T the metrics were far lower at ~34%. Part of this suggests overfitting but given that the test set that was set aside was separate from the training and validation sets, there is uncertainty as to the reason for this discrepancy. Whatever the case may be, it does suggest merit to the thought that datasets composed of both 3T and 1.5T scans resulted in lower performance metrics. 

[bookmark: _Toc77593981]6 - Evaluation
Overall, this experiment has succeeded in demonstrating why 3D volume classification, by means of passing the whole volume as input, has not been explored particularly far. Given a more professional environment, likely with the training being conducted using python and running on a large server/datacentre, it is feasible that this sort of network training could yield satisfactory results; whether it would be sensible to do compared to conventional 2D classification and segmentation a whole other matter altogether. The results gathered from this project are not acceptably reliable or viable to base decisions on the use of the discussed methods for any real-world function, but it would be beneficial to continue the line of study to try and produce reliable and viable data to analyse. 
A far more beneficial way to carry out this project would have been to use python machine learning frameworks, and to set a goal that is more achievable; this would have allowed for far more opportunities to learn new skills, whereas the way this project has been conducted has meant learning from mistakes made along the way instead. 
The research carried out has proven to be the most fruitful aspect of the project, with avenues of future work presenting themselves, such as the implementation and testing of the hybrid LSTM-CNN; the potential for improvements to biomedical imaging with machine learning from such an architecture design holds significant merit and should be researched further by those far more capable of doing so.








[bookmark: _Toc77593982]7 - Discussion 
Looking at the way the project unfolded in retrospect, there are plenty of areas for improvement, lessons that have been learned, and potential ways to carry out a derivative of the project in the future. From the start it should have been obvious that it was too ambitious a project to carry out at this level of study; the data being used and the decision to carry out the training using the full volumetric MRI was not a good idea. There is potential merit in full volume classification, it is just that that specifically should have been the focus of the project, removing the superfluous nature of the medical aspect of things; too many aspects of interest were being brought together for a project of this level. The implementation of the hybrid LSTM-CNN could have been an interesting way to look at using full 3D data as inputs to an architecture, the potential increase in accuracy gained from using the short-term memory to build connections between the layers of the 3D volume. 
Feedback from the supervisor should have been addressed, specifically the suggestion that slices of the MRI volumes should have been used as the training data; at that point in the project’s timeline, it was starting to seem like a sunk cost fallacy, and the overcoming the self-imposed issues that arose from the acquisition of the accelerator card made the idea of changing directions to using volume slices feel like giving up. 
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