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Introduction: Of the many medical disciplines there are, pathology is one of the most important. In practice, pathologists use tissue and cell samples to diagnose disease. Accurate diagnoses are crucial for disease prevention and treatment, especially for diseases like cancer. As such, any aid that can assist physicians is of great interest. Digital pathology focuses on the utilization of computer-based technologies to digitize and analyze these tissue and cell samples. Advancements in computation power and cloud-computing have made automated, machine-learning powered solutions more practical in developing tools and technologies that deliver fast, accurate, and cost-effective diagnoses and prognoses. In this project, we were tasked with developing and training two machine learning algorithms to identify and classify 5 classes of tissues: normal, non-neoplastic, inflammation, ductal carcinoma in situ, and invasive ductal carcinoma in situ. This paper will explore and discuss the effectiveness of the two machine learning models implemented.
The dataset for this project consists of DCT coefficients, 32x32 per color channel, generated from 256x256 patches from the TUH DPATH Breast database. The dataset is split into three portions: train, dev, and eval. The train portion is used to show the model samples and “teach” it how to identify the different tissue types. The dev portion is used to test and tune the model. The eval portion was used as a “final exam”, so to speak, to evaluate each model’s performance. In more clinical focused applications, this evaluation step would help researchers and clinicians evaluate a model’s suitability for use in a clinical setting. The two models I chose to implement were a Random Forest (RNF) and a Convolutional Neural Network (CNN). I chose the RNF model as a baseline system for its relative simplicity and its widespread use in image processing. I chose a CNN in order to explore the implementation of a more complex model to see what kind of performance improvements were possible. 
Algorithm No. 1: The first algorithm I chose to implement was a Random Forest (RNF) classifier. This classifier is built out of many decision trees. Each tree selects random features to look at so that each tree is unique and learns a different section of the data. After each tree is trained, an overall classification result is obtained by averaging the prediction of each tree. Averaging these predictions serves to mitigate the model overfitting to the training data and generalizing poorly. To improve performance, individual tree can grow deeper to learn more complex patterns and relationships, but deep trees can tend towards overfitting. For my implementation, I used Scikit-learn’s RandomForestClassifier class. With this class, you can specify a plethora of parameters to customize the tree and optimize its performance. I went with 1000 trees, tree depth of 18, nodes that split once they had a minimum of 10 samples, and leaves that required 20 samples. All of these parameter setting are fairly stock standard as I wanted to use a basic implementation to get a feel for the task. In preprocessing, I did some feature engineering to increase the numbers of features the model would have to learn the data and use to classify it. For each color channel, I computed the mean, standard deviation, maximum, and energy of the DCT features and added them to the raw samples to augment the features set. I also used the VarianceThreshold class to remove low variance features and stabilize the model. 
Algorithm No. 2 Description: The second model I chose to implement was a Convolutional Neural Network (CNN). A CNN is a network comprised of various layers; each layer contributes to the function of the network overall. The input layer receives the data and passes it along for processing. Next, the convolutional layer(s) extracts features from the input data and applies kernels that slide over the image. The activation Layer introduces non-linearity by applying an activation function to the results from the convolutional layers, this allows the network to learn more complex relationships. The pooling layer reduces the dimensions of the feature maps to prevent overfitting. The fully connected layer takes the extracted features and performs higher-level reasoning to produce the final classification scores, and the output layer uses activation functions to convert those scores into probabilities. In my implementation, I used Pytorch’s Sequential and Conv2d classes to specify the layers of my CNN. The input layer has 3 input channels, uses a ReLU activation function, and has 32 output channels. The second layer has 32 input channels and 64 output channels, and the third layer has 64 input channels and 128 output channels. This finished with a classification head. Similar to my RNF implementation, my CNN implementation is simple and fairly stock standard. For training, I trained the model over 120 epochs. Over those 120 epochs, the model learned the data from the train set and was tested on the dev set. The model was trained by making predictions and computing loss to compare the predicted labels with the true labels. Backpropagation was used to update the weights and start before another round of prediction and backpropagation. Once that training phase was completed, the model was tested, and the model with the best accuracy is saved. Patience is incorporated into the overall training scheme so that the model has time to learn as much as possible, but it also has early stopped to prevent performance degradation. If the model stops improving for 15 epochs, the training stops early and the model is saved. 
Results: Despite the simplicity of my CNN implementation, the results show improvement over the RNF classifier, particularly on the dev and eval data sets. These error rates are very high overall, but, more so for the CNN, it shows a model that is generalizing decently on the dev and eval sets Both systems struggled to classify the dcis and indc classes, which is to be expected as those were very small classes, so the models had less raw features to learn from. Based on the similar results on dev and eval for both models, it seems that dev and eval are similar, so more performance improvements on dev could yield better results on eval. The unusually high error rates on train for both models might indicate areas where my implementations are seriously weak. These high error rates are somewhat discouraging but indicate that there are a lot of improvements I can still make to these implementations. Investigating what my implementations are doing differently from other similar systems is an obvious next step based on these results.
Data Set
Algorithm
Train
Dev Test
Eval
Random Forest
84.5104%
81.6651%
83.1637%
CNN
80.4971%
61.2865%
61.9428%
Table 1. Error rates for RNF & CNN on classifying norm, nneo, infl, dcis, and indc classes of tissue

Conclusions: Through the completion and presentation of this project, I’ve gained a much deeper insight into how machine learning is being leveraged in real-world applications and the impacts it can have. In attempting to implement these machine learning algorithms myself, I’ve gotten a taste of the extensive research and development that goes into the producing, tuning, and evaluating these machine learning algorithms. If I were to do this project again or if I had more time to continue developing it, I would invest more time in fine tuning my RNF classifier to increase its performance to a level comparable to the other results published by my peers. With my standard, “off-the-shelf” implementation, I should be seeing much better performance. Additionally, I would like to attempt to use more innovative classification techniques and take inspiration from the more state of the art solutions. I would do something similar with my CNN implementation. CNNs have an incredibly high number of parameters to adjust and tune so there should be a great number of performance improvements left on the table. Another avenue I’d like to explore is more feature engineering and data augmentation, particularly for the dcis and indc classes since they are the least represented in the data but are of most interest to clinicians trying to diagnose patients. The biggest gain from my work on this project with these machine learning models is seeing how truly deep this field is. With more time, resources, and innovation I should be able to improve my models’ performance. As technologies and tools get more advanced, it will be fascinating to see how far state of the art solutions will go and how close we’ll be able to get to the performance of human clinicians. 

