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Introduction: Medical image data represents the largest amount of medical data present in the world. Medical imaging is a very important tool in the prognosis and treatment of diseases including types of cancer. Breast cancer is a leading cause of mortality and its early detection via pathology is the most important factor for treatment. Image Classification for oncology via machine learning and deep learning algorithms provides increased Histopathological Precision by classifying tissue slides into benign, in situ, or invasive categories reducing diagnostic errors and improving early detection. This brief study demonstrates the effectiveness of two distinct machine learning approaches to oncology image classification including Random Forests (RNF) and Convolutional Neural Networks (CNNs). The data set provided was generated by performing a 256 x 256 Discrete Cosine Transform on annotated patches of the TUH DPATH Breast data and retaining the most significant coefficients in 32 x32 RBG images rolled out side by side into 3072 coefficients per image. Nine different labels were applied to the breast cancer images consisting of normal, artifact, non-neoplastic, inflation, suspicious, ductal carcinoma in situ, invasive ductal carcinoma in situ, null and background.
The objective of this study was to achieve the highest classification accuracy for the evaluation data set with unknown labels by training models on the training data and adjusting parameters by testing on the development set. The null, artifact and suspicion classes were deemed of lesser medical importance for this classification task which focused on determining the average error rate for normal, non-neoplastic, inflation, ductal carcinoma in situ, invasive ductal carcinoma in situ, and background classes. I choose a convolutional neural network (CNN) as it is the most effective and commonly used deep learning structure for image classification. I used several convolutional layers to capture edge detection and cell recognition and a dense layer with 512 parameters to provide an overall understanding of the image. For my second machine learning algorithm I selected Random Forest (RNF) based on its ability to handle high-dimensional data sets, capture complex non-linear relationships between features, and its robustness to noise. The computational efficiency of both model types allowed me to run many experiments to optimize the model parameters. 
Algorithm No. 1 Description: The first successful CNNs developed for image classification were AlexNet, GoogleLeNet, and VGGNet which demonstrated improved performances on the ImageNet dataset. I chose the early CNN approach due to the high accuracy that can be achieved with relatively low numbers of layers and parameters (model complexity), while increasing overall computational efficiency and explainability. I reshaped the data from the 3072 RGB rows into 32x32x3 images and attempted data augmentation to increase generalizability including RandomFlip (horizontal and vertical), Random Rotations, and Random Zoom. The data augmentation techniques largely decreased my model’s performance and were not included in the final training run. I chose an architecture similar to but smaller than AlexNet (8 layers) and VGG16, with 6 total layers, 3 Convolutional layers followed by fully connected Dense Layers.  I used max pooling after the first 2 convolutional layers to reduce the amount of data and settled on 3x3 kernels for this architecture after discovering they out-performed 4x4 and 5x5 kernels in my experiments as well as reported by the VGG group.  I used the ReLu activation function to introduce non-linearities after each layer and drop out of 0.4 to minimize data memorization and force the network to learn features. My network complexity began small with the first convolutional layer having 64 filters to enable edge detection. The number of filters expanded to 128 in the second layer and to 256 in the third to enable learning of more complex features. The final convolutional layer was rolled out using a flatten layer which proved more effective then Global Average Pooling. Dropout was used only in the fully connected layer to ensure enough learning capacity was available in the earlier layers. The dense layer consisted of 512 fully connected neurons fed to the output layer. A Softmax activation function was used to turn the final neuron values into probabilities. The Sparse Categorical Cross-Entropy loss function, class weights, early stopping and a learning rate scheduler were all used to throttle the training process. These methods were employed as callbacks to the model. Class weights were applied to every single class corresponding to their frequency in the data set using the square root smoothing technique. The weights for background, DCIS, and invasive classes were set heuristically. The class weights were applied when the Cross-Entropy loss function is invoked by changing the “cost” or “penalty” associated with misclassifying that specific label as follows . The Categorical Cross-Entropy Loss function weights the entropy of each class accordingly and forces the weights to adjust more significantly for missing a cancer case than a background case. The optimizer Adam employed Stochastic Gradient Descent on the loss function without regularization. The learning rate scheduler function began the training process using 38 epochs with a low learning rate of 0.00008 for epochs 1 to 4. From epochs 5 to 17 the learning rate increased by over an order of magnitude to force the model to learn features and bump the gradient descent out of local minima. The decay phase from epochs 15 to 38 reduced the learning rate by 5% each epoch to fine tune the final weights. Batch sizes of 32, 64 and 128 were tested on the Dev data set with a batch size of 32 scoring the lowest error rate.
Algorithm No. 2 Description:  Random Forest (RNF) was implemented as my traditional classifier. Data preprocessing first involved creating additional gray scale values for each image using the Histogram of Oriented Gradients (HOG) approach. HOG divided the 32x32 images into grids of 4x4 with normalized contrast. This method allowed the model to detect irregular shapes and cell borders and is appended to the columns. A standard scaler was used to scale and transform all 3 data sets. I tested RNF models with varying sizes of trees ranging from 500 to 1500, maximum tree depth, minimum samples before a split and before a leaf to optimize the parameters. The optimal parameters were a maximum depth of 15, min samples split of 2, balanced class weights, sqrt for determining the number of features and 1000 trees. The balanced class weights parameter accounts for classes represented at lower frequencies in the data sets. The large number of trees used in this model increased stability by averaging out outliers such as staining artifacts and providing a smoother decision boundary. The maximum controlled depth of 15 set the maximum number of questions or branches for each tree to prevent the model from memorizing noise and overfitting. The minimum samples leaf of 8 required the final decision point to take into account at least 8 different images increasing the model’s ability to learn patterns. 
Results: The performance in terms of weighted error rate for the Random Forest (RNF) and Convolutional Neural Network were extremely similar. The Random Forest model did not overfit on the training data and demonstrated strong generalization on both the Dev and Eval data. The CNN’s extremely low error rate on the training data and 54.77% error on the eval data indicates overfitting was occurring but not enough to prevent the model from making correct classifications. The CNN model’s highest error rates occurred on ductal carcinoma in situ (dcis) and invasive ductal carcinoma in situ (inc) while it correctly classified non neoplastic (nneo) and inflation (infl) with error rates of 33% and 31% respectively. The CNN models’ ability to detect cancerous features would be improved by adding layers or additional data pre-processing. 
Data Set
Algorithm
Train
Dev Test
Eval
CNN (VGG)
3.5636%
52.8652%
54.7711%
RNF
19.0201%
53.9701%
53.9789%
Table 1. Classification results for CNN and RNF models on Breast Cancer histology using Weighted Error rate performance metric .


Conclusions: Applying the CNN and RNF models to the task of medical image classification for oncology demonstrated the ability of simple models to achieve some success in classification of disease conditions. The models performed similarly with the CNN overfitting more than the RNF model. RNF was chosen for its ability to capture non-linear relationships and robustness towards noise and outliers. The CNN VGG style model was designed to learn simple features like edges and contrast, and combine that knowledge into higher level representations. Both models were extremely simple and computationally efficient allowing for time and compute to run many experiments to tune hyperparameters. The CNN model combination of a well-known VGG architecture, Cross-Entropy loss with weights, and a learning schedule allowed a very small and efficient CNN model with minimal parameters to effectively classify Breast Cancer cells and tissue.  Additionally, both models were trained only on the training data set. Further accuracy could have been achieved by combing the training the development data sets during the training phase. 

