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1. Introduction 

Cancer presently stands as the second largest cause of death globally1. Brain cancers contribute 

a sizable portion of these fatalities, resulting in 227,000 total deaths in 20162. More disturbingly, 

incidences of brain cancer have been rising worldwide2, with new diagnoses being most common 

in Canada and Northern European countries3. 

Machine learning methods have rapidly emerged as a promising approach to oncological 

imaging studies4–6. In particular, convolutional neural networks (henceforth referred to as CNN’s) 

have rapidly gained traction in this realm5. These neural networks employ convolution to detect 

local changes in pixel values7. This process is presented in visual form in Figure 1 below4: 

 

 

Figure 1: Visual Illustration of the Effects of Convolution4 

 

Among biomedical imaging studies, image classification and image segmentation have 

emerged as the two most dominant categories8. In the former case, the system in question examines 
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a biomedical image and returns a single prediction, such as cancerous or non-cancerous8. Likewise, 

image segmentation seeks to separate an image into several distinct regions9. The latter is of 

particular interest for brain cancer, as it can allow for the localization of tumors for treatment or 

resection10. 

Various imaging modalities are available for brain tumor analyses using CNN’s10. The most 

prevalent of these by far is magnetic resonance imaging (MRI)11–15. In addition to its non-invasive 

nature, MRI offers superior contrast and safety over its counterparts10. Regardless, for initial 

diagnosis, the reliability of biopsy has yet to be surpassed, as experts have consistently referred to 

it as a gold standard16,17. 

Historically, these visualization approaches have occupied distinct niches. Biopsy was 

typically the preferred choice for brain tumor detection (image classification)16,17, whereas 

scientists and medical professionals typically employed MRI to delineate brain tumor boundaries 

(image segmentation)18,19; however, a study by Li et al. in 2014 demonstrated the capabilities of 

CNN’s for examining brain tumor images of various modalities, namely MRI and positron 

emission tomography (PET)20. Furthermore, recent research published this year by Hollon et al. 

demonstrated a successful implementation of CNN’s for segmentation of brain tumor images 

obtained by simulated Raman histology (SRH)21, a method which produces rather similar results 

to conventional biopsy staining22. For these reasons, we believe that it is worthwhile to study the 

segmentation of stained histopathological images of brain tumors using CNN’s. 

When assessing the behavior of machine learning models, the Receiver Operating 

Characteristic (ROC) curve has consistently shown success23. While these curves themselves can 

provide valuable information, studies frequently assess them in terms of the associated areas under 
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them24. (often denoted as AUROC25, but henceforth referred to as AUC) Indeed, several 

histopathological image studies utilizing CNN’s made use of this metric25–28. 

However, a promising counterpart to the ROC curve is the precision-recall curve29. Rooted in 

information retrieval systems30, this curve offers superior insight for datasets whose constituent 

classes are imbalanced31. This is of particular interest for biomedical image studies, as class 

imbalance remains a pervasive issue in this field32. A sample case comparing two systems in ROC 

and precision-recall space is presented in Figure 2 below29: 

 

 

Figure 2: Comparison Between ROC and Precision-Recall Curves29 

 

Furthermore, much like a ROC curve, a precision-recall curve can also be quantified by the 

area beneath it, conventionally termed the average precision (AP)33. An associated metric is the 

mean average precision (MAP)34, which represents the mean of several AP values for various 

classes35; however, in practice, data scientists often use these terms interchangeably36. Thus, we 

will refer to this property as MAP for the remainder of this thesis. 
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Despite its apparent advantages for skewed datasets, the precision-recall curve has consistently 

been neglected in literature in favor of the ROC curve31. This is of further interest to us, due to the 

aforementioned class imbalance widespread in biomedical imaging analyses32. Therefore, we 

believe that it is worth studying and evaluating precision-recall curves and MAP values in the 

context of a biomedical image segmentation project. 

The purpose of this thesis was to carry out image segmentation on stained histopathological 

images of brain tumors using CNN’s. We utilized a patch-based approach, in which we classified 

smaller image patches as tumor or normal, rather than a semantic (i.e. pixel-wise) segmentation 

method for the sake of simplicity. Likewise, we quantified the performance of our classifier using 

both AUC and MAP to determine the validity of using the latter metric in a biomedical image 

segmentation environment. 
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2. Background 

The contemporary CNN has its roots in the neocognitron architecture introduced by Fukushima 

in 198037. This primitive archetype employed circular convolutional kernels37 and failed to utilize 

a standardized form of training38, such as stochastic gradient descent39. Despite this, it achieved 

moderate success on basic studies in these early days of artificial intelligence40,41. 

The first instance of the use of CNN’s for biomedical image analysis occurred in 199542. In 

this study, Lo et al. developed a system using CNN’s to detect cancerous lung nodules in digitized 

radiograph images of cancer patients42. Such early applications of neural nets to biomedical images 

typically modeled their workflows after the steps radiologists would take during diagnoses42,43. 

The following years saw limited use of CNN’s for biomedical image segmentation 

applications. In 2005, Ning et al. produced a pipeline utilizing CNN’s for locating cellular 

components in differential interference contrast (DIC) videos of developing C. elegans embryos44. 

Similarly, Turaga et al. examined scanning electron microscopy (SEM) images of retinal tissues 

using CNN’s in 201045. 

However, in 2012, CNN’s received a resurgence of interest as a result of the 2012 ImageNet 

Large Scale Visual Recognition Challenge (ILSVRC2012)46. At this competition, CNN’s 

demonstrated excellent performance and far surpassed comparable machine learning approaches47. 

Namely, Krizhevsky, Sutskever & Hinton introduced the AlexNet architecture, which offered 

unprecedented capabilities at the time47. 

The first major application of CNN’s for biomedical image segmentation after this 

breakthrough occurred in 201348. Cireşan et al. utilized this method to detect mitosis in breast 
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cancer histology images48. The following year, Cruz-Roa et al. performed patch-based 

segmentation of breast cancer tissue issues using a CNN in conjunction with a Random Forest49. 

The next landmark development in this field came with the introduction of the U-net by 

Ronneberger, Fischer & Brox in 201550. Based on a previous fully-convolutional CNN 

architecture for semantic segmentation proposed by Long, Shelhamer & Darrel51, the U-net was 

developed specifically for biomedical image segmentation50. This network performed semantic 

segmentation by carrying out convolutional down-sampling followed by corresponding up-

sampling50. As a result, the model architecture adopted a unique U-shape50, as shown in Figure 3 

below52. 

 

Figure 3: Diagram of the U-net Architecture52 
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Since its introduction, U-nets have rapidly gained prominence for semantic segmentation of 

biomedical images53,54. As recently as 2018, Shvets et al. utilized this architecture for robot-

assisted surgery55. Likewise, in 2016, Çiçek et al. produced a modified U-net architecture for three-

dimensional data56. 

Despite the aforementioned ubiquity of U-nets, conventional CNN’s have continued to see use 

in histopathological image segmentation studies. Litjens et al. published their research on the 

segmentation of prostate cancer and sentinel lymph node histology images using CNN’s in 201627. 

The same year, Wang et al. utilized CNN’s to achieve strong results on both classification and 

segmentation studies of breast cancer images26. Later, in 2017, Liu et al. further built on the 

aforementioned results57. 

As previously stated, studies in literature have consistently omitted precision-recall curves and 

MAP in favor of ROC curves and AUC respectively31. While this has generally applied to 

histological image studies utilizing CNN’s as well, this metric has seen scattered use. In 2019, 

Mercan et al. utilized a CNN to segment breast cancer histopathology images and reported their 

final results in terms of MAP58. The same year, Lu & Daigle made use of MAP when applying 

CNN’s for studying histology images of liver cancer59. Finally, Schaer et al. developed an image 

retrieval system for histopathological images using a CNN, where they quantified performance in 

terms of MAP and precision-recall curves60, likely due to their origins in information retrieval30. 
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3. Materials and Methods 

3.1. Image Preprocessing 

This segmentation study examined four primary histopathology (H&E-stained) images of 

glioblastoma xenograft in mice. This data had been obtained by Ki-Soo Jeong, a graduate student 

in the lab. The H&E staining is a gold standard in the histopathology of cancer tissue61.  These 

four primary images can be observed in Figure 4 below. 

 

Figure 4: Primary Histopathology Images in this Study, Labeled as Follows: a) 002, b) 003, c) 004, d) 166 
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We printed these images and provided them to Mr. Jeong, who then traced the tumor in each 

image. We then opened the corresponding file in MATLAB, recreated the drawn tumor boundary 

using the roipoly() operation62, and saved the resulting segmentations in case further examination 

or manipulation was required. 

From here, we divided each image into smaller patches. Furthermore, we also assigned binary 

labels to each patch based on the criterion that more than half of its pixels resided within the 

aforementioned tumor boundary and wrote the results to corresponding text files. We initially 

produced patches of size 30 x 30, 60 x 60 and 120 x 120 in this manner to allow for more directions 

in the earlier stages of this project. The patch sizes themselves were arbitrary selections based on 

the general sizes of the primary images; however, as previously stated, the limited number of 

training samples is a pervasive problem in similar studies6,8. Thus, we decided to proceed with the 

smallest of these patch sizes (i.e. 30 x 30) in order to maximize the number of samples available 

to our model. 

In addition to the patch sizes, we also divided each image based on an overlapping parameter. 

This Boolean variable indicated whether adjacent patches should overlap by half. (e.g. 15 pixels 

for 30 x 30 patches) Setting this variable to true (1) both aided in generating more patches for the 

model and resulted in smoother classification mappings in the later stages of this project. For these 

reasons, we opted to proceed with the patches obtained while the overlapping setting was on. 

Data augmentation is often critical for such studies to offset the limited number of available 

samples4,27,48,50. Therefore, we developed the following five augmentations for each patch 

produced: 

1) Flipping vertically 

2) Flipping horizontally 
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3) Rotating 90° 

4) Rotating 180° 

5) Rotating 270° 

Our goal with these data augmentations was to provide additional patches to our model for 

training and validation, as well as to make it more robust to the patch orientation. Furthermore, we 

developed two methods of applying these augmentations. In the former method, we selected a 

random transformation from those listed above for each patch, applied it and saved the resulting 

sample. This produced one new patch for each original sample, increasing the total number of 

patches by a factor of two. Conversely, the latter method applied all of the aforementioned 

transformations to each patch and saved the results, thereby generating five new samples for each 

patch and multiplying the total number of patches by a factor of six. Since the latter method 

entailed more samples available to the model, we chose this option and proceeded accordingly. 

Finally, it is critical to note that, in both methods, we assigned each patch produced from data 

augmentation the same label as its original counterpart. 

Table 1 on the following page summarizes the results of this image preprocessing stage. In 

total, we generated nearly 100,000 patches on which we could train and evaluate our model; 

however, it is critical to note the exceptional nature of Image 166. First, Image 166 provided 

approximately 53,000 (i.e. ~55%) of these patches, far more than any of its counterparts, due to its 

much larger size. Furthermore, as shown in subfigure d) of Figure 4, this image contained a unique 

gash in the lower-left region. These properties were the result of Image 166 being obtained at a 

later point in time than its counterparts. For these reasons, we sought to quantify the effects of 

using patches from this image and ascertain that it did not negatively impact the model behavior 

in our experimental design. 
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Table 1: Table of Relevant Metrics for All Primary Images 

Image 

ID 

Image 

Dimensions 

Mapping 

Dimensions 

Number of 

Primary Patches 

Number of Patches after 

Data Augmentation 

002 808 x 807 52 x 52 2,704 16,224 

003 735 x 682 48 x 44 2,112 12,672 

004 735 x 787 48 x 51 2,448 14,688 

166 1425 x 1424 94 x 94 8,836 53,016 

   16,100 96,600 

 

3.2. Deep Learning Model 

3.2.1. Model Architecture 

When selecting a CNN architecture for this study, our main priority was one which could be 

adapted for a small patch size. Furthermore, we also desired an architecture whose powerful 

capabilities had clearly been demonstrated in literature. For these reasons, we selected the AlexNet 

architecture47. As previously stated, this landmark CNN was the winner of the ILSVRC2012, 

where it offered vastly superior performance to its contemporaries47. Since then, experts have 

employed this architecture in various biomedical imaging studies, due to its powerful capabilities 

and relative simplicity26,51,63,64. A diagram of this architecture is presented in Figure 5 on the 

following page64. 
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Figure 5: Diagram of the AlexNet Architecture64 

 

The AlexNet architecture was originally designed for three-channel inputs of size 224 x 22447. 

Furthermore, due to the three fully-connected layers at the end, this input size is not flexible.51 

Thus, we were unable to implement this architecture on our 30 x 30 patches without some 

necessary alterations. A diagram of this modified AlexNet architecture is presented in Figure 6 on 

the next page. 
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Figure 6: Diagram of the Modified AlexNet Architecture Employed in this Study 

The most obvious distinction between this model and its inspiration is the removal of the final 

convolutional and max pooling layers47. We opted to omit these model components, since these 

would have entailed only a single input per filter to the fully-connected layers (1 x 1 x 4), which 

likely would have inhibited the predictive capabilities of the system. Similarly, while the original 

AlexNet architecture includes variable numbers of filters for the convolutional layers on the scale 

of hundreds47, our model consistently applied four filters at each such layer. This choice came after 

we attempted to increase this number to 64 at an early stage in the project and observed sizable 
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difficulties on the validation set. Finally, we constructed the model to return outputs from fully-

connected layers of size 100. This was an arbitrary selection that better suited the reduced scale of 

both the output from the final max pooling layer and the adjusted model as a whole. 

As previously stated, our model initially contained four convolutional and max-pooling layers 

in series. The convolutional layers utilized stride lengths of 1 x 1 alongside SAME padding, so as 

to prevent dimensional reduction. Conversely, the max pooling layers involved stride lengths of 2 

x 2 to ensure down-sampling. We specified the filter kernels and pooling windows in the 

convolutional and max pooling layers respectively to be of size 3 x 3 to better fit the 

aforementioned smaller scale of the model. We utilized ReLU as an activation function after each 

convolutional layer and the first fully-connected layer, largely due to its pervasiveness in deep 

learning38 and proven superior performance65,66; however, we opted to utilize sigmoid after the 

second fully-connected layer based on evidence that a bounded activation function at the end of 

the model could allow for more rapid training67. It is also worth noting that we examined the effects 

of replacing ReLU with Leaky ReLU68 at an early stage, but could not identify explicit 

improvement on the validation set and therefore chose to continue using ReLU. Finally, the last 

fully-connected layer returned one logit for each image class (i.e. normal or tumor), which were 

subsequently converted to probabilities using softmax69. 

We further altered our model to combat overfitting. We performed batch normalization70 on 

the output from each convolutional layer for these reasons. Furthermore, we configured the model 

to apply dropout71 prior to the first two fully-connected layers during training. The dropout 

probability for these purposes was 0.2, which we based on a recent study72. It is worth noting that 

such probabilities are typically set to 0.514,71,73; however, since we supplemented this method with 

batch normalization, we continued to use a lower probability. 
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3.2.2. Model Implementation 

We constructed the aforementioned deep learning model in Python 3.6.6 using TensorFlow 

1.11.074. After preparing code for these purposes, we uploaded the files to Oscar, the university 

supercomputer provided by the Center for Computation and Visualization (CCV), and submitted 

jobs using bash scripts. We requested two cores with 16 gigabytes of memory and 12 hours of 

runtime for each job, which we adapted from sample scripts provided by the CCV. 

Prior to training and evaluating the model, it was critical to construct the training, validation 

and testing sets. We used the training set to train the model and the validation set to periodically 

assess system performance, as well as roughly tune various hyperparameters at early stages of the 

project. Likewise, we obtained predictions on the testing set in the form of softmax probabilities 

after training had concluded. The exact patches designated for each set varied based on the study 

in question, which we discuss in later sections. 

We randomly divided image patches specified for the training and validation sets between 

these sets with a 9:1 split. This proportion was based on literature72 and was relatively skewed for 

these purposes26–28; however, we came to realize that employing the training set as was strongly 

inhibited the learning capabilities of our model, due to the strong bias towards normal patches. 

(~86%) This is a rather common problem in similar studies and is typically remedied by enforcing 

class balance in the training set44,57,75. Thus, we supplemented this division between the training 

and validation sets with a training set balancing step to produce approximate balance between 

normal and tumor patches in the training set. More specifically, we selectively removed normal 

samples from the training set at a rate calculated from the numbers of tumor and normal patches. 
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We further quantified the effects of this step based on several metrics, which we discuss in Section 

4.1.2. 

At this point, we also opted to identify all trainable parameters in our architecture and print 

their names to the job output files. We present and discuss these results in Section 4.1.1. After this 

step, we determined the names of all patches in the training and validation sets, as well as the 

corresponding labels, and assigned them to respective arrays. We then trained the model on batches 

of training patches, while periodically evaluating on batches of validation samples and writing the 

results to comma-separated values (CSV) files for easier handling. 

We selected a batch size of 1024 for training and validation. Based on the manner in which we 

structured our code, certain proportions of the training and validation sets were omitted during 

each iteration; however, by performing a large number of training epochs and repeatedly 

evaluating on the validation set, we were able to mitigate this issue. We based our choice of batch 

size on early analyses which determined that 1024 limited the omitted portions to reasonable 

levels. A visual representation of the aforementioned issue can be observed in Figure 7 below. 

 

 

Figure 7: Sample Case Illustrating the Omission of Samples for a Set Size of 8 and a Batch Size of 3. Since 8 is not evenly 

divisible by 3, the model does not encounter the remaining 2 patches. 

After reading in the training patches from their respective file names, our model performed the 

forward pass to obtain predictions and subsequently trained the model. Our choice of loss function 

was cross-entropy loss, due to its ubiquity for binary classification tasks in deep learning76,77. 
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Likewise, we selected the Adam optimizer based on its established advantages over stochastic 

gradient descent78. 

We configured our model to evaluate itself on the validation set immediately before training 

and after every 10 epochs to assess the initial state of the model and monitor performance 

respectively. This number of epochs was an arbitrary selection which allowed us to sufficiently 

understand the model behavior. During validation, our model read patches from the validation set 

and obtained predictions; however, unlike during training, the model than converted the softmax 

probabilities to binary outputs (normal or tumor) and compared the outputs to the corresponding 

labels. Our model selected the class whose probability was higher as the predicted class of the 

patch in question, effectively applying a probability threshold of 0.5. We selected this criterion, as 

it seemed to be a logical one. After each pass over the validation set, our code wrote several 

important metrics to the aforementioned CSV file. The most important of these were the 

sensitivity, specificity and overall accuracy; however, a full list of metrics can be seen in Appendix 

7.1. 

We initially used the results on the validation set to loosely tune the model hyperparameters. 

Most notably, we opted to perform 250 training epochs for each run, since we observed relative 

stability in the accuracy, sensitivity and specificity values on the validation set by this point. We 

also obtained a general range of learning rate values which seemed to entail reasonable 

performance; however, we did not decide on a single learning rate value until our preliminary 

study, which we discuss in Section 3.3. 

Upon reaching the final training epoch, we configured our code to obtain time values 

immediately before and after training over one batch of samples. We then computed the difference 

and wrote the results to an associated text file, such that we could later examine the model 
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performance. We likewise repeated this analysis on the validation set after training had concluded 

to assess this behavior as well. We present these results in Section 4.1.1. 

Finally, we evaluated our model on the testing set. Unlike the validation set, we did not apply 

an effective threshold to the outputs and rather obtained the softmax probabilities for both classes. 

We then wrote these probabilities to corresponding text files for further analysis. It is also worth 

noting that it was critical to obtain a prediction for each testing patch to reconstruct classification 

mappings. Therefore, we developed a solution to the aforementioned omission of some patches 

during training and validation for the testing set. More specifically, we structured our code to 

obtain predictions on batches which partially overlapped with previous ones, while saving the 

results for patches only present in the former. A diagram of this process can be observed in Figure 

8 below. 

 

Figure 8: Sample Case Illustrating the Solution to the Batch Size Issue on the Testing Set. After saving all of the results from 

the first batch, the subsequent batches only shift by one sample and append the result of the new patch. 
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3.3. Preliminary Study 

Our first venture involving the testing set was a preliminary study. Here, we constructed the 

training and validation sets from all available patches (both original and from data augmentation), 

while utilizing the original patches for each image as the testing set. Our code wrote the softmax 

probabilities of all patches in the testing set to corresponding text files, such that we could 

reconstruct probability heatmaps and compute key classifier metric values (AUC and MAP). A 

diagram of this setup is presented in Figure 9 below. 

 

 

Figure 9: Flowchart of the Construction of the Training, Validation and Testing Sets in the Preliminary Study 
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We performed ten runs of this process for each learning rate evaluated. This number was an 

arbitrary selection which we chose to mitigate variability between runs caused by a number of 

factors. (e.g. different training set compositions) Likewise, we examined five distinct learning rates 

at this stage: 0.01, 0.001, 0.0005, 0.0001 and 0.00005. This selection consisted of both learning 

rates which we had confirmed to perform well on the validation set, as well as additional options 

for the sake of thoroughness. We also attempted to refine the learning rate further, but were unable 

to obtain statistically significant results, as we discuss in Section 4.2. 

It is worth noting that the model encountered the original patches in both the training and 

testing sets and therefore trained on a portion of the testing set. In typical machine learning 

analyses, this would be considered unacceptable, as it has been documented to artificially 

exaggerate the predictive capabilities of the model79; however, we performed this analysis for two 

reasons. The first of these was to confirm that the use of a large number of patches from Image 

166 did not skew the results and the aforementioned gash discussed in Section 3.1 did not impede 

model performance. Likewise, this initial analysis allowed us to identify an optimal learning rate 

for each key classifier metric, thereby fixing one tunable parameter and preventing complications 

in future work. 

After performing the aforementioned runs, we transferred the text files from our Oscar account 

to a local MATLAB server for further examination. Namely, we read in the predictions and 

associated labels, reconstructed a probability heatmap from each set of probabilities and applied a 

moving threshold to convert the softmax values to binary predictions. This threshold began at zero, 

essentially predicting that all patches were tumors, and iteratively increased by 0.01 until reaching 

one, where all patches were predicted to be normals. We chose this threshold step size arbitrarily 

as a small value to allow for smooth ROC and precision-recall curves. 
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Our code then compared the binary predictions for each threshold value to the corresponding 

labels in order to calculate the proper metrics. (true positive rate and false positive rate for ROC, 

precision and recall for precision-recall31) Computing these metrics for each threshold value 

allowed us to trace ROC and precision-recall curves for each probability heatmap. Finally, we 

were able to calculate AUC and MAP values by numerically calculating the integrals of these 

curves. Our choice for numerical integration was the Trapezoidal Method, since the formula for 

Simpson’s Rule with unevenly-spaced data is rather complicated80. After obtaining AUC and MAP 

values for all probability heatmaps at each learning rate, our code wrote these values to associated 

CSV files. It is also worth noting that increasing the threshold eventually produced classification 

mappings with zero true positives and false positives, causing the denominator of the precision 

equation to be equal to zero31. Thus, when applying the moving threshold for the precision-recall 

curves, we added a conditional statement to check if the aforementioned condition had occurred 

and to break if it returned true. 

Once our MATLAB code had concluded, we transferred the AUC and MAP values from the 

aforementioned CSV files to Excel files for more careful examination. We selected optimal 

learning rates for both metrics based on their relative performances across all primary images 

before moving on to the following study. We also performed analyses of variance (ANOVA’s) for 

both AUC and MAP over each primary image followed by Tukey tests wherever suitable. We 

performed these statistical tests, as well as all such tests in this thesis, using R version 3.5.2. 

Likewise, all statistical tests discussed here had a level of significance of 5%, due to its prevalence 

throughout statistics81. Finally, we plotted representative probability heatmaps for the 

aforementioned learning rates to qualitatively assess the behavior of the model at this stage. 
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3.4. Main Study 

3.4.1. Heatmap Averaging 

We followed our preliminary analysis with a main study, in which the testing set did not 

overlap with the training and validation sets at all. More specifically, we configured our code to 

designate original patches from a single primary image as the testing set, while constructing the 

training and validation sets using patches (both original and from data augmentation) from all 

remaining images. We present this process in the form of a flowchart with Image 002 as the testing 

set in Figure 10 below. 

 

Figure 10: Flowchart of the Construction of the Training, Validation and Testing Sets in the Main Study with Image 002 

Designated as the Testing Set. Note the complete separation between the testing set and the training and validation sets. 
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We performed runs at the optimal learning rates for both key classifier metrics, while 

designating Image 002, 003 and 004 as the testing sets. We decided to omit Image 166 as a testing 

set image, since it contributed significantly more patches than its counterparts and would therefore 

deprive the model of copious training set data. Additionally, we opted to perform ten runs for each 

combination of learning rate and testing set image, both to maintain consistency with the 

preliminary study and for the reasons discussed in the previous section. In total, this resulted in ten 

runs for each of the three testing set images, or thirty total runs per learning rate. 

We calculated the proper key classifier metric values for all runs of each learning rate in the 

same manner as before; however, we also reduced the threshold step size to 0.001 at this stage. 

This was largely to ensure that the precision-recall curves produced at the end of this study did not 

appear jagged. It is also worth noting that quick calculations confirmed that this alteration changed 

AUC and MAP values by approximately 0.2%, so we considered any effects on these values 

incurred by changing the step size to be negligible. 

At this stage, we also produced additional heatmaps via heatmap averaging. As indicated by 

its name, we summed every probability heatmap available for a given test image at a specific 

learning rate and divided each element by the number of heatmaps. (i.e. ten) Experts have 

consistently documented the capabilities of such ensemble learning processes in literature25,48,82–

84. Therefore, we carried out this heatmap averaging and computed corresponding key classifier 

metrics for the novel heatmaps. Just as before, our code wrote all of the aforementioned AUC and 

MAP values to associated CSV files. 

In addition to further examining the results of this stage in Excel, much like the preliminary 

study, we also carried out a series of statistical tests. First, for both learning rates, we carried out a 

t-test comparing the key classifier metric values for primary probability heatmaps to that of the 
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averaged heatmap for each testing image. We supplemented this with a paired t-test between the 

three mean key classifier metric values before heatmap averaging and the corresponding values 

obtained after heatmap averaging for each learning rate. 

Finally, we determined the optimal threshold for each probability heatmap, recorded them to 

associated CSV files and further examined them in Excel. Our criteria for determining these 

thresholds was those which minimized the distance from ideal behavior in the corresponding 

space. This ideal behavior differed between ROC and precision-recall curves. In the former case, 

an ideal classifier would offer a true positive rate and a false positive rate of one and zero 

respectively85. Thus, the equation for the distance as applied to ROC curves is as follows. 

𝑑𝑅𝑂𝐶 = √(1 − 𝑇𝑃𝑅)2 + 𝐹𝑃𝑅2 (1) 

In the above equation, TPR and FPR denote the true positive rate and the false positive rate 

respectively. Conversely, an ideal classifier in the latter case would offer both a precision and a 

recall of one29. Therefore, the equation for the distance as applied to precision-recall curves is 

shown below. 

𝑑𝑃−𝑅 = √(1 − 𝑃)2 + (1 − 𝑅)2 (2) 

Just as before, P and R in the aforementioned equation designate the precision and the recall 

respectively. We also applied these optimal thresholds to both representative original probability 

heatmaps and those obtained from heatmap averaging to generate corresponding classification 

mappings, which we then saved to compare at a later stage. 
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3.4.2. Median and Gaussian Filtering 

After quantifying the effects of heatmap averaging, we applied supplemental filtering to the 

aforementioned probability heatmaps in this study. Namely, we introduced two additional filtering 

steps in series. The former of these was median filtering, which changed each patch to the median 

of its neighbors designated by a kernel in order to remove noise86–88. Gaussian blurring (henceforth 

referred to as Gaussian filtering) followed this step, which entailed both the removal of additional 

noise and the blurring of the heatmap overall89,90. We used the medfilt2()91 and imgaussfilt()92 

operations in MATLAB for these purposes respectively. The combined effect of these steps was 

to fully separate the tumor and normal regions in each probability heatmap upon the application 

of the optimal threshold, thereby delineating the tumor boundary. 

Each of these filtering processes contained one tunable parameter, namely the kernel size and 

the filtering standard deviation for median filtering and Gaussian filtering respectively. We sought 

to identify the optimal set of filtering parameters for each key classifier metric and apply it 

generally over every testing image for the final parts of this study, rather than filtering differently 

for each image. Therefore, we repeated the previous analysis, while applying median and Gaussian 

filtering of various degrees to each probability heatmap before calculating the new key classifier 

metric values. We also performed the same heatmap averaging over these new probability 

heatmaps and obtained associated key classifier metric values. Just as before, we wrote these 

values to corresponding CSV files. 

For median filtering, we utilized kernels of [1, 1], [3, 3] and [5, 5] across all probability 

heatmaps. The first of these kernels applied median filtering using solely the patch in question and 

therefore was equivalent to omitting median filtering overall. Likewise, we examined Gaussian 
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filtering standard deviations varying from zero to six in increments of one. Similar to before, we 

configured our filtering code to omit Gaussian filtering when provided a standard deviation value 

of zero. In total, we examined three options for median filtering and seven options for Gaussian 

filtering, or twenty-one total sets of filtering settings. We selected these options, as they allowed 

us to comprehend the effects of each filtering step and select optimal settings without 

overcomplicating the task. 

Just as before, we transferred the results returned from this process to associated Excel files 

for further examination. We also performed several statistical tests to more rigorously examine the 

effects of filtering on the probability heatmaps. Namely, we carried out t-tests between the key 

classifier metric values without heatmap averaging and the corresponding values after heatmap 

averaging for each set of filtering parameters over all testing images. We then converted the 

resulting p-values to binary indications of statistical significance (significant or not significant) 

using the aforementioned level of significance and subsequently produced statistical significance 

heatmaps. These allowed us to examine whether the statistical significance of the effect of heatmap 

averaging on the key classifier metric values changed with various degrees of filtering. We 

prepared these statistical significance heatmaps using the R package ggplot2, such that they were 

easily understood and aesthetically pleasing93. 

3.4.3. Final Results 

The previous stages confirmed the beneficial effects of heatmap averaging in terms of the key 

classifier metrics and returned optimal filtering settings for each learning rate examined. As such, 

we applied these steps to obtain the final probability heatmaps for each learning rate. We identified 

the optimal threshold in the same manner as described previously; however, we also desired to 
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propose a single threshold value for each key classifier metric. Therefore, we computed universal 

threshold values for the AUC and MAP studies by calculating the means of all corresponding 

optimal threshold values. We then applied both thresholds to these heatmaps to obtain the 

classification mappings which served as the final segmentations for this study. 

We also plotted the ROC and precision-recall curves for all probability heatmaps, as well as 

designating the points at which the aforementioned thresholds occurred on the proper graphs. It is 

worth noting that we were unable to mark the position of the universal threshold on the precision-

recall curve for Image 002 in the MAP study. As described in Section 3.3, we configured our code 

for the precision-recall curve to break upon reaching a threshold for which the model predicted no 

positive (tumor) patches, as this caused the denominator of the precision equation to be equal to 

zero31. Unfortunately, in the MAP study, the universal threshold value resided past this point for 

Image 002, thereby rendering it impossible to designate this location on the associated precision-

recall curve. 

Additionally, we quantified these results based on several metrics. The most notable of these 

was the opposite key classifier metric value for each probability heatmap. (i.e. MAP values for 

heatmaps optimized based on AUC and vice versa) These values provided an interesting method 

by which the AUC and MAP results could be compared; however, to obtain concrete results, we 

also performed paired t-tests for the AUC and MAP values at the corresponding learning rates. 

Furthermore, we also computed metrics for the final classification mappings. Since these 

mappings utilized distinct measurements for these purposes (sensitivity and specificity for ROC, 

precision and recall for precision-recall31), we opted to not utilize such metrics for comparison 

purposes. Instead, we computed the intersection-over-union (IOU)94 and Dice Coefficient values95 

for each classification mapping. Both of these metrics have seen extensive use for segmentation 
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studies in literature11,14,16,96,97. We also carried out paired t-tests between these values obtained 

with the optimal threshold and the universal threshold in both studies to examine whether one 

method offered statistically significantly superior results. Just as before, we wrote all comparison 

metric values to corresponding CSV files. 

We supplemented these steps with a final set of statistical tests. These involved paired t-tests 

between the three final key classifier metric values and the corresponding values without filtering 

to examine whether the introduction of filtering in the presence of heatmap averaging had a 

statistically significant effect. Furthermore, we carried out additional paired t-tests between the 

aforementioned final key classifier metric values and their mean counterparts prior to heatmap 

averaging or filtering for the sake of thoroughness.
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*: All values reported using this format in this thesis are (mean) ± (standard deviation). 

 

4. Results and Discussion 

4.1. Model Considerations and Training Set Balancing 

4.1.1. Model Performance and Architecture 

Overall, the model performance was rather satisfactory. At a learning rate of 0.001, the model 

trained over one batch of patches in the training set in 1.8 ± 0.2* seconds, while obtaining 

predictions for one batch of samples in the validation set in 1.6 ± 0.2 seconds. The latter duration 

being shorter than its counterpart was consistent with expectations, as evaluation of patches in the 

validation set omitted the modification of model parameters in the backward pass. Comparably, 

the corresponding values for a learning rate of 0.0005 were 1.8 ± 0.1 seconds and 1.6 ± 0.1 seconds 

respectively. We also anticipated the slight reduction in variation from 0.001, as lower learning 

rates involve less aggressive variable adjustment during training and therefore more consistent 

training durations. Overall, this system efficiency helped us perform ten runs for each setting 

throughout this analysis. Regardless, if further studies demand greater computational 

requirements, we could improve efficiency by streamlining the code or modifying the model 

architecture.
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Table 2: Table of Trainable Parameters in Deep Learning Architecture 

Name of Model 

Component 

Dimensions of Model 

Component 

Number of Trainable Parameters 

Convolutional Layer 1 [3, 3, 3, 4] + [4] 112 

Batch Normalization 1 [4] + [4] 8 

Convolutional Layer 2 [3, 3, 4, 4] + [4] 148 

Batch Normalization 2 [4] + [4] 8 

Convolutional Layer 3 [3, 3, 4, 4] + [4] 148 

Batch Normalization 3 [4] + [4] 8 

Convolutional Layer 4 [3, 3, 4, 4] + [4] 148 

Batch Normalization 4 [4] + [4] 8 

Fully Connected Layer 1 [16, 100] + [100] 1,700 

Fully Connected Layer 2 [100, 100] + [100] 10,100 

Fully Connected Layer 3 [100, 2] + [2] 202 

  12,590 

 

Likewise, the breakdown of all trainable parameters in the adapted model architecture can be 

observed in Table 2 above. A few trends were immediately obvious. First, each instance of batch 

normalization incurred only eight trainable parameters for the model, indicating that this was a 

highly efficient manner of combatting overfitting. More importantly, however, was the domination 

of the fully connected layers in this architecture. Of the 12,590 trainable parameters in this model, 

12,002 of these (i.e. ~95%) resided in the final three fully connected layers. Furthermore, the 
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second fully connected layer contained most of these variables, providing 10,100 (i.e. ~84%) of 

these parameters. Should future analyses include additional samples or techniques, this inefficient 

behavior could hinder performance or negatively affect the quality of the results and should 

therefore be corrected. 

4.1.2. Training Set Balancing 

The training set balancing step proved to be rather effective at achieving its goal, establishing 

a ratio between the number of normal patches and tumor patches in the training set of 1.0003 ± 

0.0110; however, this process also incurred some serious effects on the composition of the training 

set. Only 25.73 ± 1.12% of all patches originally assigned to the training set remained after 

balancing, indicating that this process removed nearly three quarters of all original samples. This 

figure was even more drastic for normal patches initially placed in the training set, with merely 

14.77 ± 0.75% of these persisting through balancing. This highlighted the importance of 

performing multiple runs for each setting to ensure that the results were not inadvertently biased. 

Regardless, after training set balancing, the training set only contained 69.82 ± 0.98% of all patches 

in the training and validation sets combined, thus reducing the training-validation split from its 

original value of 9:1 to just above 2:1, a far more common value in similar studies26–28. Finally, it 

is worth noting that the values presented above were obtained for a learning rate of 0.001, as these 

properties were measured before any model training occurred, thus rendering repetition for other 

learning rates redundant. 
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4.2. Preliminary Study 

The results of the preliminary study can be observed in Figure 11 on the following page. It was 

immediately obvious to us that the AUC and MAP values of the model varied not only with the 

learning rate, but more generally with the primary image as well. As a result, it would have been 

rather difficult to select a learning rate which performed optimally across all primary images; 

however, some trends were rather clear. Most notably, the two lowest learning rates (0.0001 and 

0.00005) tended to entail suboptimal results relative to their counterparts. Furthermore, the greatest 

learning rate consistently returned the worst predictions across the board. It is also worth noting 

that the error bars for this learning rate were much greater than its counterparts. Further 

examination revealed that this was due to the model predicting the same probability value for all 

patches during certain runs, resulting in AUC and MAP values of 0.5 and 0 respectively. We 

believed that this behavior was caused by modifying model parameters too aggressively during 

training due to the high learning rate. 

Therefore, the most promising learning rates for both AUC and MAP were 0.001 and 0.0005. 

In particular, a learning rate of 0.001 appeared to offer slightly superior behavior for AUC. 

Conversely, a learning rate of 0.0005 presented a clear advantage for MAP, most obviously for 

Image 003 and Image 004. Thus, we selected these learning rates as the optimal values for the 

following main study. 
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Figure 11: Bar Plots Comparing the Model Performance at Various Learning Rates Based on a) AUC and b) MAP 

It is critical to note that we attempted to tune the learning rate values further as part of a coarse-

to-fine approach28,98. More specifically, we performed additional runs for learning rates between 

0.001 and 0.0005 and analyzed them in the same manner. We supplemented this with ANOVA’s 
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for the key classifier metric values in this range on each primary image, as well as follow-up Tukey 

Tests wherever we identified statistical significance; however, we were generally unable to obtain 

statistically significant improvements within this range and the results of the aforementioned 

Tukey Tests were often difficult to interpret. This was likely the result of the Adam optimizer, 

which typically obviates the need for exhaustive hyperparameter tuning78. Thus, we opted to 

continue with the previously discussed learning rate values. We did not present these results here 

for the sake of brevity. 

Likewise, Figure 12 presents representative probability heatmaps for each primary image at 

the learning rates discussed previously in this section. Just as before, some trends were 

immediately evident. Most notably, the patches near the edges of each heatmap tended to be darker 

than those closer to the center. These indicated higher tumor probabilities for interior patches, 

which we considered desirable behavior, as the tumors in each primary image were situated in the 

center. Furthermore, the model seemed to offer clearer results for Image 003 and 004 than for 

Image 002. The relative AUC and MAP values across all learning rates presented previously in 

Figure 11 corroborated this claim. Finally, patches within the gash region in Image 166 were much 

darker than their surroundings, indicating that the model was highly capable of identifying such 

patches as normal and confirming that the use of Image 166 patches for training did not hinder 

system performance. 
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Figure 12: Representative Heatmaps for the Optimal Learning Rates for a) AUC (0.001) and b) MAP (0.0005) 

4.3. Main Study 

4.3.1. Heatmap Averaging 

In general, heatmap averaging entailed superior results, both in terms of AUC and MAP. As 

shown in Figure 13 on the following page, heatmap averaging improved both metrics when Image 

003 and 004 served as the testing images; however, little change occurred for Image 002 in either 

case. In fact, for the AUC analysis, the key classifier metric value after heatmap averaging was 

actually slightly lower than the mean value before heatmap averaging. It is also worth noting that 
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heatmap averaging produced far greater relative improvements for Image 003 and 004 in the MAP 

analysis than in its AUC counterpart. Regardless, just as in the preliminary study, the performance 

of the model varied widely with the testing image in both analyses. 

The associated statistical tests performed at this stage supported these conclusions. t-tests 

confirmed statistically significant changes in AUC values from heatmap averaging on most test 

images. (p-values of 0.8133, 2.025 * 10-3 and 1.309 * 10-4 for Image 002, 003 and 004 respectively) 

Comparable t-tests in the MAP study produced similar results. (p-values of 0.6656, 3.028 * 10-5 

and 3.697 * 10-5 on Image 002, 003 and 004 respectively) These conclusions were rather reliable, 

with none of the associated p-values falling near the critical value (5%); however, those for Image 

003 and 004 in the MAP analysis were at least one order of magnitude lower than the 

corresponding values in the AUC study. This was consistent with expectations, due to the higher 

relative degree of improvement from heatmap averaging noted above. Finally, the paired t-tests 

between the key classifier metric values before and after heatmap averaging returned results that 

were not statistically significant, namely in the form of p-values of 0.2787 and 0.2287 for AUC 

and MAP respectively. The relatively minor changes observed for Image 002 were likely the cause 

of this insignificance. 
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Figure 13: Bar Plots Presenting the Effects of Heatmap Averaging on the Model Performance in Terms of a) AUC and b) 

MAP. Instances of statistically significant differences are indicated by *. 
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Additionally, we found heatmap averaging to have a relatively minor impact on the optimal 

threshold values for each primary image in the AUC study, as asserted in Table 3 below. 

Conversely, heatmap averaging in the MAP analysis seemed to produce more drastic changes in 

the optimal threshold values, namely for Image 002 and 004. It is also worth noting that the optimal 

threshold values for Image 004 prior to heatmap averaging in the MAP study spanned a much 

larger range than its counterparts. 

Table 3: Table of Optimal Threshold Values for Each Primary Image Before and After Heatmap Averaging 

 AUC MAP 

 Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

No Heatmap 

Averaging 

0.418 ± 0.057 0.847 ± 0.057 0.776 ± 0.041 0.181 ± 0.035 0.850 ± 0.081 0.650 ± 0.267 

Heatmap 

Averaging 

0.435 0.793 0.743 0.276 0.860 0.886 

 

4.3.2. Median and Gaussian Filtering 

Figure 14 presents the observed effects of median and Gaussian filtering both with and without 

heatmap averaging in the AUC study. In general, higher levels of filtering resulted in improved 

AUC values; however, the exact manner in which this occurred varied with the testing image. For 

Image 002, increasing degrees of Gaussian filtering with no median filtering produced a slight 

reduction in AUC before rapidly increasing. While this phenomenon did not occur when median 

filtering was introduced, the aforementioned convex trend held true. It is also worth noting that 

careful examination revealed that heatmap averaging consistently entailed lower AUC values than 

the corresponding mean points without heatmap averaging for Image 002. 
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Figure 14: Plots of the AUC Values After Filtering of Various Degrees, Both With and Without Heatmap Averaging 

Conversely, for Image 003, we observed diminishing returns at high filtering levels. Heatmap 

averaging also consistently produced higher AUC values for each combination of filtering settings 

over this testing image; however, this also caused some deviation from the aforementioned trend. 

More specifically, Gaussian filtering resulted in greater marginal increases in AUC at lower levels 

of median filtering. This resulted in the maximum AUC value for heatmap averaging on this image 
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occurring for a median filtering kernel of [1, 1] and a Gaussian filtering standard deviation of 6, 

which stood in contrast with the previous image. (i.e. [5, 5] and 6 respectively) 

Unlike its counterparts, Image 004 consistently experienced fairly linear improvements in 

AUC with greater degrees of filtering. Furthermore, much like Image 003, AUC values with 

heatmap averaging were higher than corresponding points without heatmap averaging for every 

combination of filtering settings. 

 

Figure 15: Plots of the MAP Values After Filtering of Various Degrees, Both with and Without Heatmap Averaging 
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Much like the AUC study, higher degrees of median and Gaussian filtering also tended to 

increase the MAP values, as asserted in Figure 15; however, the exact trends varied with the testing  

image in question. For Image 002, we observed the same convex growth with greater levels of 

filtering as in the AUC study, but it was much more gradual than before. The aforementioned dip 

in performance with no median filtering did not occur in this study as well. Regardless, much like 

before, heatmap averaging also produced lower MAP values at every combination of filtering 

settings besides that corresponding to no filtering. (i.e. [1, 1] and 0) 

With no heatmap averaging, the MAP values for Image 003 tended to saturate at higher levels 

of median and Gaussian filtering in the same manner as the AUC study. Conversely, when we 

introduced heatmap averaging, the trend in MAP values became more far more complex. Most 

notably, unlike its counterparts, the maximum MAP value occurred for a median filtering kernel 

of [1, 1] and a Gaussian filtering standard deviation of 3. Despite this, MAP values after heatmap 

averaging resided above the corresponding points before heatmap averaging for all filtering 

settings. 

The linear trend noted in the AUC study for Image 004 generally carried over to the MAP 

study; however, the MAP values seemed to increase more slowly with higher levels of median and 

Gaussian filtering. Furthermore, this did not hold true when omitting median filtering, as the MAP 

values increased briefly before plateauing and decreasing both with and without heatmap 

averaging. Regardless, just as before, heatmap averaging produced higher MAP values for every 

combination of filtering settings over this image. 

The statistical significance heatmaps for the AUC study are presented in Figure 16. Despite 

AUC values before heatmap averaging residing consistently higher than those after heatmap 

averaging for Image 002, these changes were not statistically significant. Conversely, for Image 
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003, heatmap averaging produced statistically significant changes in AUC at low levels of 

Gaussian filtering, but these differences became insignificant as the associated standard deviation 

rose. Likewise, heatmap averaging entailed statistically significant changes in AUC on Image 004 

only when median and Gaussian filtering were relatively minor. 

In general, heatmap averaging produced (albeit mostly statistically insignificant) increases in 

AUC values for Image 003 and 004. Furthermore, while heatmap averaging seemed to entail a 

reduction in AUC values for Image 002, these changes were also statistically insignificant. 

Maximum AUC values occurred in all images when we applied Gaussian filtering with a standard 

deviation of 6. Similarly, a median filtering kernel of [5, 5] produced optimal AUC values for both 

Image 002 and Image 004. For these reasons, we were confident in selecting heatmap averaging, 

median filtering with a kernel of [5, 5] and Gaussian filtering with a standard deviation of 6 for 

the final parts of the AUC study. 
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Figure 16: Statistical Significance Heatmaps for Heatmap Averaging in the AUC Study (black: not significant, white: 

significant) 
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The statistical significance heatmaps for the MAP study returned rather similar results to those 

of the AUC analysis, as shown in Figure 17. Just as before, heatmap averaging did not produce a 

statistically significant effect on MAP for Image 002 with any combination of filtering settings, 

despite nearly all such values being lower than their original counterparts. Conversely, for Image 

003, the aforementioned trend in statistical significance became more scattered for MAP. 

Regardless, we did observe the general pattern of heatmap averaging only incurring statistically 

significant changes in MAP for lower degrees of median and Gaussian filtering. This pattern also 

carried over for Image 004 in the MAP study, which matched closely with the corresponding 

results for AUC. Before moving on, though, it is worth noting that the maximum MAP value for 

Image 003 occurred for a median filtering kernel of [1, 1] and a Gaussian filtering standard 

deviation of 3, a point at which heatmap averaging produced a statistically significant increase in 

MAP. 

Just as in the AUC study, heatmap averaging entailed higher MAP values for Image 003 and 

004, even if most such changes failed to be statistically significant. Similarly, the reductions in 

MAP values associated with heatmap averaging for Image 002 were also not statistically 

significant. Likewise, a median filtering kernel of [5, 5] and Gaussian filtering standard deviation 

of 6 produced optimal MAP values for Image 002 and 004. Thus, much like the AUC analysis, we 

also opted to utilize heatmap averaging alongside these filtering settings for the final parts of the 

MAP study; however, we were less confident with the decision here than for the AUC study due 

to the overall noisier results. 
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Figure 17: Statistical Significance Heatmaps for Heatmap Averaging in the MAP Study (black: not significant, white: 

significant) 
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4.3.3. Final Results 

The AUC values after heatmap averaging and filtering in the AUC study were 0.6871, 0.9528 

and 0.8623 for Image 002, 003 and 004 respectively. This resulted in an overall AUC of 0.8341 ± 

0.1351 at the conclusion of this analysis. Thus, our pipeline struggled most with Image 002 and 

performed optimally on Image 003, with the results for Image 004 residing near the middle. 

Figure 18 presents the final probability heatmaps and the classification mappings of the AUC 

study alongside the corresponding reference labels for each image. In general, patches in the 

interior of the classification mappings sported higher tumor probabilities, while those nearer the 

edges bore lower probabilities; however, the final probability heatmaps visibly varied between 

testing images. Applying the optimal thresholds highlighted this further. The classification 

mapping for Image 002 predicted a much larger tumor than the ground truth, incurring numerous 

false positives. Conversely, the predicted tumor boundary in Image 003 produced far fewer false 

positives and was overall the cleanest result in this study. Meanwhile, the final predictions for 

Image 004 occurred in a unique barbell shape, which warranted further examination. 
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Figure 18: Reference Labels, Final Probability Heatmaps and Classification Mappings at the Optimal Thresholds for All 

Primary Images in the AUC Study (blue: true positive, purple: true negative, green: false negative, yellow: false positive) 
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The ROC and precision-recall curves for these images corroborated these results, as shown in 

Figure 19. The location of the optimal threshold on the ROC curve for Image 003 was far closer 

to ideal behavior than either of its counterparts, while the ROC curve for Image 002 took a bizarre 

sigmoid shape which was rather different from more typical curves23. The corresponding curve for 

Image 004 resided between these two extremes. It is also critical to note that a certain portion of 

the ROC curve for Image 002 resided below the straight line connecting (0, 0) and (1, 1), or the x 

= y line. This line denotes no discrimination in ROC space24, indicating that, for some threshold 

values, the final probability heatmap for Image 002 actually behaved worse than random 

selections. 

Comparing the locations of the universal thresholds (0.625) on these plots also provided 

important insight. For Image 002, this point resided in the bottom left corner. This was expected 

behavior relative to the optimal threshold (0.429), since the universal threshold value was greater; 

however, at this position, our pipeline achieved perfect accuracy on normal samples (i.e. 

specificity), but failed to correctly identify any tumor samples. (i.e. sensitivity)23 Conversely, the 

location of the universal threshold for Image 003 was along the top edge, another logical outcome, 

since the corresponding value resided below its optimal counterpart (0.773). Furthermore, at this 

position, the model was able to correctly identify every tumor patch in the classification mapping23. 

Finally, for Image 004, the universal threshold was situated rather closely to the optimal threshold, 

likely due to the relative proximity of these two values (0.673 and 0.625 respectively). By 

extension, this position did not demonstrate the extreme behavior of either of its counterparts. 

A paired t-test between the final AUC values and the corresponding mean values with no 

heatmap averaging or filtering returned a p-value of 6.246 * 10-3, thereby strongly confirming a 

statistically significant effect of heatmap averaging and filtering together on AUC. Likewise, a 
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similar paired t-test utilizing the AUC values with only heatmap averaging rather than the 

aforementioned mean values produced a p-value of 0.01326, thus also identifying a statistically 

significant effect of filtering on AUC when heatmap averaging was present. 

 

Figure 19: Final ROC and Precision-Recall Curves for All Images in the AUC Study (red circle: optimal threshold, blue 

triangle: universal threshold, dashed line: random behavior) 
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Likewise, the MAP study returned MAP values after heatmap averaging and filtering of 

0.3042, 0.8204 and 0.6144 for Image 002, 003 and 004 respectively. As such, the final MAP of 

this study was 0.5796 ± 0.2599. These values indicated similar results as those of the AUC study. 

More specifically, our pipeline seemed to encounter sizeable difficulties with Image 002, perform 

relatively well on Image 003 and return results somewhere between these two polarities for Image 

004. 

The final probability heatmaps and classification mappings in the MAP study are presented 

alongside the associated reference labels in Figure 20. Just as before, patches near the center of the 

classification mappings had greater tumor probabilities, whereas our system assigned those further 

out lower probabilities; however, the application of the optimal thresholds caused critical 

differences to arise. The predicted tumor boundary for Image 002 in this study was rather similar 

to its counterpart in the AUC analysis, spanning a much larger portion of the classification mapping 

than the ground truth and thereby producing many false positives. Likewise, the classification 

mapping for Image 003 contained far fewer false positives than its counterparts and was cleaner 

than those for Image 002 or 004; however, this tumor boundary incurred more false negatives and 

fewer false positives than the corresponding results from the AUC analysis. As the associated 

probability heatmaps appeared rather similar qualitatively, this highlighted a key difference in the 

tumor boundaries obtained using AUC and MAP. The final predictions for Image 004 lent further 

support to this assertion. Despite the probability heatmap for this image in the MAP study 

appearing rather similar to that in the AUC analysis, applying the optimal threshold resulted in a 

more circular tumor boundary that incurred far more false negatives than false positives. 
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Figure 20: Reference Labels, Final Probability Heatmaps and Classification Mappings at the Optimal Thresholds for All 

Primary Images in the MAP Study (blue: true positive, purple: true negative, green: false negative, yellow: false positive) 
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Figure 21 shows the ROC and precision-recall curves for all images in the MAP study. The 

precision-recall curve for Image 003 drew closer to the point of ideal behavior than either of its 

counterparts. Conversely, the curve for Image 002 sported an unusual dome shape, which sizably 

differed from both the precision-recall curves of the other primary images and typical precision-

recall curves in general31. More specifically, as the threshold increased for these predictions, the 

precision seemed to plateau before decreasing. Examination of the equation for precision shows 

that this was likely due to the number of false positives rising as the threshold increased, rather 

than falling as would be expected31. This lent further support to the conclusion that the final 

probability heatmap for Image 002 in this analysis offered inferior performance to random 

behavior at certain points. The associated curve for Image 004 lied somewhere between those of 

its counterparts. Finally, it is worth noting that comparing Figure 19 and Figure 21 showed that 

the AUC and MAP analyses produced ROC and precision-recall curves that were quite similar in 

shape and location. Since these studies employed identical heatmap averaging and filtering 

settings, this indicated that the effect of the learning rate on the final results was not as profound 

as we anticipated. 

Much like in the AUC study, the locations of the universal threshold (0.683) on these curves 

suggested aggressive deviations from their optimal counterparts. As discussed previously, we were 

unable to designate the location of the universal threshold on the precision-recall plot for Image 

002, since the associated classification mapping at this point predicted no true positives or false 

positives31; however, this extreme behavior is noteworthy regardless. Conversely, the universal 

threshold for Image 003 resided on the right edge. Relative to the corresponding optimal threshold 

point (0.856), this was expected behavior, since the universal value was sizably lower. It is also 

worth noting that our system achieves a recall value of one at this point, indicating that it was able 
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to correctly identify every available tumor patch29. Unlike in the AUC study, the universal 

threshold point for Image 004 occurred a considerable amount further down the curve from the 

associated optimal threshold point. This was also in line with our expectations, as the optimal 

threshold value here (0.780) was larger than its universal counterpart. Furthermore, the disparity 

between these two threshold values in the MAP study was larger than in the AUC study, thereby 

justifying the larger distance between them in precision-recall space. Regardless, this point did not 

demonstrate the polarized results observed for Image 002 and 003. 

A paired t-test between the mean MAP values with no heatmap averaging or filtering and the 

corresponding final MAP values produced a p-value of 0.1204, thus failing to identify a 

statistically significant effect of heatmap averaging and filtering together on MAP. Similarly, a 

follow-up paired t-test in which the MAP values with only heatmap averaging replaced the mean 

original MAP values returned a p-value of 0.05506. This p-value resided quite closely to the 

selected level of significance (5%), but ultimately failed to determine a statistically significant 

effect of filtering on MAP when heatmap averaging was present. These results stood in contrast to 

the AUC study, which firmly found statistical significance in both corresponding cases. We 

believed that this could be due to the wider range in MAP values relative to AUC. 
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Figure 21: Final Precision-Recall and ROC Curves for All Images in the MAP Study (red circle: optimal threshold, blue 

triangle: universal threshold, dashed line: random behavior) 
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Figure 22: Final Classification Mappings Using the Optimal Thresholds for i) AUC and ii) MAP Alongside Primary Images 

for a) Image 002, b) 003 and c) 004 

 

As previously stated, we desired to further examine the wide variations in system performance 

between the images to probe the underlying reasons. Thus, we directly juxtaposed the final 

classification mappings from both studies with the corresponding primary images for better 

comparison. This can be observed in Figure 22 above. The most obvious trend was that our pipeline 

was more likely to predict patches in relatively lighter regions to be tumor patches. Such a region 
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was most clearly present in the center of Image 003, which explained why we were able to obtain 

the best results on this primary image. Conversely, Image 002 did not contain this feature and was 

relatively consistent in tone throughout, which could justify why its key classifier metric values 

and classification mappings were so lacking. Finally, Image 004 contained these regions both in 

its center and its upper-right corner, which suggested a possible rationale for the model predicting 

tumor patches in these regions. Indeed, in earlier studies involving lower degrees of Gaussian 

filtering, we observed two separate tumor boundaries in these locations; however, upon employing 

higher Gaussian filtering, these two regions were joined, resulting in the barbell-shaped 

segmentations discussed previously. 
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Table 4: Summary Table of the Main Results Obtained in this Thesis. Bold p-values indicate statistical significance. 

` AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

 

No 

Heatmap 

Averaging 

Metric 

(individual) 

0.5060 ± 

0.0497 

0.7245 ± 

0.0758 

0.6807 ± 

0.0189 

0.2154 ± 

0.0291 

0.3993 ± 

0.0865 

0.3711 ± 

0.0390 

Metric (overall) 0.6370 ± 0.1090 0.3286 ± 0.0991 

Optimal 

Threshold 

0.418 ± 

0.057 

0.847 ± 

0.057 

0.776 ± 

0.041 

0.181 ± 

0.035 

0.850 ± 

0.081 

0.650 ± 

0.267 

 

 

 

Heatmap 

Averaging 

Metric 

(individual) 

0.5021 0.8273 0.7188 0.2195 0.6096 0.4637 

Metric (overall) 0.6827 ± 0.1655 0.4309 ± 0.1971 

p-value 

(individual) 

0.8133 2.025 * 10-3 1.309 * 10-4 0.6656 3.028 * 10-5 3.697 * 10-5 

p-value 

(overall) 

0.2787 0.2287 

Optimal 

Threshold 

0.435 0.793 0.743 0.276 0.860 0.886 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Heatmap 

Averaging 

with 

Filtering 

Optimal 

Median Kernel 

Size 

(individual) 

[5 5] [1, 1] [5, 5] [5, 5] [1, 1] [5, 5] 

Optimal 

Median 

Filtering 

Kernel Size 

(overall) 

[5, 5] [5, 5] 

Optimal 

Gaussian 

Filtering 

Standard 

Deviation 

(individual) 

6 6 6 6 3 6 

Optimal 

Gaussian 

Filtering 

Standard 

Deviation 

(overall) 

6 6 

Metric at 

Optimal 

Conditions 

(individual) 

0.6871 0.9528 0.8623 0.3042 0.8204 0.6144 

Metric at 

Optimal 

Conditions 

(overall) 

0.8341 ± 0.1351 0.5796 ± 0.2599 

p-value (vs. no 

heatmap 

averaging) 

6.246 * 10-3 0.1204 

p-value (vs. 

heatmap 

averaging) 

0.01326 0.05506 

Optimal 

Threshold 

0.429 0.773 0.673 0.413 0.856 0.780 

Universal 

Threshold 

0.625 0.683 
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While we have established that heatmap averaging and filtering played an essential role in 

obtaining these results, Table 5 further supports this claim. In both the AUC and MAP studies, the 

original classification mappings were rather noisy, with little indication of tumor boundaries; 

however, these predictions for Image 002 and 003 in the AUC study tended to be more 

conservative with predicted tumor patches than their counterparts in the MAP analysis. 

Conversely, the opposite trend occurred for Image 004, where the MAP analysis produced far 

fewer predictions of tumor patches. Heatmap averaging reduced much of this noise for Image 003 

and 004, while doing little to help for Image 002. This was consistent with our observation that 

heatmap averaging improved results for Image 003 and 004, while failing to do so for Image 002. 

Although the classification mappings for these images after heatmap averaging contained general 

clusters corresponding to tumors, they did not sport continuous tumor boundaries. The introduction 

of median and Gaussian filtering allowed us to attain these boundaries with varying degrees of 

accuracy in every image, highlighting the importance of heatmap averaging, median filtering and 

Gaussian filtering in conjunction with one another. 
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Table 5: Table of Figures Illustrating the Progression of Classification Mappings Utilizing the Optimal Thresholds with the Introduction of Heatmap Averaging and Filtering 

for Both the AUC and MAP Studies 

 AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

 

Reference 

Labels 

   

   

 

No Heatmap 

Averaging 

      
 

Heatmap 

Averaging 

      
Heatmap 

Averaging 

with 

Filtering 
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Table 6: Table of Figures Comparing the Simple Binary Classification Mappings for Both Studies Using the Optimal Thresholds and the Universal Thresholds 

 AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

 

Optimal 

Thresholds 

      
 

Universal 

Thresholds 

      
 

Table 7: Table of Figures Comparing the Advanced Color-Coded Classification Mappings for Both Studies Using the Optimal Thresholds and the Universal Thresholds 

(blue: true positive, purple: true negative, green: false negative, yellow: false positive) 

 AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

 

Optimal 

Thresholds 

      
 

Universal 

Thresholds 
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The effects of applying the universal thresholds over their optimal counterparts can be 

observed in Table 6 and Table 7 on the previous page. In general, employing these universal values 

severely impacted the qualities of the resulting segmentations. This was most evident for Image 

002, as the higher thresholds caused the models to predict solely normal patches in both cases. 

This allowed them to achieve perfect specificity, as discussed previously; however, the practical 

considerations of predicting the complete lack of a tumor in an image containing one are rather 

serious, especially in a biomedical setting with relatively low tolerance for error. Conversely, the 

predicted tumor boundaries for Image 003 using the universal thresholds were spread over far 

larger areas than their counterparts with the optimal threshold, thus incurring a large number of 

false positives. This allowed the models to correctly identify all available tumor patches. By 

comparison, the novel classification mappings for Image 004 bore the same unique shape as the 

results using the optimal threshold in the AUC study; however, this was rather distinct from the 

much smaller original tumor predicted in the MAP study. This disparity in behavior and shape 

between the AUC and MAP studies was unique to this image, as was its lack of extreme behavior. 

It is also interesting to note that the results obtained on Image 004 using the optimal threshold in 

the AUC study and the universal threshold in the MAP study were remarkably similar. As these 

threshold values differed by only 0.010 (0.673 and 0.683 respectively), this offered further support 

to the conclusion that our system was not particularly sensitive to changes in the learning rate. In 

general, however, standardizing the threshold value produced aggressive and largely negative 

changes in the majority of classification mappings in both studies, indicating that utilizing a single 

threshold for future studies would produce subpar results. 
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Both key classifier metric values in the AUC and MAP studies are presented together in Table 

8 on the following page. In general, these studies produced rather similar metrics for the overall 

classifiers. The higher learning rate for the AUC study returned visibly lower AUC and MAP 

values on Image 002, but both of these values for Image 003 were higher than their MAP 

counterparts. Meanwhile, the AUC and MAP values for Image 004 in both studies were identical 

to two decimal places, suggesting that these results were not particularly sensitive to changes in 

the learning rate. These results further corroborated the conclusion that improvements in the AUC 

and MAP values from fine-tuning the learning rate were minor; however, associated t-tests for 

these properties all but confirmed this assertion. Namely, paired t-tests between the AUC and MAP 

values at these learning rates produced p-values of 0.6005 and 0.9945 respectively, both of which 

were very distant from the selected level of significance. (5%) As discussed in Section 4.2, this 

was consistent with the Adam optimizer’s documented ability to mitigate the need for 

hyperparameter tuning78. 

 

Table 8: Table of AUC and MAP Values in Both Studies. Key classifier metrics examined in each study are presented in 

bold. 

 AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

AUC 0.6871 0.9528 0.8623 0.7503 0.9342 0.8633 

MAP 0.2605 0.8648 0.6131 0.3042 0.8204 0.6144 
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Conversely, the IOU and Dice Coefficient values obtained in both studies utilizing the two 

distinct threshold values can be observed in Table 9 and Table 10 respectively. The most 

immediate observation was the classification mappings for Image 002 which utilized the universal 

threshold attaining values of zero for both metrics. Careful examination of the equations for these 

properties revealed that this was due to the complete lack of true positives, or correctly identified 

tumor patches16,99. In general, applying the universal threshold values produced lower IOU and 

Dice Coefficient values than their optimal counterparts for all primary images in both studies. This 

disparity was lowest for Image 004 in the AUC study, likely due to the aforementioned proximity 

of its optimal threshold value to the corresponding universal value. Meanwhile, when the optimal 

threshold was applied, these values for Image 003 were higher in the AUC study, while the MAP 

study offered superior results for Image 004. Comparably, these metric values for Image 002 in 

the AUC analysis resided within 0.01 of their counterparts for MAP, which we believed was likely 

the result of the overall similarities in shape and size between the corresponding classification 

mappings. Finally, it is worth noting that the IOU and Dice Coefficient values for Image 004 with 

the optimal threshold in the AUC study were identical to those with the universal threshold in the 

MAP study to three decimal places, further highlighting the similarities between these two results. 

Table 9: Table of IOU Values for the Classification Mappings Obtained in Both Studies Using the Optimal Thresholds and 

the Universal Thresholds 

 AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

Optimal 0.3683 0.5668 0.2950 0.3651 0.5474 0.3786 

Universal 0 0.3185 0.2760 0 0.3227 0.2948 
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Table 10: Table of Dice Coefficient Values for the Classification Mappings Obtained in Both Studies Using the Optimal 

Thresholds and the Universal Thresholds 

 AUC MAP 

Image 002 Image 003 Image 004 Image 002 Image 003 Image 004 

Optimal 0.5383 0.7235 0.4556 0.5349 0.7075 0.5492 

Universal 0 0.4832 0.4326 0 0.4879 0.4554 

 

Paired t-tests comparing metric values at the optimal thresholds and universal threshold in the 

AUC study produced p-values of 0.1747 and 0.2155 for IOU and Dice Coefficient respectively, 

thereby firmly failing to determine statistically significant differences. Likewise, comparable t-

tests for the corresponding values in the MAP study resulted in p-values of 0.1097 and 0.1639 for 

IOU and Dice Coefficient respectively. The aforementioned lack of statistical significance was 

likely the product of the relatively minor changes in these values for Image 004. Regardless, the 

use of a single threshold across all images generally produced aggressive and largely negative 

effects in the resulting segmentations qualitatively. 

Overall, both key classifier metrics offered satisfactory results. For reference, Xu et al. 

examined various approaches incorporating CNN’s for segmentation of stained breast and 

colorectal cancer images, which returned AUC values between 0.83115 and 0.9316328. Likewise, 

Litjens et al. reported AUC values spanning from 0.74 to 0.90 in their study classifying and 

segmenting stained sentinel lymph node images27. Therefore, our AUC’s of 0.8341 ± 0.1351 

resided comfortably within the expected range of values, albeit on the lower end. Conversely, as 

previously stated, MAP has yet to gain traction in biomedical image segmentation studies; 

however, Mercan et al. attained MAP values of 0.5727, 0.6755 and 0.7136 when segmenting 
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tumors in breast cancer histology images using CNN’s58. By comparison, our final MAP values of 

0.5796 ± 0.2599 lied just above the lower bound of this range. 

Therefore, we are confident in recommending the use of both AUC and MAP for future studies; 

however, in general, AUC seemed to offer slightly more desirable behavior. We identified 

statistically significant effects on AUC from both heatmap averaging and filtering together and 

filtering in the presence of heatmap averaging through two corresponding paired t-tests. As shown 

in Table 5, this was consistent with expectations, since both steps were imperative for removing 

noise and delineating the tumor boundaries. Conversely, the corresponding paired t-tests for the 

MAP study failed to identify statistically significant effects. Similarly, as discussed in the previous 

section on filtering, the statistical significance heatmaps for heatmap averaging at various degrees 

of filtering were more scattered in the MAP study and the corresponding results were more difficult 

to interpret. Finally, the optimal thresholds for each primary image fluctuated far more with the 

addition of heatmap averaging and filtering in the MAP study. Regardless, the use of MAP over 

AUC resulted in a lower number of false positives, which could allocate a niche for this metric 

moving forward. For example, if this system was employed alongside a tumor resection operation, 

the reduced frequency of false positives using MAP could minimize the amount of healthy tissue 

erroneously classified as cancerous and subsequently removed. 

 

 



66 

 

5. Conclusions and Future Work 

In conclusion, our pipeline was shown to effectively delineate tumor boundaries in 

histopathology images of glioblastoma; however, the performance varied widely throughout and 

seemed to depend on the color distributions of the test images. The introduction of heatmap 

averaging efficiently removed noise from the primary probability heatmaps and statistically 

significantly improved the AUC and MAP values for the majority of images analyzed. Likewise, 

increasing amounts of median and Gaussian filtering tended to further improve the AUC and MAP 

values. The selected levels of filtering in conjunction with heatmap averaging allowed us to obtain 

continuous tumor boundaries upon applying the optimal thresholds. While both studies were robust 

to the use of a universal threshold value, the resulting segmentations were severely degraded in 

accuracy. This degraded performance with a universal threshold was the major limitation of the 

present thesis and requires further investigation. Optimizing this system based on AUC and MAP 

returned very similar results; however, MAP produced tumor boundaries which incurred fewer 

false positives at the cost of more false negatives. MAP also returned less desirable results than 

AUC throughout. Therefore, we suggest the use of AUC moving forward, while reserving MAP 

for cases where it is imperative to control the number or frequency of false positives. 

The most obvious direction for future work is the use of additional histology images. Similar 

studies in literature involved far more primary images than those examined here14,27,49,28,100. The 

most prominent source of such histology images is The Cancer Genome Atlas (TCGA)101, which 

has seen use in several related studies14,17,25,73. The incorporation of such images offers two 

possible directions. First, we could employ more objective expert labeling for both the existing 

images and additional ones. This would obviate interobserver variability102 and therefore offer a 
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clearer idea of how our system scales up. Alternatively, we could obtain reference labels from 

other histologists for this data. Despite attempts to standardize tumor grading and labeling102,103, 

interobserver variability remains a persistent issue in histopathological analysis104,105. Evaluating 

and optimizing our pipeline using ground truths obtained from multiple sources would allow us to 

examine this phenomenon from a unique perspective. 

Including a larger number of primary images would also allow us to designate one or more 

entire images as the validation set, which would enable an overhaul of our experimental design. 

As is, our system used the results on the testing set to evaluate whether to include heatmap 

averaging and to what degree median and Gaussian filtering should be applied. One could argue 

that we should have assigned these tasks to the validation set and simply applied the optimal 

settings to the testing set at the end. Additionally, as discussed previously, we only used the results 

on the validation set to roughly tune the model hyperparameters. Thus, designating the 

aforementioned tasks to the validation set would incur a marginal downside in exchange for a more 

sizable benefit. The main obstacle preventing us from doing so here was the composition of the 

validation set, which we synthesized using random patches from three primary images. 

Furthermore, we had produced most such patches using data augmentation. Thus, we could not 

examine the effects of median or Gaussian filtering using this set, since these steps relied on the 

probabilities of neighboring patches; however, if one designated original patches from entire 

primary images as the validation set, this restriction would no longer apply. For these reasons, we 

propose that future analyses which make use of additional histology images designate primary 

patches from some of these images as the validation set, utilize this novel set for tuning the learning 

rate, evaluating heatmap averaging and selecting optimal filtering parameters and subsequently 

apply the resulting properties over the testing set. 
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Unfortunately, our attempts to establish universal thresholds produced subpar results in both 

the AUC and MAP studies. Due to the sizeable variation in the locations of the optimal thresholds 

between testing images, applying the universal thresholds generated negative effects on the 

resulting segmentations. A possible alternative method would be to simply utilize a universal 

threshold of 0.5, as we employed on the validation set, and iteratively tune this parameter based 

on the observed tumor boundaries. 

We could also utilize distinct criteria for determining the optimal thresholds. One possible 

option would be to set a hard cap on certain properties. For example, when examining AUC, one 

could specify that the false positive rate must not exceed 5%, as in statistical hypothesis testing81, 

and utilize the minimum threshold which achieved this condition; however, the most obvious 

alternative for AUC studies is the Youden index, which has seen widespread use in biomedical 

diagnostic studies106. First proposed in 1950107, this metric represents the point on the ROC curve 

that maximizes the distance from the x = y line108, which denotes random behavior24. Furthermore, 

this quantity has seen successful use in biomedical imaging studies employing CNN’s109,110. An 

example of the location of the Youden index in ROC space is presented in Figure 23 on the 

following page108. 
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Figure 23: Diagram Indicating the Youden Index (J) for a Sample ROC Curve108 

As previously stated, the performance of our system seemed to rely heavily on the color 

distributions of the testing images. Therefore, future studies should aim to remedy this via data 

augmentation. In addition to the rotations and flipping applied in this analysis, further 

augmentation can involve color variations47,50,57,73. To improve effectiveness, this step can occur 

after converting the RGB images into the H&E color domain111. Furthermore, modifying our 

method of data augmentation to combine rotation and flipping in series would allow one to increase 

the number of available patches further27,57. For example, applying three 90° rotations after vertical 
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flipping or horizontal flipping would increase the number of patches by a factor of twelve, rather 

than the six-fold increase presented in this thesis. 

Furthermore, we could attempt to improve the results via transfer learning112. In 2014, Yosinki 

et al. confirmed the benefits of pretraining neural nets on large available datasets and fine-tuning 

the parameters using the data in question113. Additional research has proven this practice to be 

rather beneficial in biological image analyses similar to this one as well53,63,114. We propose using 

the CIFAR-10 and CIFAR-100 datasets of small color images for these purposes115. This is both 

due to their ubiquity as benchmarks for deep learning studies116 and their similar image size to 

those used in this analysis (i.e. 32 x 32115); however, since our model was inflexible to changes in 

the input size, one would need to repeat the preprocessing step with this new window size and 

adjust the model architecture accordingly. Some sample images in the former dataset are presented 

in Figure 24 below71. 

 

Figure 24: Sample Images from All Classes in the CIFAR-10 Dataset71 
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Additionally, one could evaluate the performance of a distinct model architecture. The most 

promising of these would likely be the Inception architecture, which was first developed in 2014 

to rival AlexNet117. Since then, it has seen use across various studies similar to this one, often 

directly in comparison to AlexNet26,51,57,63,64. ResNets are another potential option, as they are 

effective at combatting the pervasive vanishing gradient problem in deep learning118. These have 

also produced very strong results in histopathological imaging studies21,25; however, it is critical 

to note that the vanishing gradient problem is most obstructive for very deep neural networks119. 

Since the model analyzed in this thesis was relatively shallow, the utility of ResNets is questionable 

here. 

Finally, while we have clearly shown the beneficial effects of simple heatmap averaging, we 

could further refine this step moving forward. Many studies in literature, both early stage and 

modern, suggested or demonstrated improvements from utilizing a weighted averaging scheme 

over an unweighted one25,83,84,120. Indeed, earlier in this project, we observed additional 

improvements using such a method, where we assigned greater weights to heatmaps which sported 

higher key classifier metric values; however, after more careful deliberation, we found these results 

to be artificially inflating our system performance, since these measures would not be possible in 

the absence of a labeled ground truth. Therefore, we removed this step for our core analysis. We 

elaborate on this in Appendix 7.2. A viable alternative would be computing the weights using the 

final training set errors83, rather than the key classifier metric values. 
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7. Appendix 

7.1. Material Contained in CSV Files 

Our code wrote the following quantities to CSV files during evaluation over the validation set: 

• The number of epochs performed at the time of evaluation 

• The number of total patches in the training set before and after balancing▲ 

• The number of normal patches in the training set before and after balancing▲ 

• The number of tumor patches in the training set▲• 

• The ratio between the number of normal and tumor patches in the training set after 

balancing▲ 

• The proportion of all patches in the training set remaining after balancing▲ 

• The proportion of normal patches in the training set remaining after balancing▲ 

• The fraction of the total number of patches in the training and validation sets comprised 

by the training set after balancing▲ 

• The number of total patches in the validation set▲ 

• The number of total patches in the portion of the validation set provided to the model 

• The number of normal patches in the provided portion of the validation set 

• The number of tumor patches in the provided portion of the validation set 

• The number of true positives incurred during validation 

• The number of false positives incurred during validation 

• The number of true negatives incurred during validation 

• The number of false negatives incurred during validation 
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• The number of patches correctly identified during validation 

• The overall accuracy of the model on the provided portion of the validation set 

• The sensitivity of the model on the provided portion of the validation set 

• The specificity of the model on the provided portion of the validation set 

• The false positive rate of the model on the provided portion of the validation set 

 

▲: These values were properties of the training and validation sets and therefore did not change 

with the number of training epochs performed. 

•: Since the training set balancing step only removed normal patches in the preliminary training 

set, the number of tumor patches in the training set remained unchanged after balancing. 

 

7.2. Weighted Heatmap Averaging 

We developed two methods for performing weighted heatmap averaging. The former of these 

assigned linearly-spaced weights to the probability heatmaps based on their associated key 

classifier metric values. Conversely, the latter approach used the key classifier metric value of each 

probability heatmap to compute a corresponding weight value. In both cases, we made certain to 

require the weights to sum to one. 

7.2.1. Linear Method 

The weights in this approach spanned from 0.01 to 0.19 in increments of 0.02. We sorted the 

probability heatmaps in order of increasing key classifier metric values and assigned the weights 

accordingly. An example of this process for Image 004 in the AUC study with no filtering is 

presented on the following page. 
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[
 
 
 
 
 
 
 
 
 
0.66975
0.67821
0.66897
0.71314
0.68940
0.66977
0.68282
0.65062
0.67565
0.70854]

 
 
 
 
 
 
 
 
 

𝑜𝑟𝑑𝑒𝑟𝑖𝑛𝑔
→      

[
 
 
 
 
 
 
 
 
 
0.65062
0.66897
0.66975
0.66977
0.67565
0.67821
0.68282
0.68940
0.70854
0.71314]

 
 
 
 
 
 
 
 
 

𝑎𝑠𝑠𝑖𝑔𝑛𝑖𝑛𝑔 𝑤𝑒𝑖𝑔ℎ𝑡𝑠
→              

[
 
 
 
 
 
 
 
 
 
0.01
0.03
0.05
0.07
0.09
0.11
0.13
0.15
0.17
0.19]

 
 
 
 
 
 
 
 
 

𝑟𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑖𝑛𝑔
→         

[
 
 
 
 
 
 
 
 
 
0.05
0.11
0.03
0.19
0.15
0.07
0.13
0.01
0.09
0.17]

 
 
 
 
 
 
 
 
 

 

 

The main benefit of this approach was that it did not require the calculation of unique weights 

for all probability heatmaps; however, it did include two ordering steps which added further 

complexity to our system. Likewise, we found this method to produce weights that failed to fit the 

distributions of AUC values as closely as its counterpart, likely as a result of the standardized 

weight values. Conversely, we observed the opposite trend in the MAP study.  

7.2.2. Normalization Method 

Unlike the previous method, this approach computed the weight values using the 

corresponding key classifier metric values. These steps are presented below: 

1) Identify the minimum key classifier metric value. 

2) Subtract this minimum value from each key classifier metric value to obtain an 

associated deviation value. 

3) Add a small offset to each deviation value to obtain a corresponding modified deviation 

value. This offset ensured that our methodology did not assign a weight of zero to the 

probability heatmap with the lowest key classifier metric value, therefore excluding it. 

Our choice of offset was 0.01, an arbitrary selection based on the general scale of the 

deviation values. 
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4) Calculate the total deviation value by summing all modified deviation values. 

5) Divide each modified deviation value by the total deviation value to calculate the 

weight for each probability heatmap. 

Since this process involved several steps and may be rather confusing to follow, we 

demonstrate this procedure on the same AUC values discussed previously below and on the 

following page. 

 

𝐴𝑈𝐶 =

[
 
 
 
 
 
 
 
 
 
0.66975
0.67821
0.66897
0.71314
0.68940
0.66977
0.68282
0.65062
0.67565
0.70854]

 
 
 
 
 
 
 
 
 

 

𝑜𝑓𝑓𝑠𝑒𝑡 = 0.01 

 

1) 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 = min(𝐴𝑈𝐶) = min

(

 
 
 
 
 
 
 

[
 
 
 
 
 
 
 
 
 
0.66975
0.67821
0.66897
0.71314
0.68940
0.66977
0.68282
0.65062
0.67565
0.70854]

 
 
 
 
 
 
 
 
 

)

 
 
 
 
 
 
 

= 0.65062 
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2) 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 = 𝐴𝑈𝐶 −𝑚𝑖𝑛𝑖𝑚𝑢𝑚 =

[
 
 
 
 
 
 
 
 
 
0.66975
0.67821
0.66897
0.71314
0.68940
0.66977
0.68282
0.65062
0.67565
0.70854]

 
 
 
 
 
 
 
 
 

− 0.65062 =

[
 
 
 
 
 
 
 
 
 
0.01913
0.02759
0.01835
0.06252
0.03878
0.01915
0.03220
0.00000
0.02503
0.05792]

 
 
 
 
 
 
 
 
 

 

3) 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑 = 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 + 𝑜𝑓𝑓𝑠𝑒𝑡 =

[
 
 
 
 
 
 
 
 
 
0.01913
0.02759
0.01835
0.06252
0.03878
0.01915
0.03220
0.00000
0.02503
0.05792]

 
 
 
 
 
 
 
 
 

+ 0.01 =

[
 
 
 
 
 
 
 
 
 
0.02913
0.03759
0.02835
0.07252
0.04878
0.02915
0.04220
0.01000
0.03503
0.06792]

 
 
 
 
 
 
 
 
 

 

4) 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡𝑜𝑡𝑎𝑙 = sum(𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑) = sum

(

 
 
 
 
 
 
 

[
 
 
 
 
 
 
 
 
 
0.02913
0.03759
0.02835
0.07252
0.04878
0.02915
0.04220
0.01000
0.03503
0.06792]

 
 
 
 
 
 
 
 
 

)

 
 
 
 
 
 
 

= 0.40067 

5) 𝑤𝑒𝑖𝑔ℎ𝑡𝑠 = 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑚𝑜𝑑𝑖𝑓𝑖𝑒𝑑/𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑡𝑜𝑡𝑎𝑙 =

[
 
 
 
 
 
 
 
 
 
0.02913
0.03759
0.02835
0.07252
0.04878
0.02915
0.04220
0.01000
0.03503
0.06792]

 
 
 
 
 
 
 
 
 

/0.40067 =

[
 
 
 
 
 
 
 
 
 
0.07270
0.09382
0.07075
0.18100
0.12175
0.07275
0.10534
0.02496
0.08743
0.16951]
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This approach allowed probability heatmaps with superior capabilities to contribute more to 

heatmap averaging, while also allowing for representation from all heatmaps. Likewise, this 

completely omitted the ordering step required in the previous analysis. Furthermore, this method 

generated weights which tightly fit the distributions of AUC values. Unfortunately, it did not 

perform as well in the MAP study. It also did not include standardized weight values, which could 

have entailed some difficulties when comparing weighted heatmap averaging over distinct testing 

images. 


