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Abstract

Brain tumors pose a serious threat in our modern society, with a clear increase in global
cases each year. Therefore, developing robust solutions that could automatically and reliably
detect brain tumors in their early stages is of utmost importance. In our paper, we revisit the
problem of building performant ensembles for clinical usage by maximizing the diversity
of the member models during the training procedure. We present an improved, more robust,
extended version of our framework and propose solutions that could be integrated into a
Computer-Aided Diagnosis system to accurately classify some of the most common types of
brain tumors: meningioma, glioma, and pituitary tumors. We show that the new framework
based on the histogram loss can be seen as a natural extension of the former approach, as it
also calculates the inner products of the latent vectors produced by each member to measure
similarity, but at the same time, it also makes it possible to capture more complex patterns. We
also present several variants of our framework to incorporate member models with varying
dimensional feature vectors and to cope with imbalanced datasets. We evaluate our solutions
on a clinically tested dataset of 3,064 T1-weighted contrast-enhanced magnetic resonance
images and show that they greatly outperform other state-of-the-art approaches and the base
architectures as well, achieving over 92% accuracy, 92% macro and weighted precision, 91%
macro and 92% weighted F; score, and over 90% macro and 92% weighted sensitivity.
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1 Introduction

As a form of disease, cancer poses a serious threat in our modern society, affecting a signif-
icant portion of the population. Recent research has shown that it affects even the younger
population [1] and that the incidence and mortality rates increase drastically with aging [1].
The same phenomenon — the increased risk of being diagnosed with said tumors with age —
has been observed in the case of brain or central nervous system (CNS) tumors [2]. Brain
tumors can develop when the brain’s cells grow irregularly and abnormally, forming a mass
inside the patient’s skull. This results in various symptoms, including nausea, headaches,
seizures, altered mental status, and even death [3] since the skull only has limited space. The
work [4] reported approximately 300,000 global cases of brain and CNS cancer in 2019,
which, according to [4], meant a total of 94.35% increase since 1990. The Central Brain
Tumor Registry of the United States (CBTRUS) [5] reported 84,264 cases of death between
2015 and 2019, where the cause of death was a malignant brain or CNS tumor. CBTRUS
also reported [5] an estimated amount of 93,470 new cases of malignant and non-malignant
(benign) brain and CNS tumors for 2022, only in the U.S. alone. According to the latest
reports, brain and other nervous system-related cancers resulted in more than 18,000 esti-
mated cases of death in the U.S. in 2023 [6], while the number of new cases was estimated
to be more than 24,000 [6]. These statistics all highlight the importance of developing tools
that could help with the accurate and reliable detection of these tumors. The problem, how-
ever, lies in the fact that these new cases and the sheer number of patients currently being
treated, coupled with the newly diagnosed patients, generate an increasing amount of image
data that the limited number of clinicians struggle to handle. An automatic Computer-Aided
Diagnosis (CAD) system could help not only process and evaluate this image data but could
potentially discover tumors in their earlier stages due to the increased speed of the clinical
workflows. In this work, we propose a CAD system that can process magnetic resonance
imaging (MRI) images and automatically classify different types of brain tumors with high
accuracy and reliability. We primarily focus on three of the most commonly occurring types
of brain tumors [5]: meningioma, glioma, and pituitary tumors. For our research, we used
the publicly available dataset published by Jun Cheng [7] that was used in [8].

In recent years, tools that applied deep learning and particularly convolutional neural
networks (CNNs) have revolutionized clinical research. These approaches provided very
efficient solutions for several challenging and crucial tasks in the medical workflows, like in
breast cancer [9, 10] and brain tumor [11, 12] detection and also in automatically identifying
skin cancer [13]. Nevertheless, the performance of these deep learning-based techniques is
rather volatile; it may vary from application to application. We can easily experience that
a specific model is very efficient in one task while its performance falls back in another
scenario. We can fuse the different models relying on various architectures into an ensemble
as a remedy for such cases. In this way, we can raise the overall performance since member
models with weak performance for a given input can be compensated with others performing
better there. Naturally, we can expect improvement only if the better-performing models are
in a majority within the ensemble. To address this issue, there is strong ongoing research
on organizing the individual member models into an efficient ensemble [14-16]. Applying
ensemble-based systems has numerous advantages in the clinical domain. A major benefit is
that they can increase the overall stability and performance of the model since their statistically
more robust internal mechanisms make them more resistant to outliers or irregularities in the
inputs. This feature leads to a more efficient solution and better generalization characteristics.

@ Springer



Multimedia Tools and Applications (2025) 84:36453-36496 36455

Our paper presents a novel ensemble-based method for the reliable and accurate classi-
fication of brain tumors from T1-weighted contrast-enhanced MRI images. The improved
methods we introduce in this study benefit routine healthcare by reducing the time needed
to diagnose patients and raising the quality of the clinical workflow. Our approach can be
taken into consideration to integrate it in a (semi-)automated CAD system to provide better
healthcare services, reduce the burden on clinical experts, accelerate routine jobs, and, per-
haps most importantly, enable the detection of brain tumors at an early stage. We hope to help
increase the survival rate of patients with brain cancers studied in our research. For building
the ensemble models, we use some of the most commonly used state-of-the-art CNN archi-
tectures as the member models of the ensembles, such as AlexNet [17, 18], MobileNetv2
[19-21], EfficientNet [22, 23], and ShuffleNet v2 [21, 24]. We show how our new method
proposed in this paper builds upon our existing work [25] and that it is a natural and logical
extension of our original framework with a theoretically better-founded formalization. We
also detail why our new solution is more reliable and highlight how it can overcome most of
the disadvantages and shortcomings of our previous solution. We also describe the theoretical
uncertainty when using the cosine similarity function to compare the features extracted by the
ensemble members used in our previous framework. To this end, we present a novel solution
using the histogram loss [26] that further extends our previously proposed framework while
being more robust and theoretically better founded. We also expand on using a weighted loss
function, show its effect on our framework, and conclude that using such a weighted loss
function does not hinder the optimization of diversity and shows that our framework can still
converge to a local minimum. For our results, we consider all of the most popular standard
metrics, such as accuracy, sensitivity, precision, and Fi score. To showcase the improvement
our approach brings to this field, we compare its performance with the current state-of-the-art
detection methods considering convolutional neural network-based (CNN) architectures. We
will show that our solution outperforms these commonly used models by a large margin.

2 Materials and methods

Deep learning-based solutions have been used to solve a wide variety of problems in the
area of medical prognosis and diagnosis in the last decade [9—12]. The main reasons behind
the popularity of such solutions are the good performance and generalization capabilities of
the various novel CNN-based architectures and the fact that they can learn how to solve a
given problem efficiently, which makes it possible for the models to learn the most suitable
features for the given problem automatically. This latter property had an especially strong
impact on the field, as robust solutions became available without human experts to manually
extract features from the images. Deep learning-based solutions can do that directly, leading
to an improved and accelerated workflow. Nevertheless, the underlying architecture of these
deep learning-based models may strongly influence their performances. Namely, a specific
architecture may be very efficient concerning a given task, while its performance may drop
for another. The converse also holds, i.e., a model may perform poorly on one task but
perform well on another. Accordingly, we can see a continuous research effort on fusing
different models into an ensemble which generalizes better than the individual approaches
[14-16]. However, even though it has already been shown that diverse ensembles result in
better performance [27, 28], in practice, the quality of the ensembles is usually not considered
or directly measured. In other words, when building an ensemble from some models, it is
usually not checked whether said models work differently (i.e., by operating on different
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sets of features) or in exactly the same way. This is problematic, as building ensembles of
highly similar models leads to sub-optimal performance due to the lack of variety. On the
other hand, a diverse ensemble built of dissimilar models could lead to much better results.

In this section, we present multiple viable options for training reliable ensemble models
such that the diversity of the model is theoretically guaranteed and measured during the
training process. First, we give a quick overview of the related works. Then, we introduce the
dataset that was used for our experiments. Next, we explain the diversity problem in detail
while highlighting the most pressing problems of traditional ensemble models. Then, we
briefly summarize our previous findings [25] and show how we can use the features extracted
by each member model to measure the overall diversity of the ensemble and how to penalize
each member based on their similarities to the other members while they are being trained.
After this, we highlight potential problems regarding the originally used cosine similarity.
We include some concrete examples using the relatively simple MNIST [29] and Medical
MNIST [30] datasets to illustrate why the application of this measure might be problematic
in calculating the similarity of the ensemble members. As a remedy, we present a novel
approach that extends our previous work by incorporating the histogram loss [26] instead
of the cosine similarity. We also detail that the new and improved framework has superior
theoretical properties that can make our approach more robust in capturing correlations and
similarities between the extracted feature vectors. We then extend both frameworks so that
including multiple different architectures becomes possible and lastly, we show that our
proposed solution equipped with a weighted loss function can also be applied to imbalanced
datasets, which are very common in healthcare due to the nature of medical data.

2.1 Related works

Developing performant and reliable CAD systems for automated medical diagnosis has been
in the centre of research for a long time. In the earlier phases of this research, many solutions
applied traditional image processing techniques to achieve this goal. For example, in [31], the
authors examined the applicability of the Hough transform and canny edge detection to auto-
matically extract features from medical images, while in [32] a novel clustering technique
was proposed to cluster regions of CT brain scans that relied on the fuzzy set theory. How-
ever, with the appearance of deep learning, experiments that relied on such traditional image
processing techniques gradually faded into the background and were replaced by machine-
and deep learning-based solutions. For example, the authors of [33] proposed a novel frame-
work to classify prostate cancer using MRI scans. The approach used a combination of two
imaging modalities, namely diffusion-weighted (DW) and T2-weighted (T2W) MRI scans.
The proposed framework first extracted a large number of image feature descriptors for the
identified regions of interest (ROIs). Then, many standard machine learning algorithms were
employed, such as support vector machine (SVM), random forest, decision tree and linear
discriminant analysis (LDA). Out of these techniques, SVM achieved the best overall results
with 88.75% accuracy, 81.08% sensitivity, and 95.35% specificity. This approach was later
improved upon in [34], where the authors used a two-stage approach to segment the prostate
and lesion and to identify the ROIs, achieving segmentation results of 99.78% and 98.52%
accuracy and 93.64% and 99.25% Dice scores for the prostate and lesion, respectively.
Continuing this trend, during recent years, a large number of research focused specifically
on the classification of brain tumors as well. Among these, there have been many which
used the dataset published by Jun Cheng [7]. In [35], the authors proposed 5 convolutional
neural network architectures, which were much simpler than other state-of-the-art methods
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while still achieving satisfactory results. The highest accuracy that the authors achieved was
84.19%. This research had a number of serious limitations. First, only a few really simple
architectures were used: the simplest one had only one convolutional layer and one dense
layer, while even the most complex one had only three convolutional layers, followed by
a single dense layer. Secondly, in an attempt to handle the imbalanced dataset, more than
half of the meningioma cases and more than 200 pituitary tumor images were discarded.
In [36], a modified capsule network architecture was proposed. To improve the solution’s
performance, the authors concatenated the bounding box coordinates of the given tumor with
the output of the capsule layer before being fed through some fully connected layers. The
proposed solution achieved 90.89% accuracy on the dataset. Although this approach applied
deep learning, it had the limitation that it still relied on the coarse boundaries of the tumors as
an additional input. In their subsequent work [37], the authors used an improved version of
the architecture with two capsule network experts, achieving an accuracy of 91.3%. They also
evaluated the method for lung nodule classification, where they achieved 90.7% accuracy,
89.5% specificity, and 89.5% sensitivity. In [38] a combination of wavelet and discrete cosine
transform representations were applied to extract the features in the input images. After these
features were extracted, they were fed through 2 hidden layers of a neural network to classify
the brain tumors. The authors argued that even though the resulting framework only required
a fraction of the computation that standard CNNs would need, it could still outperform the
latter, achieving 84.12% accuracy.

Ensembles have also been used in the medical field with great success. In [39], a hybrid
ensemble was proposed to detect lung and colon cancer. First, a number of pre-trained archi-
tectures were used to automatically extract features from the images. Then, these features
were fed through a variety of machine learning models, namely random forest, SVM, logistic
regression, a neural network, an extreme gradient boosting (XGB) and a light gradient boost-
ing (LGB) algorithm. Lastly, majority voting was used to combine the outputs of the various
algorithms. The authors achieved 99.05%, 100%, and 99.3% accuracy for lung cancer, colon
cancer, and lung and colon cancer detection, respectively. Similarly, the authors of [40] also
used an ensemble model to detect gastric cancer. After carefully selecting the most important
features using chi-squared test and a mutual information method, a series of machine learning
models were applied, which were the following: logistic regression, ridge regression, lasso
regression, elastic net, random forest, gradient boosting decision trees, and neural networks.
After training these models, the two best-performing options were chosen and integrated into
an ensemble using weighted averaging. The probability of the gastric cancer occurrence was
then combined with another set of features and used to predict the associated deaths. The
authors concluded that out of the previously listed algorithms, the neural network and the
gradient boosting trees resulted in the best ensemble model, achieving 97.9% and 76.3% for
predicting gastric cancer and the number of deaths, respectively. In [41], the authors used an
ensemble to predict whether if a given RNA sequence is cancerous or not. For this, they con-
sidered three types of cancers (lung adenocarcinoma, stomach adenocarcinoma, and breast
invasive carcinoma) and multiple RNA sequencing datasets. First, they filtered the input data
to only select genes that played a bigger role in predicting the given classes. Then, they
trained multiple traditional machine learning models, such as k-nearest-neighbor (KNN),
SVMs, decision trees, and gradient boosting decision trees. After this, they created a new
dataset using the predictions of the individual models as inputs and the original class labels as
outputs. This dataset was then used to train a neural network to predict whether the input was
anormal sample or one with a tumor. The proposed methodology achieved 98.80%, 98.78%,
and 98.41% accuracy for lung adenocarcinoma, stomach adenocarcinoma, and breast inva-
sive carcinoma, respectively. The authors of [42] proposed a fuzzy distance-based ensemble
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to detect cervical cancer using Pap smear images as input. They used three different deep
learning models, namely Inception V3 [43], MobileNet V2, and Inception ResNet V2 [44],
and applied transfer learning. Then, the outputs of these models were aggregated using an
ensemble method that used the Euclidean and Manhattan distances as well as the cosine
similarity to minimize the error values between the observed and ground truth values. These
distances were then defuzzified using the product rule. The proposed fuzzy ensemble tech-
nique achieved 96.96% accuracy on the given dataset. Lastly, in [45] the authors used an
ensemble of traditional and deep learning-based techniques for brain tumor classification.
For each image, they calculated several characteristics based on the gray level co-occurrence
matrix (GLCM) and combined them with the features extracted by a VGG-16 [46] neural
network. Then, they used an SVM and a KNN algorithm to process the combined feature
vectors. The authors evaluated the performance of the approach on two different datasets,
achieving 96% and 93.3%, and 98.7% and 99% accuracy for the KNN and SVM algorithm
on the datasets, respectively. Table 1 shows a brief overview of the previously mentioned
solutions.

The main limitation of all of the previously mentioned ensemble-based studies is that
they do not measure the diversity of the ensembles on any level. That is, there is virtually
no guarantee that the members operate in different ways to justify their combination into
an ensemble model. If there is substantial redundancy in the features that the members use
or in their internal workings, the overall performance of the ensemble will unavoidably be
sub-optimal. Therefore, it is important to build such methods that can guarantee the before-
mentioned diversity of the ensemble in a clear, theoretically founded way. To overcome this
problem, we developed a novel framework with two versions, which we will introduce in
Sections 2.5 and 2.7.

2.2 Dataset

We used the brain tumor dataset published by Jun Cheng [7] for our research to build a CAD
system capable of automatically detecting and classifying brain tumors. We considered this
dataset a good choice for a pragmatic examination and evaluation of the overall performance
of our proposed solutions and to test whether they are robust enough for the following
reasons. First, the dataset contains more than 3,000 images, which can be sufficient to train
deep learning-based solutions that need huge amounts of data. It has also been tested and
verified in the clinical setting and was used as the foundation of much research in the last
few years [8, 35-38]. Moreover, it contains five pre-defined cross-validation splits, making
it straightforward to compare our results with that of other research since the data we used
for training and testing is the same used in other works. Due to this, we can directly take the
metrics reported by the other papers and use them as baselines during the evaluation phase.
The five pre-defined cross-validation splits make drawing statistically significant and valid
conclusions easier, making it harder for the evaluation process to be affected or swayed by
outliers or models that only perform well on a few of these splits.

The dataset [7] contains a total of 3,064 T1-weighted contrast-enhanced MRI images,
which are divided into the previously mentioned five cross-validation splits. The images were
obtained from 233 patients who suffered from one of the three brain tumors meningioma,
glioma, or pituitary tumor. The classes are disjoint and each image in the dataset only contains
one tumor. Although there were some differences in terms of the total number of images
for each category, at first glance, it did not seem to be to the extent to warrant any up-
or downsampling before training the models. Due to this, we first experimented with non-
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weighted loss functions, but later, we expanded our experiments by using a weighted loss
function to test the robustness of our proposed framework (see Section 2.9). All images in
the dataset originate from one of the three anatomical planes: the axial, coronal, and sagittal.
The exact number of images for each type of tumor and anatomical plane in the dataset can
be seen in Table 2, while Fig. 1 shows some images sampled randomly from the dataset.

2.3 Traditional ensemble methods

When constructing traditional ensembles with n € N arbitrary traditional, machine-, or deep

learning models, each model M; (j = 1,...,n) is trained individually on its own. After
each model M has been trained, they are organized into an ensemble. We will denote such
ensembles as Ens. Given the models My, ..., M,, we will formulate an ensemble Ens

constructed from these models as
Ens .= {My,..., M,}. (1)

The most important characteristic of traditional ensemble methods is that the models
My, ..., M, are trained individually, with no interaction between them during the training
process. For inference, i.e., for using the ensemble for performing predictions on real or
test data, the outputs of the different models are combined and aggregated in a fixed and
pre-defined manner. Some of the most common techniques for performing this aggregation
are majority voting [39] and weighted averaging [39, 40]. We will use Ens)s to denote a
majority voting ensemble, and Ensw to denote weighted averaging.

For majority voting, the outputs of each model M; (j = 1, ..., n) are taken, and the class
label with the highest count (i.e., the mode of the outputs) is considered as the final prediction
of the ensemble Ens. Therefore, given the x1, . .., x,, inputs of a particular dataset, we define
the output of Ensy, for each input x; as

Ensy(x;) :=majority(My(x;), ..., My(x;)). 2)

In (2), majority() returns the class label with the most occurrences, if any, otherwise, if
the outputs do not differ, a default value is returned. When two or more classes receive the
same number of votes during inference, one of them is selected randomly.

In the case of weighted averaging, a coefficient 8; € [0, 1] is computed for each model
M where Z?:l Bj = 1. The coefficients are computed by first evaluating each trained
model according to a chosen metric, then assigning higher 8; values to models achieving
better results from the perspective of the given metric, and assigning lower coefficients to
weaker models. Then, the final output of the ensemble is calculated as the weighted average

Table 2 The total number of images in the original dataset [7] grouped by (a) tumor type, and (b) anatomical
plane

(@) (®)

Tumor type Number of images Anatomical plane Number of images
Meningioma 708 Axial 994

Glioma 1,426 Coronal 1,025

Pituitary tumor 930 Sagittal 1,045
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(@) (b) (c)

Fig. 1 Input images sampled from the three classes present in the dataset: (a) meningioma, (b) glioma, and
(c) pituitary tumor. Images in the same column belong to the same class, while the red boxes indicate the
locations of the tumors

of the output of each model, formalized as

Ensw(xD) 1= BIMy(x;) + - - + Ba My (x). A3)

2.4 Diversity in ensemble models

Research has shown that diversity — if present — has a very beneficial effect on neural network-
based ensembles [27, 28] and that diversity correlates with the overall performance of the
ensemble [27], resulting in better performing and overall more robust models. The work [27]
also mentions that apart from the overall diversity, it is also important to consider how this
diversity is distributed between the ensemble models and concludes that more uniformly
distributed errors between the members lead to higher levels of diversity. This suggests that
even if the models of the ensemble work differently, there are still additional steps to optimize
the ensemble’s overall performance by ensuring that the diversity between each model is
distributed uniformly. Despite this, most of the ensemble methods that are applied currently
do not measure the overall diversity of the ensembles on any level [39-42]. Instead, they
assume that building ensembles using models with different architectures should result in
diverse ensembles. This is one of the reasons why most of the time, only simpler solutions, like
majority [39] and weighted average voting [39, 40] are applied. This is highly problematic, as
without any theoretical guarantees regarding diversity, there is no guarantee that the member
models of the ensemble work differently. This means that, in theory, these members could use
the same sets of features and operate identically, making the usual advantages of ensembles
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—i.e., the increased generalization capabilities of the models — disappear. In later sections,
we will show that this problem can often arise in practice and should be taken seriously when
building ensemble models.

The problem regarding diversity is that it is not always clear how it should be measured.
We have shown in [25] that, given an ensemble model, one trivial way to measure the model’s
diversity is to consider only the predictions of the member models that constitute the ensemble
and the similarities between them. Then, we can penalize the models based on how similar
their predictions were. However, as Fig. 2 shows, this contradicts the whole optimization
process since one part of the optimization drives the predictions of all the models to be the
same as the ground truth label, while the other part of the optimization process tries to force
the predictions to be dissimilar to each other. As a result, this trivial approach does not lead
to convergence, as these two parts cancel each other out.

In the coming sections, we first summarize our previous work [25] that provides a way
of addressing this problem. We show that the cosine similarity function can be used to
measure the diversity between the members of the ensemble and also give a short overview
of the core ideas of our research. Then, we highlight some undesired properties of the cosine
similarity function and show special cases when using it may lead to incorrect results or
undesired behavior. Lastly, we introduce our new, extended framework that uses a histogram
representation of the similarities of the latent feature vectors extracted by each member
model.

2.5 Using the cosine similarity as a metric of diversity

This section shows how our previously proposed framework can solve the problems men-
tioned in Section 2.4 when building robust ensembles. We show that the increased amount of
training time characterizing ensembles can be drastically decreased by training the member
models simultaneously by following our proposed framework. This way, each batch is fed
to all ensemble models simultaneously, reducing the number of redundant operations (i.e.,
loading the batches separately). Instead, all the inputs in each batch are passed to each mem-
ber model, and predictions are optimized simultaneously. This is highly beneficial regarding
training speed, as a huge portion of the training time is spent on I/O operations with loading
data when training CNN models. This is even worse for ensembles since the member models

Predictions

— -y

Y

Model1

Model,,

- o = -

Fig.2 Forcing each member model inside an ensemble to have dissimilar predictions (red arrows) contradicts
the original optimization objective of minimizing the difference between the label and the predictions (green
lines)
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need to load essentially the same data, which, in the case of n models, means loading the
same inputs and labels n times. By reducing the unnecessary 1/0 operations, we can decrease
the total training time of the ensemble significantly, which means a 7' /n decrease, where
T is the time it takes to train all member models separately. Our proposed framework also
directly addresses the problem of re-using the same architecture by solving the last prob-
lem, diversity. It does so by measuring the models’ diversity and driving each model to use
different features. Without this step, there would be no guarantee that the member models
act differently on any level. It would make re-using the same architecture nearly impossible
with simpler methods like majority voting or weighted averaging since — without substantial
differences between the models — there would be little to no variety or diversity in the outputs
of said models.

The framework proposed in our previous work for training diverse ensembles [25] was
based on the cosine similarity function. The core idea of our method is that instead of
considering the direct outputs of the member models, which did not work efficiently, we can
use the features extracted by the models to measure their similarity. This is a viable option to
measure similarity as models operating on different sets of features should behave differently;
hence, it is worth combining them in an ensemble. Our proposed framework, therefore, uses
the features extracted by each model and directly optimizes diversity as a function of similarity
among the member models of the ensemble during the training process. This, in practice,
means a completely different internal operation compared to regular methods like majority
voting or weighted average voting, where each member model of the ensemble is trained
individually first, without any interaction between them, and the ensemble is only built after
all the models have been trained already. In contrast, our method trains all the member models
simultaneously, where inputs are fed to all the different models, batch by batch. This makes
it possible for the member models to interact with each other while they are being trained,
resulting in highly abstract information, like the similarity of the features extracted, to be able
to flow between the member models during the training process. In [25], we showed that our
solution can be applied to all CNN-based architectures. We proposed a general method that
breaks down any given CNN into two main blocks, denoted by E and D. E is constructed of
convolutional layers and is responsible for extracting some abstract, high-level features from
the input image x;, while D is made up of dense layers and is responsible for transforming
the features extracted by E into probability scores or in other words, predictions. Using these
notations, a standard forward pass for any given input image x; can be formulated as

i = D(E(x;)). “

We make the following claims and use the following notations to generalize our solution.
Let us enclose n € N members M1, M», ..., M, in our ensemble with corresponding sets
of weights 61, 6>, ...,6, € R. Let our training set contain a total of m elements, with
X1, X2, ..., Xy, denoting the inputs (images), and y1, y2, ..., y» denoting the ground truth
labels. Furthermore, let the cost function to be optimized be denoted as J (61, 62, ..., 6,),
or J () for short. Moreover, let E¢) and D) denote the feature extraction (convolutional
layers) and prediction (dense layers) steps for each model M; for j = 1,...,n in our
ensemble, respectively. Lastly, we will refer to the framework using the cosine similarity as
Enscos.

Using these notations, we can declare that E(/) is responsible for extracting the most
important features from the input image, and then D) uses these highly abstract features,
represented by the extracted feature vector, and apply some non-linear transformations to it
to get the predictions. Therefore, we can treat each E/) (x;) as a compact, low-dimensional
representation of the original input image x;. This representation holds all the crucial infor-
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mation regarding the most important features extracted by M about the image x; that may
be important for the classification procedure. Therefore, if our objective is measuring the
similarity between any two models M; and My inside our ensemble, we can determine the
similarity between E D (x;) and E® (x;). These two vectors will be highly similar if the
models have extracted similar features and will be dissimilar otherwise.

The main benefit of this solution can be easily seen in the following scenario. Suppose
that we are dealing with brain tumor classification, and one of the models only extracts
information regarding the tumor’s shape while not considering the texture at all, while the
other model only extracts information regarding the tumor’s texture but does not consider its
shape. Then, we can consider them to work differently, as they operate on different sets of
features, and hence, their predictions will change independently, resulting in less statistical
dependence between the models (i.e., their outputs are not correlated) and an overall more
robust ensemble that may resist outliers better.

The last important building block of our proposed solution is the similarity function that
measures how similar the encoded latent vectors of the different member models are. For this,
we can use any given S function that is suitable for measuring the similarity between any two
arbitrary vectors in a high-dimensional latent vector space. Our previous work [25] focused
on the cosine similarity measure, which is not only widely used to compare high-dimensional
vectors in natural language processing [47-49], but very recent research has also shown that it
can be used with great success for CNNs as well [S0-52]. We will treat E D (x;) and E® (x;)
as some arbitrary vectors in a latent vector space and use the cosine similarity function to
measure the overall similarities between the encoded latent vectors produced by the member
models. There are two smaller technical problems with the cosine similarity for our specific
use case. The first one is that it cannot directly be built into the cost function J as a simple
addition, as the output values can fall anywhere in the [—1, 1] range. The second problem
is that the cosine similarity of two vectors at an angle of 180° is —1, which is a particularly
undesired property in our case, as EW(x;) and —EW (x;) carry the same information from
the perspective of D despite the two vectors pointing to opposing directions. Therefore, for
any two latent vectors u and v extracted by the member models of the ensemble, we define
their similarity as

2
u-v
st = () )
llellllvll
where - is the inner product, and ||.|| stands for the vector norm. Furthermore, the notation

dim(u) will be used for the dimension of a vector u. By using the modified similarity function
(5), we can eliminate both of the previously mentioned problems: for all vectors u and v 1)
S(u,v) € [0, 1], and ii) S(u, v) = 1 if u = —v. This modified version of S(u, v) will be
minimal if the two vectors are orthogonal. For our use case, this is only possible when the
members use different sets of features, which inherently means they are dissimilar and make
up a diverse ensemble. Accordingly, we can train the member models simultaneously by
formulating the cost function for our training set as

m

n n—1 n
J(0)=%Z DLy +rY Y SEVE), EPw)) |, 6)

i=1| j=1 j=lk=j+1

where L;(6;) denotes the loss of M; regarding (x;, y;), while the second term of the addition
is aregularization term that penalizes members that have extracted similar features and hence
have constructed similar latent vectors for any input x;. This term calculates the similarity
between M and the other members and adds the sum of the similarities to the loss function
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multiplied by a . € R. X acts as a controlling parameter: the smaller A is, the weaker the
regularization effect becomes, while the larger its value is, the stronger the regularization
effect becomes. Hence, X adjusts how much emphasis we put on the diversity of the members
during the optimization process. Lastly, given the ensemble Ensqos = {M1, ..., M, } and the
input image x;, the final output of the ensemble is defined by (2). Fig. 3 shows an overview
of our framework.

As we will show in Section 3, A plays a crucial role in the overall performance of the
ensemble. When we set A = 0, the proposed method does not consider diversity at all. Using
this option, there is no connection between the member models, resulting in simple majority
voting behavior. Therefore, we will refer to majority voting as A = 0. On the other hand,
using A = 1 means that diversity is just as important as the original optimization objective,
which is to minimize the cross-entropy loss. As we will show later, in some cases, using
this setting may also hinder the solution’s overall performance, as diversity should usually
be a secondary objective, with the primary objective of the optimization process being the
minimization of the cross-entropy loss. The reason for this is that diversity, while playing
an important role in the overall performance of the ensemble, can only lead to better results
if the member models can solve the original optimization task. If the members cannot solve
that, there is usually no merit in maximizing the diversity between them. Even though using
this original framework will be shown to lead to good results, it still has some theoretical
drawbacks not addressed in our previous work [25]. Section 2.6 explains these problems
in detail and shows that there can be situations when the previously proposed framework
may not work properly, while Section 2.7 contains our new and improved framework, which
achieves even better results while also being theoretically more robust and overcoming the
limitations and drawbacks of our previous framework.

2.6 The limitations of the cosine similarity function

Although in [25] we showed that the proposed framework performs quite well for our use case,
there are still some theoretical limitations that, depending on the area where the framework is
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Fig. 3 An overview of our framework that calculates the similarity of the members to measure the diversity
of the ensemble. The framework considers both the original optimization objective (blue arrows), as well as
the similarity loss (red arrows) to update the weights of the members of the ensemble model
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being applied, may hinder the training process or make the proposed solution work in a sub-
optimal fashion. The following subsections show that such problems are not only theoretical
but also arise in practice and should be addressed directly. We use the MNIST [29] and
Medical MNIST [53] datasets as simple yet expressive examples and show that different
models, even when using different architectures, may extract highly similar sets of features
and hence work in a really similar way. We chose these specific datasets because they contain
enough images to train neural networks and have been used extensively as benchmarks in
the literature [54-58]. Moreover, the Medical MNIST dataset has also been used extensively
as a benchmark in recent literature [57, 58], and contains medical images, more specifically
computed tomography (CT) scans. Furthermore, it has a diverse set of classes (abdomen CT,
breast MRI, chest CT, chest X-ray, hand CT, and head CT), with one of the classes (head
CT) containing images slightly similar to the brain tumor dataset we focus on here.

2.6.1 Failing to recognize out-of-sequence similarities

For our first experiments, we used the MNIST [29] and Medical MNIST [30] datasets, as well
as a very basic neural network architecture as simple examples to prove that the problem
described in Section 2.6.2 does happen in practice. We used a very basic neural network
architecture with only two convolutional and three linear layers (shown in Fig. 4) to avoid
overfitting to the relatively simple datasets. In the case of the MNIST dataset, we used the
original train and test splits proposed in [29] for training and evaluating the models. For the

input: (1,28, 28) input: (1, 64, 64)

Input Layer Input Layer
output: (1,28, 28) output: (1,64, 64)
input: (1, 28, 28) input: (1,28, 28)
Conv2D Layer Conv2D Layer
Y output: | (8,26,26) | S output: | (8, 26, 26)
RelLU RelLU
MaxPool2D MaxPool2D
input: 8, 13, 13) input: 8, 31, 31
Conv2D Layer 2 { ) Conv2D Layer pd { )
output: (16, 11, 11) output: (186, 29, 29)
RelLU RelLU
y MaxPool2D L MaxPool2D
Flatten input: (16, 5, 5) Flatten input: (16, 14, 14)
output: 400 output: 3136
input: 400 | input: 3136
Linear Layer t 1 Linear Layer t
‘ ’ output: } 256 | ‘ ’ output: } 256
RelLU RelLU
input: 256 input: 256
Linear Layer pd | Linear Layer pd
output: 128 | output: 128
l RelLU l RelLU
input: 128 | input: 128
Linear Layer LD | Linear Layer Lo
output: 10 [ output: 6
Softmax Softmax
input: 10 input: 6
Output Lay Output Lay
’ uiputLayer output: 10 | iputayer output: 6
(a) (b)

Fig. 4 An overview of the simple architecture used in our experiments for the (a) MNIST and (b) Medical
MNIST dataset
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Medical MNIST dataset, there are no such splits defined. Therefore, we split the original
dataset into training, validation, and test splits in a 6:2:2 ratio for each class, respectively,
resulting in 60% of the original data being used for training, 20% for validating, and 20%
for testing purposes.

For the MNIST dataset, each model was trained for 10 epochs, while in the case of the
Medical MNIST dataset, the models were trained for 5 epochs due to the lower number of
classes. We used the standard learning rate of 0.001 for both datasets, a stochastic gradient
descent (SGD) optimizer with a momentum of 0.9, and the cross-entropy loss. Each model
converged to a (local) minimum by the end of the training, achieving at least 98% accuracy
on the training and test sets for the MNIST and 99% in the case of the Medical MNIST
dataset, respectively. For a more in-depth summary of the results of each model, see Table 3.

Our goal with this experiment was to see how likely it is for different models sharing the
same architecture to rely on highly similar sets of features after being trained and observe
how the cosine similarity handles these cases. For this, we trained five different versions of
the previously mentioned basic architecture on the MNIST dataset. Each version of the model
M; (j =1,...,5)was trained independently from any of the other models, using weights 6;
that were randomly initialized. After each model M; was trained, we compared the outputs
of their last convolutional layers £ on a set of test images x;, which outputs correspond to
EY (x;) for our framework. Then, we first compared these extracted latent vectors £ D (x)
directly by examining their values and comparing their heatmap representations between the
different models M ;. Our goal was to observe how random the activations (i.e., the higher
values) and their positions inside the latent vectors u; are in practice.

As seen in Fig. 5, the results may seem relatively random and not correlated at first
glance. That is, the extracted latent vectors’ heatmap representation seems diverse enough.
However, when looking at the histogram representation of these same vectors, some slight
similarities can be seen, which may indicate similarities between the extracted feature vectors.
For example, the histograms of the fourth and fifth models and those of the first, second, and
third ones seem similar. If we measure the means and standard deviations of these models
(shown in Table 4), then we can see that indeed this is the case; models M1, M», and M3, as well
asmodels My, and M5 seem to produce feature vectors with highly similar means and standard

Table 3 A summary of the results of the different models trained on the MNIST dataset

Dataset Model Loss (train) ACC (train) Loss (test) ACC (test)
MNIST My 0.038 0.988 0.005 0.986
MNIST My 0.037 0.988 0.003 0.989
MNIST M3 0.038 0.989 0.037 0.986
MNIST My 0.039 0.988 0.129 0.987
MNIST Ms 0.039 0.988 0.003 0.987
Medical MNIST M, 0.006 0.998 0.000 0.998
Medical MNIST My 0.014 0.996 0.003 1.000
Medical MNIST M3 0.012 0.996 0.001 0.998
Medical MNIST My 0.012 0.996 0.001 1.000
Medical MNIST Ms 0.010 0.997 0.001 1.000
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Fig.5 A heatmap representation of the latent vectors (right) generated by each model for a given input image
(left)

deviations. The results of this experiment, therefore, seem to support our previous claim that
there may be cases when simply aggregating some already trained networks may result in
a sub-optimal ensemble, as there may be some similarities between the member models,
lowering the overall robustness and decreasing the abilities of the ensemble to generalize
well.

2.6.2 Lack of tolerance against permutations

Even though the cosine similarity has been used with great results both for the area of natural
language processing [47-49] and computer vision as well [50-52], it inherently has some
theoretical drawbacks that may result in sub-optimal performance in some cases using our
previous framework [25]. One of the biggest drawbacks of the cosine similarity is its inability
to take spatial relationships into account. This is highly problematic for our use case, where
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Table 4 The means and standard deviations of the latent vectors extracted by each model M; for the test
images shown in Figs. 5 and 7, respectively

Dataset Model Mean Std. dev.
MNIST M 2.4837 3.0861
MNIST M 24214 2.8950
MNIST Ms 2.4739 3.0619
MNIST My 2.2324 2.6339
MNIST Ms 2.2031 2.5594
Medical MNIST M 0.7835 1.4593
Medical MNIST My 0.7656 1.0289
Medical MNIST M3 0.9252 1.0917
Medical MNIST My 0.7007 0.7907
Medical MNIST Ms 0.7842 1.0442

we would like to notice any similarities between two latent vectors extracted by different
models, where the order of the features is not guaranteed to be the same for every model. For
example, let us take two hypothetical extracted feature vectors u# and v. Let us define these
two vectors as u := [1,2,3,4,5,6,7,8,9,10] and v := [1,2,3,4,5,6,7,8,9, 10]. In this
setup, the extracted feature vectors coincide; therefore, it is no wonder that the similarity
metric defined in Section 2.5 will return

u-v 2
S(u,v):( ) —1 ™

l[ullllv]]

meaning that the framework recognizes that the latent vectors are the same. However, if we
randomly shuffle the elements of any of these vectors, the result will be vastly different.
For example, foru :=[1,2,3,4,5,6,7,8,9,10] and v’ := [9,4,8,10,1,6,7,3,5, 2], the
result will be

u-v

2
— ) =0.4561, ®)
||u||||v’ll>

Su,v) = <
which would signal a significantly lower relationship between u and v’. However, that is not
the case, as the feature vectors u and v” encode the exact same features, just in different order.
[59] has also drawn attention to the possibility of such permutations for CNNs.

For a more in-depth comparison, we ran many experiments examining how much this may
affect the calculation of the similarities between the two vectors. During these experiments, we
considered vectors with varying dimensions, ranging from 10 to 10,000, which, according to
the current literature [17, 19, 22, 24], seem to cover the dimension of the possibly extracted
feature vectors of all of the most commonly used CNNs. Then, we ran multiple tests for
each setting, calculating the squared cosine similarity according to (5) between the original
randomly generated latent vector u and its permutated version v’. To observe the variance
of the similarities, we repeated these experiments several times, with different repetitions
ranging from 10 to 1,000,000. Our motivation behind using different repetitions was that by
increasing the sample size (in this case, the number of repetitions), we should get gradually
more statistically accurate results. Therefore, by conducting these experiments, we should
be able to observe the overall trend indicated by the orange line in Fig. 6. A summarized
overview of the results of our measurements can also be seen in Fig. 6.
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Fig. 6 The squared cosine similarities measured between a latent vector « and its randomly shuffled variant
v/, calculated for various sample sizes (horizontal axis) and varying vector dimensions

It can be observed that the average cosine similarity for any randomly permutated vector
v” and the original vector u tends to be close to 0.6 for low-dimensional feature vectors
(dim(u) = dim(v") < 100). However, as we increase the dimensions of these feature vec-
tors, the effectiveness of the cosine similarity for recognizing permutated vectors decreases.
Current state-of-the-art CNN architectures [17, 19, 22, 24] tend to use feature vectors with
dimensions falling between 1024 and 4096. In this range (1,000 to 10,000, the bottom row
of Fig. 6), we can see that usually only roughly 56% of the similarity is being recognized,
although both vectors contain the same sets of features. This is highly problematic due to
the random nature of the training process of neural networks and the randomized weight ini-
tialization procedure. In theory, this randomness can lead to two models that learn to extract
the same sets of features in a slightly different order, i.e., the activations are the same, but
their order is different. In this case, the framework proposed in [25] will fail to recognize
these similarities and will, therefore, not perform optimally, as there could be a leakage in
the similarities recognized by the solution. As we have shown, this can lead to simply failing
to recognize roughly 50% of the similarities, ultimately leading to an ensemble less diverse
than possible. In Section 2.6.1, we showed that this is, instead of being a purely theoretical
problem, in fact, a real problem that can occur in practice. Now, we show that the problem
of failing to recognize the similarity between a vector and its permutated version shown in
the first part of this section may also occur in practice. We use again the simple MNIST and
Medical MNIST datasets from Section 2.6.1 to show that when training multiple models
of the same architecture we may end up with similar, slightly permutated feature vectors.
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We used the already trained models M, ..., M5 and extracted their corresponding feature
vectors uyp, ..., us for a test image (see Fig. 7).

As the next step, we measured the cosine similarity between the extracted u; vectors.
Even though, in this case, the similarity could be easily seen with the naked eye in Fig. 7,
the extracted cosine similarity values shown in Fig. 8 are really low and fail to capture this.
This is highly problematic, as even though we can observe a clear and indistinguishable
correlation between the histograms of the u ; vectors, these similarities will be lost when we
optimize our cost function J as introduced in Section 2.5.

To solve this issue, we can use a similarity metric that is not sensitive to the order of the
elements when comparing the two feature vectors. Earlier, we showed that one intuitive way
of measuring similarity is by comparing the distributions of the two latent vectors. One theo-
retically founded way of measuring this is to use a histogram representation of the similarities
and then compare these higher-level representations to penalize vectors that are similar but
come from different sources. There are a variety of possible solutions for measuring this sim-
ilarity, ranging from calculating the intersection between the histograms, calculating their
correlation, or using a chi-square test. The main idea, however, is that a larger overlap between
two histograms indicates a higher degree of similarity, while a small overlap means a lower
degree of similarity. By measuring using histograms instead of the similarities between the
latent feature vectors directly, we lose all information regarding the order of the elements that
could negatively affect the similarity calculation, as the improved measure only considers the
aggregated, higher-level representation. In Fig. 8, we can see that despite having no infor-
mation about the order of the elements, we can get better and more realistic similarity values
for the correlation metric when we only consider the histogram representation of the latent
feature vectors. We can also see that using the histogram similarities, we could still retain the
most important and striking similarities (e.g., between models M3 and M4, or M, and Ms)
while recognizing that models M and M4 are not similar (which were deemed as similar by
the cosine similarity metric). It is therefore easy to see that by incorporating this approach
into our ensemble framework we could further increase its accuracy, as features that would
be lost using the cosine similarity function could be retained with the histogram similarity.
This would effectively give the ensemble the opportunity to recognize more complex patterns
when measuring the similarity between the member models. In the next section, we introduce
our improved framework, which builds upon the idea of using the histograms of the feature
vectors that can capture these relations more reliably and with much higher accuracy than
our previous framework.
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Fig.7 A sample input image from the Medical MNIST dataset (right) and an overview of the distribution of
the extracted features by different models (left). The horizontal axis represents the values inside the feature
vectors, and the vertical one shows their corresponding frequencies inside the vector on a logarithmic scale
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Fig. 8 The correlations measured between the (a) cosine, and (b) histogram similarities calculated between
the feature vectors extracted by the five models trained on the Medical MNIST dataset for the sample image
shown in Fig. 7. The values shown in (b) have been normalized by using the maximum value in each row of
the heatmap

2.7 Histogram-based similarity

In Section 2.6, we have shown that the cosine similarity measure fails to capture some intricate
similarities in the following cases: a) when the same feature vector is permutated, and b) when
even though the order of the feature vectors is not the same, their distributions are similar.
To solve these shortcomings, we propose a new, improved version of our framework that
uses the histogram loss [26] instead of the original cosine similarity when calculating the
S(u, v) similarity between any two latent vectors # and v. We will use a modified version
of the histogram loss [26] which is differentiable and can be used with neural networks as
the base of our solution to measure the similarities between the histogram representations of
the extracted latent vectors of the member models in the ensemble. This way, the similarity
metric does not rely on the order of the elements of the feature vectors, resulting in an overall
more robust and theoretically founded solution.

For our new framework, instead of measuring the similarities between any two pairs of
latent vectors directly, we reformulate our previous problem as measuring the probability
Dreverse [26] that any two random latent vectors u ; and uy extracted by two different models
M j and My (negative pair) are more similar to each other than latent vectors extracted by the
same models (positive pair). We will use this probability as a form of regularization when
training the models, penalizing those that produce latent vectors more similar to other models
than those produced by the same model. This should, in theory, result in a more efficient and
“tighter” distribution of the latent vectors generated by each model inside the ensemble since
we penalize any overlap between said distributions. Due to the fewer overlaps, we should
also be able to reduce the variance of the distributions, as the models are forced to generate
latent vectors with more compact and concentrated distributions (see Fig. 9). This is because,
for each similarity measuring step, a larger batch of latent vectors u ; originating from all of
the ensemble models and their similarities are considered by calculating the inner products.
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Fig. 9 By using the histogram representation, we can directly penalize any overlap (orange) between two
histograms Hp (green) and H; (red)

During the optimization process, each model M is forced to generate latent vectors with
a higher probability of being sampled from the distribution of the similarities belonging
to the same model M; than any other model Mj. The benefit of this approach is that the
overall distribution of the similarities is taken into account during training, which holds more
information than simply relying on the individual similarities of some arbitrarily sampled
latent vector pairs.

To calculate this probability, which the authors of [26] refer to as “the probability of
reverse” preverse» We need to approximate the two probability distributions p™ and p~,
which refer to the estimate of the probability distributions of the similarities of latent vectors
produced by the same model M; and by a distinct model My, respectively. For estimating p™
and p~, following the conventions of [26], we construct sample sets denoted by ST and S~
that contain the similarity of the sample latent vector pairs, calculated using the inner product,
produced by the same models (ST) and by different models (S™). Namely, we formulate ST
and S~ as

st =lox=u-v i u=EOw),0=EOup.i ],

s™=lwi=uv i u= O, 0= B0 k£1]. ©)

At this point, it can be observed that this method is a natural and logical extension of
our previous framework [25], as it also builds on the core idea of using the inner product
to measure the similarities of the sample latent vector pairs. However, instead of using
these similarities directly, it generates a histogram representation using multiple observed
similarities to approximate their distributions.

For our proposed framework, we feed the same batch of size b of inputs {x1, x2, ..., xp}
into the different models M of the ensemble to extract the latent vectors EW(x;). For the
proposed framework to work, the member models’ outputs must also be normalized due to
the limitations discussed in [26]. For this, we follow the recommendations of [26] and apply
L2 normalization to each E7(x;) latent vector, calculating E*\)(x;) = ||EW) (x;)||. Then,
we construct the sample sets ST and S~ by defining each sample s;  using the normalized
latent vectors E*()) (x;) extracted by each member M j- We assign the sample s  to sample
set ST if k = j, meaning that both of the feature vectors originated from the same model,
otherwise we assign the sample to S™.

For calculating the similarity between any two models inside the ensemble, we approxi-
mate the p* and p~ distributions with histograms H+ and H ~, each with R bins, respectively.
Following the workflow described in [26], we define both H T and H ~ with uniformly spaced
bins, with their nodes —1 = 11, ...tz = 1 filling the [—1, 1] interval — as the E*()(x;)
vectors are L2 normalized — and with the step size A = %, according to the following,
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slightly modified formulae

] n
HY = |hf=—=>"8,, :r=1....R
+ JsJT ) ) )
RS
1 n n
H = |hi=—=> % 8jkr:r=1...R|. (10)
S |j:1k:l
L k)

In (10), linear interpolation is used to decide which node of the histogram the given
similarity belongs to by using the weights §; x ,-, which are defined as

(Sj,k —t-1)/A, iij,k € [tr—1; t],
Sjkr =1 (g1 —sj0)/A, ifsj i €[ty tr41], (11)
0, otherwise,

forj,k=1,...,n,r=1,...,R.

As seen in (10), when calculating H +, we only consider the similarities between the
same model, while when calculating H ~, we only consider the similarities between distinct
models. The histograms H* and H ™~ approximate the real distributions p™ and p~ of the
similarities between the latent vectors extracted by each model. Using them, we can directly
look for any overlap (see Fig. 9) between the similarities of the latent vectors extracted by each
model M; inside the ensemble. For measuring this overlap, we use the formula introduced
in [26], which is defined as

R r
SHT H )= |h Y hi|. (12)
q=1

r=1

Since both the forward pass and the histogram loss depend on the normalized E*\/) vectors
as well as the histograms H+ and H~, the cost function also needs to be slightly modified.
For our improved framework, we define the cost function J* () as

m

@)= L L, + o
J (9)_mz D Li@)+ASHT H) | (13)

i=1 | j=1

Lastly, as in the case of the Ens.,s ensemble, for any given input image x; in the dataset,
the output of the improved framework Enspis; = {My, ..., My} is defined by (2).

2.8 Comparing the proposed frameworks with traditional ensemble methods
This section shows how our proposed frameworks relate to traditional ensemble methods.

Moreover, we also present how they distinguish themselves from these traditional solutions.
When using A = 0, given EWD . E®™ for the models My, ..., M,, respectively and the
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loss function L;, the cost function J(6) for Enscos becomes

m B n—1 n ]
1
J(O) = %21: ZL ®; )+A2kZIS(EU>(x) E® (x;))
i=1]j J J+ .
m B n—1 n 7]
-y ZL ©)+0) " Y SEV) EQ@)
mn i=1 | j=I1 j=lk=j+1 i

m

iZZL(@) (14)

S

Similarly, for the ensemble Ensj;s;, the cost function J*(0) can also be simplified to

DI L) +ASHT HY)

i=1 | j=1

J*0) =

S|=

JHO) = — SID L) +0SHT HY)

i=1| j=I

3

1 m n

J*O) = — Li(0;). (15)
We can observe that both (14) and (15) take on the form of a standard cost function
when using A = 0. This in practice means that there is no interaction between the member
models during the optimization process, which results in models trained in complete isolation.
Furthermore, there is no metric defined that would measure the diversity of the models.
After combining these models into an ensemble Enscos = {My,..., M,} or Enspis; =
{M, ..., M}, the output of the ensembles trained with A = 0 will be exactly the same as
that of an ensemble using majority voting. Therefore, we have shown that the frameworks
presented in Sections 2.5 and 2.7 default to simple majority voting behavior when using
A = 0, resulting in an ensemble that does not measure diversity at all. Consequently, we will

refer to majority voting as A = 0 in the subsequent parts.

2.9 Using a weighted cost function

In this section, we expand both our original and improved frameworks to handle imbalanced
datasets where there is a significant disparity between the total occurrences of the labels. In
such cases, some labels appear disproportionally more often in the dataset than others. This
is especially common in the medical field, where there are usually orders of magnitude more
healthy medical records than records containing any lesion, further increasing the difficulty
of training solutions that can recognize chronic lesions or diseases. A common technique for
training efficient solutions for such imbalanced datasets is using a weighted loss function
that weights the loss calculated for the given class in inverse proportion to its frequency in
the dataset, ultimately making the training process smoother and providing models that can
recognize rare classes.

When using a weighted cost function, the weights B; are calculated for all inputs x; in
the dataset to increase the influence of the label y; on the overall cost during the training
procedure. To define a weighted configuration for our framework, it is imperative to note that
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our cost functions (6) and (13) are constructed of two parts: the first part optimizes the original
loss L; and the second part optimizes the similarity S. This is extremely important because,
using a weighted cost function, the objective is to weight each L; depending on the rarity of
the class y;. However, the second part of the cost function measures the similarity between
the ensemble members, which is independent of the labels y;. Instead, this second part only
depends on the latent vectors £ (x;) derived by each model M ; for the corresponding input
x;. Therefore, it is only necessary to change the first parts of formulae (6) and (13). Then, a
weighted cost function J (6) can be defined as

n n—1 n
DOBLiO)+1Y Y SEV), EP)) |, and
i=1 | j=1 j=lk=j+1

Jweighted (9) =

S|—
Ms

1 n
Tieighted ®) = — 3 | 3 BiLi(®)) +AS(HT, HT) (16)
i=1 [ j=I

for the original framework using the cosine similarity and our newly proposed framework,
which uses the histogram loss.

Although no change would directly affect the calculation of the similarities, the overall
behavior and the outputs of the new weighted cost functions shown in (16) changed due to
the introduced weights g;. Therefore, in this paper, we also examine the effect of using a
weighted cost function for our frameworks using the dataset published by Jun Cheng [7]. In
Section 2.2 and Table 2, we have shown a slight imbalance between the different classes.
Namely, there were almost as many images belonging to the glioma class as in the other two
classes (meningioma and pituitary tumor), combined. Therefore, this dataset presents a good
opportunity to study the effects of using a weighted loss function following our proposed
frameworks.

2.10 Using different architectures

This section extends our original and improved frameworks to function with different archi-
tectures. So far, we have only discussed re-using the exact same architecture, which was
a limitation. It stemmed from formulae (6) and (13), which both relied on calculating the
similarity S(E o) (xi), E ®)(x;)) of the two feature vectors produced by the models M; and
M. During the similarity calculation (see (5) and (9) for the framework using the cosine
similarity and the histogram loss, respectively), both methods utilized the inner product to
calculate the similarity. However, the inner product can only be used for two vectors u and v
of the same dimension dim(u) = dim(v) = [, which limits the usage of our framework to
neural networks and members M; and M, that have the exact same feature vector dimension
dim(EY (x;)) = dim(E® (x;)) = 1.

To solve this problem, it is required to bring the feature vectors to a common dimension
before measuring the similarity between them. This is not a trivial problem to solve, as reduc-
ing the dimension to the value of the smallest feature vector may result in losing important
features in longer feature vectors. It is also unclear which components to drop from longer
feature vectors, as some of them encode special features and are activated only when these
particular features are present in the input image. In this case, dropping such a component,
which usually contains 0 values, may decrease the performance. Another approach can be
to expand all feature vectors to be of the same dimension as the one having the maximum.
During our experiments, we found that this does not lead to either worse results or insta-
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bilities. Therefore, in this paper, we propose a simple way to address this issue by applying
zero padding to the feature vectors £® (x;) to bring them to the same dimension as the ones
produced by the model M; that has the largest dimension. An overview of this method can
be seen in Fig. 10.

3 Results and discussion

In this section, we provide a comprehensive, in-depth overview of our training, validation,
and testing methodologies, explain how the data was split into training, validation, and test
sets, and detail the various settings, weighting procedures (if any), and hyperparameters that
were used during our experiments. We also introduce the metrics that were used during
the evaluation process and compare the different methodologies introduced in the previous

Feature extraction
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u
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o

Fig. 10 We can bring latent vectors u# and v of different dimensions to a common dimension by applying zero
padding on the vector with fewer elements. The resulting u’ vector will have the same dimension as v, with
the last elements being zero
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section, both with our original framework and other state-of-the-art approaches. At the end
of this section, we also draw some experimental conclusions.

3.1 Hyperparameter tuning

Before training the models, we tuned the hyperparameters of each architecture separately.
During this process, except for the total number of epochs, we only used the training set
to configure the hyperparameters to avoid any possible bias towards the validation sets. We
searched for the optimal value of the batch size, learning rate, and number of epochs and
looked for the best optimizer. When searching for the optimal batch size, we considered
multiple factors, such as any substantial oscillations in the loss — from batch to batch and
from epoch to epoch — that would make the learning process unstable. For the learning rate
o € (0,1), we used a schedule for a total of 100 epochs on the training set, evaluated the
effectiveness and performance of a wide range of learning rates, and picked the one that i)
had the lowest loss value and ii) had a sufficiently large environment [@ — €, a + €] with
€ € (0, 1), where the loss values neither excessively oscillated nor increased substantially.
After the hyperparameter tuning phase, we found that batch size 32 gave the best results
for all models, leading to minimal oscillations and smooth decreases in the loss values. For
the optimizer, we found Adam [60] to be the most efficient, while for the learning rate,
the value of 0.0001 achieved the best overall performance for each architecture: it led to
continuous and smooth decreases in the loss value while also being relatively fast, compared
to lower learning rates. Furthermore, it did not seem to get stuck in bad-performing local
optima during our experiments. For our newly proposed framework that used the histogram
loss, we also considered multiple settings when determining the optimal number of bins.
After evaluating multiple different options and considering the change of training loss, as
well as validation loss during training, we determined that R = 129 was the most suitable
option for the number of bins in our use case, resulting in A = 0.015625 ~ 0.02. This was
also in line with the findings of the original paper [26], which also showed A = 0.02 as a
suitable choice, balancing the level of detail (i.e., number of bins) and performance.

3.2 Cross-validation and training

To measure the overall performance of our frameworks, we trained and then evaluated each
model using cross-validation. This is of utmost importance when evaluating deep learning-
based solutions, which have inherently random internal workings capable of affecting the
test results. By having a higher number of cross-validation folds, it is possible to reduce such
noise and get a clearer view of the performance of the given model. As previously mentioned,
we used the original folds and splits provided by the authors of the dataset [7] to train and
test our models. The official splits divide the dataset of 3,064 MRI images into training and
test parts and contain five folds. One drawback of the official splits is that they only contain
the training and test parts. To measure and detect the degree of over- and underfitting in our
models during training and to monitor the behavior of the models, i.e., to stop the training
procedure if the validation loss keeps increasing while the training loss decreases in case of
overfitting, we defined a custom validation split using the training data from the five original
folds. During this procedure, we split the original training part of the five folds into training
and validation parts in a 8:2 ratio, respectively. After this, each model was trained using the
training parts of the five newly generated folds, validated using the validation part of the
current fold, and then tested using the official test part of the given fold defined in [7]. The
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number of epochs was determined using the validation set; each model was trained until the
observed validation loss started increasing rapidly. In the training process, the weights with
the lowest validation loss were saved, which were used in the testing phase to evaluate the
performance of each model.

During the training process, we also applied transformations and data augmentation to
the inputs to increase the generalization capabilities of the networks. Each input image was
resized to fit the expected input shape of the neural networks (224 x 224 pixels) and was also
normalized. For data augmentation, we have considered several potential techniques. After a
shorter prototyping phase, we have selected the ones that were relevant and applicable to our
problem. These were the following: random cropping, horizontal and vertical flips. When
we applied random cropping, we first resized the images to 110% of the target size (224 x
224 pixels) before cropping to the target size. We found that the value of 110% was a good
balance between generating sufficiently varied augmented images while still not cropping
too much out of the image, which could potentially lead to losing valuable information.

3.3 Evaluation

As discussed in Section 3.2, all of the algorithms were evaluated on the five official test
splits of the dataset [7]. During this evaluation procedure, we considered several of the most
important metrics to give a comprehensive and in-depth overview of the performance of the
several different methodologies and architectures. Namely, we calculated the overall accu-
racy (ACC), as well as the per class accuracy (AC Ceiass_name), sensitivity (SE), precision
(PREC), and F; score for each architecture. To measure these values, we calculated the
number of true positives (7 P), true negatives (T N), false positives (F P), and false nega-
tives (F'N) for each class. For our use case, an increase in 7 P and 7' N meant that the ground
truth labels matched the outputs of the model, both being positive in the case of TP and
both being negative in the case of 7 N. We considered cases F P when the network output
signaled the presence of the given class while the ground truth label was zero and F N in the
opposite case, meaning that the model failed to recognize the presence of a given class. The
exact formulae of the used metrics are as follows

TP+TN
ACC = ,
TP+TN+FP+FN
TP
SE= 1T FN
o (17)
PREC = ——— |
TP+ FP
2TP
F

T2TP+FPYFN’

Additionally, our dataset contained multiple classes, three in total. Since the metrics intro-
duced in (17) are calculated at class level, it was also important to decide how to calculate a
unified metric that merged the results for the different classes into one metric. For this, we
calculated the macro- and weighted average of each metric.

3.4 Project setup

The experiments were conducted in the cloud using the Azure Machine Learning service.
The training took place on a virtual machine (VM) with 6 cores, a total of 112GB RAM, and
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a Tesla V100 GPU. All the related code was written in the Python programming language
and the PyTorch framework.

3.5 Experimental results

In this section, we give an exhaustive and in-depth overview of the performance of the various
algorithms and report our experimental results. As noted in Section 3.3, we calculated various
metrics using the pre-defined folds and splits to evaluate the overall performance of each
model. All the models were trained on each of the five training folds (which we split into
training and validation parts, as discussed in Section 3.2) and were then evaluated using
the original test sets defined by the authors of [7]. We have also compared our results with
several other state-of-the-art approaches and standard techniques, such as majority voting,
which we used as baselines to evaluate and compare with our results. With the A = 0 setup,
both our original and improved frameworks apply the standard majority voting, as there is
no connection between any of the models during training, which leads to each model being
trained separately. Therefore, our tables refer to the standard majority voting approach as
A = 0. We also considered several other works that used the same dataset, both traditional [38]
and deep learning-based ones [35-37, 45], and used them as simple baselines and compared
their reported results with the performance of our frameworks. For [45], we considered two
different methods: one that uses the GLCM and VGG-16 features as described in [45], and
an additional one, which follows the same procedure as described in the original paper, but
only uses the GLCM matrix as inputs. We will refer to the first as GLCM+VGG16 and to
the second simply as GLCM in all subsequent tables. The type of architecture used (SVM or
KNN) will be specified under the Type column of each table. Lastly, for each baseline, cells
containing a “-”” symbol in one of the columns belonging to a metric contain values that were
not reported in the corresponding original study, while for columns corresponding to a given
setting, the same “-” symbol indicates a setting that does not apply to the given architecture.

As noted in Section 3.3, we calculated the macro- and weighted average for each metric
introduced earlier and provided dedicated tables for each setting. Macro average calculates
the class-level metrics and then averages them without taking the imbalance into account,
while for the weighted average, the weights reflect how often a given class occurs in the test
set. The results shown are calculated at 95% confidence levels and sorted by the type of model
and training methodology in the following order: state-of-the-art baseline approaches and
weighted averaging (Weighted Avg.), followed by our previous and new frameworks, eval-
uated using different values of A. We also included the results of our newly proposed hybrid
ensemble architecture presented in Section 2.10, where we selected the best-performing base
networks MobileNetv2, EfficientNet, and ShuffleNetv2. We constructed ensembles using
different values of A and both our original cosine similarity-based framework, as well as
our newly proposed histogram loss-based framework. Using the aforementioned three mod-
els, for the sake of brevity, we refer to these approaches as Ens in our tables. First, we
measured how our newly presented methods compare with our original framework, such
as using different architectures (abbreviated as Ens in the tables) and the newly proposed
histogram-based framework. In Table 5, we compare our newly proposed approaches’ accu-
racy — global and class-level — with our previous framework based on the cosine similarity
measure and several state-of-the-art baselines. ACC indicates the overall global accuracy,
while the columns ACCg, ACCys, and ACCpr correspond to the class-level accuracies
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belonging to the glioma, meningioma, and pituitary tumor classes, respectively. It can be
seen that our proposed frameworks surpass each baseline algorithm. In the case of [45], the
approach that relied on both the GLCM and VGG-16 features and then trained an SVM
achieved slightly better accuracies for the glioma and pituitary tumor classes. However,
these improvements were only 0.2% and 0.1%, respectively, which can be considered to be
within margin of error, while on the other hand, our framework achieved more than 1% more
accuracy for the meningioma class, which is a substantial and significant difference. Our
MobileNetv2-based framework also achieved the best overall accuracy, outperforming all
other algorithms considered in our study.

After getting an overview of the overall accuracy of each model, we evaluated them using
the sensitivity SE, precision PREC, and F; score. For our first set of experiments, we
used the macro averaging method when aggregating the per-class results of each metric. In
other words, during these experiments, we treated each class equally during the evaluation
procedure and calculated the results for all metrics. As seen in Table 6, the newly proposed
histogram-based method achieved results similar to our previous framework for the A = 0.5
setup; however, it greatly outperformed it with a larger value A = 1.0. The best-performing
model was the same that achieved the highest accuracies in Table 5: the ensemble that was
constructed using three MobileNetv2 models. This model achieved over 90% for each metric:
90.5% sensitivity, 92.1% precision, and 91.1% Fj score. Similarly to Table 5, one version of
[45] achieved 0.1% higher sensitivity when compared to our methods. However, this approach
achieved significantly worse results in every other metric: 1.4% lower precision and 0.5%
lower F] score.

Next, to get a better overview of the performance of the different models, we calculated
the weighted sensitivity SE, precision PREC, and F; score. Each weight was calculated
using the support value of the given class, meaning that classes that appear more often would
get assigned higher weights. As seen in Table 7, the previously top-performing MobileNetv2
ensemble architecture (see Tables 5 and 6) that used our newly proposed histogram-based
framework achieved the best overall results, achieving over 92% for each of the three metrics.

After evaluating the various methods without using any class weights during training, we
examined if using a weighted cost function, introduced in Section 2.9, led to any significant
changes or problems during the training procedure. During these experiments, each sam-
ple was weighted based on the frequency of its label. We calculated the weights S, By,
Bpr corresponding to the given class before training the given architecture. We assigned
lower weights to classes with larger cardinalities and higher weights to classes with smaller
cardinalities in the training set.

As seen in Table 8, we can state that using a weighted cost function did not lead to any
instabilities or problems regarding convergence for the examined methods. Although using
this approach did not lead to better results as compared with the MobileNetv2 architecture
in Table 5, we can observe a drastic improvement for the EfficientNet architecture, which
achieved 1.5% higher accuracy as compared to the reported results in Table 5. These results
highlight the importance of the framework being able to handle a weighted cost function, as,
depending on the architecture, some models, like EfficientNet, may respond exceptionally
well to introducing class weights in the loss function, leading to better results for the given
architecture.

Next, we also evaluated the effect of using a weighted cost function on each architecture
using the macro average of the sensitivity, precision, and F; scores. The results can be seen
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Table 6 A summary of the measured sensitivity, precision, and F] scores using macro averaging

Algorithm Type A SE PREC Fp

GLCM [45] SVM - 0.749 £ 0.034 0.747 £+ 0.036 0.744 £ 0.036
GLCM [45] KNN - 0.596 & 0.016 0.610 &£ 0.016 0.585 4 0.009
GLCM+VGG16 [45] SVM — 0.906 & 0.016 0.907 £ 0.012 0.906 & 0.015
GLCM+VGG16 [45] KNN - 0.902 £ 0.012 0.916 & 0.012 0.907 £ 0.012
Weighted Avg. - - 0.898 & 0.015 0.91 £ 0.017 0.902 & 0.017
AlexNet base - 0.857 4 0.037 0.871 £ 0.043 0.856 4 0.045
MobileNetv2 base - 0.876 £ 0.032 0.894 £ 0.027 0.881 4 0.033
ShuffleNetv2 base — 0.844 £ 0.031 0.863 & 0.028 0.850 & 0.030
EfficientNet base - 0.885 4+ 0.018 0.893 £ 0.018 0.886 4+ 0.018
AlexNet cosine 0.0 0.854 & 0.040 0.874 £ 0.037 0.861 4 0.040
MobileNetv2 cosine 0.0 0.869 £ 0.026 0.890 & 0.028 0.875 4+ 0.029
ShuffleNetv2 cosine 0.0 0.859 4 0.043 0.875 £+ 0.033 0.864 4 0.041
EfficientNet cosine 0.0 0.885 4 0.030 0.890 & 0.022 0.885 4 0.028
Ens cosine 0.0 0.888 4 0.015 0.898 &+ 0.019 0.891 4+ 0.019
AlexNet histogram 0.0 0.854 & 0.040 0.874 & 0.037 0.861 & 0.040
MobileNetv2 histogram 0.0 0.869 £ 0.026 0.890 £ 0.028 0.875 4 0.029
ShuffleNetv2 histogram 0.0 0.859 & 0.043 0.875 £ 0.033 0.864 4 0.041
EfficientNet histogram 0.0 0.885 4 0.030 0.890 £ 0.022 0.885 4 0.028
Ens histogram 0.0 0.888 & 0.015 0.898 £ 0.019 0.891 4+ 0.019
AlexNet cosine 0.5 0.866 % 0.033 0.879 £ 0.033 0.869 4 0.035
MobileNetv2 cosine 0.5 0.902 £ 0.019 0.910 £ 0.017 0.905 & 0.019
ShuffleNetv2 cosine 0.5 0.872 4 0.038 0.888 & 0.029 0.877 & 0.035
EfficientNet cosine 0.5 0.891 £ 0.020 0.901 £ 0.023 0.893 & 0.025
Ens cosine 0.5 0.896 & 0.018 0.902 £ 0.018 0.897 £ 0.019
AlexNet histogram 0.5 0.871 &£ 0.036 0.886 & 0.036 0.875 4+ 0.037
MobileNetv2 histogram 0.5 0.893 4+ 0.010 0.908 & 0.014 0.898 4+ 0.013
ShuffleNetv2 histogram 0.5 0.877 4+ 0.021 0.892 £ 0.023 0.882 4 0.023
EfficientNet histogram 0.5 0.894 £ 0.013 0.907 £ 0.019 0.898 £ 0.017
Ens histogram 0.5 0.886 & 0.014 0.898 & 0.018 0.888 4+ 0.018
AlexNet cosine 1.0 0.862 4 0.048 0.884 & 0.043 0.867 & 0.049
MobileNetv2 cosine 1.0 0.884 4 0.028 0.904 £ 0.030 0.892 4 0.030
ShuffleNetv2 cosine 1.0 0.880 & 0.033 0.888 £ 0.025 0.880 4 0.031
EfficientNet cosine 1.0 0.888 & 0.015 0.904 £ 0.025 0.892 4 0.022
Ens cosine 1.0 0.887 £ 0.035 0.897 & 0.034 0.889 £ 0.036
AlexNet histogram 1.0 0.860 & 0.038 0.878 & 0.039 0.863 & 0.045
MobileNetv2 histogram 1.0 0.905 4 0.011 0.921 £ 0.009 0.911 & 0.008
ShuffleNetv2 histogram 1.0 0.886 4 0.018 0.901 £ 0.018 0.891 £ 0.019
EfficientNet histogram 1.0 0.892 £ 0.022 0.900 £ 0.027 0.893 & 0.027
Ens histogram 1.0 0.891 £ 0.019 0.900 £ 0.022 0.894 4 0.020

Bold entries signify the highest values
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Table7 A summary of the measured sensitivity, precision, and F] scores using weighted averaging
Algorithm Type A SE PREC Fp

GLCM [45] SVM — 0.764 & 0.032 0.764 £ 0.037 0.760 % 0.036
GLCM [45] KNN - 0.654 £0.013 0.635 + 0.014 0.628 £ 0.013
GLCM+VGG16 [45] SVM - 0.918 £0.013 0.919 +0.012 0.918 £0.013
GLCM+VGG16 [45] KNN - 0.919 £0.012 0.920 +0.011 0.918 £0.012
Weighted Avg. — — 0.912 +0.017 0.916 + 0.014 0.912 +0.017
AlexNet base - 0.868 £ 0.042 0.882 % 0.030 0.868 £ 0.041
MobileNetv2 base — 0.893 4 0.032 0.899 + 0.025 0.892 £ 0.032
ShuffleNetv2 base - 0.865 £ 0.029 0.872 + 0.027 0.865 4 0.029
EfficientNet base - 0.898 £ 0.018 0.903 +0.017 0.898 +0.018
AlexNet cosine 0.0 0.875 £ 0.036 0.880 + 0.033 0.874 £ 0.037
MobileNetv2 cosine 0.0 0.888 £ 0.026 0.895 + 0.020 0.887 £ 0.027
ShuffleNetv2 cosine 0.0 0.877 £ 0.038 0.884 + 0.033 0.877 £ 0.038
EfficientNet cosine 0.0 0.896 4 0.022 0.902 £ 0.018 0.896 £ 0.023
Ens cosine 0.0 0.903 & 0.019 0.908 & 0.014 0.903 £0.018
AlexNet histogram 0.0 0.875 £ 0.036 0.880 + 0.033 0.874 £ 0.037
MobileNetv2 histogram 0.0 0.888 £ 0.026 0.895 + 0.020 0.887 £ 0.027
ShuffleNetv2 histogram 0.0 0.877 £ 0.038 0.884 + 0.033 0.877 £ 0.038
EfficientNet histogram 0.0 0.896 £ 0.022 0.902 +0.018 0.896 £ 0.023
Ens histogram 0.0 0.903 £ 0.019 0.908 + 0.014 0.903 £ 0.018
AlexNet cosine 0.5 0.882 4 0.031 0.890 % 0.026 0.882 £ 0.031
MobileNetv2 cosine 0.5 0.915 +0.018 0.918 & 0.017 0.915 +0.019
ShuffleNetv2 cosine 0.5 0.892 £ 0.030 0.896 + 0.028 0.891 £ 0.032
EfficientNet cosine 0.5 0.904 £ 0.023 0.911 +0.016 0.904 £ 0.023
Ens cosine 0.5 0.908 £ 0.019 0.912 +0.017 0.908 £ 0.019
AlexNet histogram 0.5 0.887 £ 0.034 0.893 +0.032 0.887 £ 0.035
MobileNetv2 histogram 0.5 0.908 4 0.013 0.912 £+ 0.012 0.908 £ 0.013
ShuffleNetv2 histogram 0.5 0.895 4+ 0.021 0.900 +0.018 0.895 £ 0.021
EfficientNet histogram 0.5 0.909 & 0.015 0.914 £+ 0.012 0.909 & 0.015
Ens histogram 0.5 0.901 £+ 0.017 0.907 £ 0.012 0.901 £+ 0.017
AlexNet cosine 1.0 0.881 £ 0.045 0.889 + 0.039 0.880 £ 0.046
MobileNetv2 cosine 1.0 0.904 £ 0.027 0.908 + 0.024 0.904 £ 0.027
ShuffleNetv2 cosine 1.0 0.881 £ 0.031 0.890 % 0.026 0.882 £ 0.031
EfficientNet cosine 1.0 0.905 + 0.021 0.910 £+ 0.017 0.904 + 0.021
Ens cosine 1.0 0.901 & 0.032 0.907 £ 0.028 0.901 £ 0.032
AlexNet histogram 1.0 0.877 £ 0.042 0.887 + 0.032 0.876 £ 0.043
MobileNetv2 histogram 1.0 0.921 + 0.005 0.923 + 0.004 0.921 + 0.005
ShuffleNetv2 histogram 1.0 0.902 £ 0.019 0.905 + 0.016 0.901 £0.019
EfficientNet histogram 1.0 0.904 £ 0.024 0.910 +0.018 0.904 £ 0.023
Ens histogram 1.0 0.906 £ 0.018 0.907 + 0.020 0.905 £ 0.019

Bold entries signify the highest values
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in Table 9. Similarly to the previous results, the EfficientNet-based ensemble architecture
achieved good results, while the hybrid method using three different architectures (denoted
by Ens) had the best results.

Finally, we used the weighted averaging method to measure the same metrics SE, PREC,
and Fi score. As shown in Table 10, the best-performing architectures were the ones using
the EfficientNet network, achieving close to 92% sensitivity, precision, and Fj score, and the
hybrid architecture denoted by Ens, which achieved the best results with 92.1% sensitivity,
92.5% precision, and 92.1% F; score, respectively.

4 Further validation and limitations

Having evaluated our frameworks using the previously detailed metrics, it can be stated that
the model can solve the problem with sufficient accuracy and reliability. However, for deep
learning-based solutions it is just as important to understand what the given model bases its
decisions on. For CNN-based methods, a widely used and accepted way to achieve this is by
applying GRAD-CAM [61] on one of the layers of the convolutional layers, usually on the
last one. Therefore, we also applied GRAD-CAM [61] to get a visual feedback and rough
understanding of what the ensemble is focusing on, as well as to gauge the applicability and
usefulness of the proposed solutions.

However, itis no trivial task to apply GRAD-CAM to our frameworks. This is because they
do not connect the members with a joint dense layer. Instead, only the similarity between the
extracted features is measured. That is, there is no shared layer between the member models,
from which the gradients could be computed and to which GRAD-CAM could be applied.
Therefore, we applied GRAD-CAM to the last convolutional layer of the members inside
the ensemble to visualize which parts of the input image each of them focuses on. Then, we
averaged the resulting GRAD-CAM heatmaps generated by each member to get a general
idea of how the ensemble works in general. If the proposed frameworks work correctly, that
would mean that the member models rely on different sets of features, potentially highlighting
different parts of the images, while the averaged results should cover most of the area of the
tumors. This should in turn be visible from the obtained GRAD-CAM results as well. The
GRAD-CAM visualizations of the best-performing model from Table 5 can be seen in Fig. 11.

In Fig. 11, we can see that all of the member models can locate the tumors in all of the
images. This shows that by using our proposed frameworks, each of the members will still
be able to solve the original task and hence can potentially be used on their own as well.
However, by looking at the areas highlighted by the models, we can also see that each model
puts more emphasis on different areas of the same image. Namely, it seems that M| learned
to observe features that are spread out more evenly inside and around the tumor boundaries.
M, on the other hand seems to capture more vertical features from the images that relate
more to the length of the tumors along the y axis of the images. Lastly, M3 seems to put extra
emphasis on the borders of the tumors. The fact that the GRAD-CAM of these three models
differ so much seem to support our initial hypothesis. That is, the models trained according
to our frameworks seem to learn highly diverse, non-redundant features. This can be highly
useful in a variety of cases. For example, in the third row of Fig. 11, we can see how the
average GRAD-CAM image seems to better capture the location of the tumor which spreads
out in all directions.
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Table 9 A summary of the measured sensitivity, precision, and F} scores using macro averaging when the
frameworks were trained using a weighted cost function

Algorithm Type A SE PREC F1

GLCM [45] SVM — 0.749 £ 0.034 0.747 £ 0.036 0.744 £ 0.036
GLCM [45] KNN — 0.596 £ 0.016 0.610 £0.016 0.585 £ 0.009
GLCM+VGG16 [45] SVM - 0.906 £+ 0.016 0.907 £ 0.012 0.906 £ 0.015
GLCM+VGG16 [45] KNN - 0.902 £ 0.012 0.916 £ 0.012 0.907 £ 0.012
Weighted Avg. — — 0.909 £ 0.019 0.907 £ 0.020 0.905 £ 0.022
AlexNet base — 0.868 £ 0.040 0.874 £ 0.036 0.867 £ 0.040
MobileNetv2 base — 0.879 £ 0.020 0.884 £ 0.025 0.877 £ 0.026
ShuffleNetv2 base — 0.876 £ 0.006 0.874 £0.014 0.869 £+ 0.013
EfficientNet base — 0.888 £ 0.028 0.888 £ 0.022 0.885 £ 0.026
AlexNet cosine 0.0 0.872 £ 0.043 0.881 £ 0.037 0.872 £ 0.045
MobileNetv2 cosine 0.0 0.890 £ 0.023 0.900 £ 0.020 0.893 £ 0.023
ShuffleNetv2 cosine 0.0 0.883 £+ 0.025 0.884 £+ 0.022 0.880 £ 0.025
EfficientNet cosine 0.0 0.882 £+ 0.018 0.893 £ 0.021 0.884 £+ 0.021
Ens cosine 0.0 0.906 £ 0.019 0.904 £ 0.022 0.901 £ 0.024
AlexNet histogram 0.0 0.872 £ 0.043 0.881 £ 0.037 0.872 £ 0.045
MobileNetv2 histogram 0.0 0.890 £ 0.023 0.900 £ 0.020 0.893 £+ 0.023
ShuffleNetv2 histogram 0.0 0.883 £ 0.025 0.884 £ 0.022 0.880 £ 0.025
EfficientNet histogram 0.0 0.882 £+ 0.018 0.893 £ 0.021 0.884 £+ 0.021
Ens histogram 0.0 0.906 £+ 0.019 0.904 £ 0.022 0.901 £ 0.024
AlexNet cosine 0.5 0.877 £ 0.034 0.891 £ 0.029 0.881 £+ 0.034
MobileNetv2 cosine 0.5 0.901 £ 0.018 0.909 £ 0.017 0.902 £+ 0.019
ShuffleNetv2 cosine 0.5 0.893 £ 0.033 0.901 £ 0.032 0.893 £ 0.037
EfficientNet cosine 0.5 0.905 £ 0.026 0.914 £ 0.025 0.908 £ 0.026
Ens cosine 0.5 0.910 £ 0.016 0.916 £ 0.017 0.911 £ 0.017
AlexNet histogram 0.5 0.876 £ 0.027 0.885 £ 0.028 0.878 £+ 0.030
MobileNetv2 histogram 0.5 0.900 £ 0.020 0.905 £ 0.020 0.899 £ 0.024
ShuffleNetv2 histogram 0.5 0.902 £ 0.025 0.907 £ 0.021 0.902 £ 0.026
EfficientNet histogram 0.5 0.901 £ 0.018 0.909 £ 0.022 0.902 £ 0.021
Ens histogram 0.5 0.893 £ 0.024 0.902 £ 0.025 0.894 £ 0.028
AlexNet cosine 1.0 0.889 £0.014 0.897 £ 0.017 0.891 £ 0.016
MobileNetv2 cosine 1.0 0.889 £ 0.014 0.897 £0.017 0.891 £ 0.016
ShuffleNetv2 cosine 1.0 0.883 £+ 0.036 0.891 £ 0.027 0.884 £+ 0.034
EfficientNet cosine 1.0 0.906 £+ 0.014 0.915 £ 0.022 0.908 £+ 0.017
Ens cosine 1.0 0.903 £+ 0.017 0.909 £ 0.020 0.904 £+ 0.019
AlexNet histogram 1.0 0.883 £ 0.028 0.892 £ 0.031 0.885 £ 0.031
MobileNetv2 histogram 1.0 0.896 £ 0.021 0.906 £ 0.026 0.899 £ 0.024
ShuffleNetv2 histogram 1.0 0.897 £ 0.027 0.901 £ 0.024 0.897 £ 0.027
EfficientNet histogram 1.0 0.903 £ 0.025 0.910 £ 0.025 0.904 £+ 0.026
Ens histogram 1.0 0.890 £+ 0.018 0.897 £ 0.020 0.890 £ 0.021

Bold entries signify the highest values
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Table 10 A summary of the measured sensitivity, precision, and F scores using weighted averaging when
the frameworks were trained using a weighted cost function

Algorithm Type A SE PREC Fi

GLCM [45] SVM - 0.764 £+ 0.032 0.764 £ 0.037 0.760 £ 0.036
GLCM [45] KNN - 0.654 £ 0.013 0.635 £0.014 0.628 £ 0.013
GLCM+VGG16 [45] SVM - 0.918 £ 0.013 0.919 £0.012 0.918 £ 0.013
GLCM+VGG16 [45] KNN - 0.919 £ 0.012 0.920 £ 0.011 0.918 £ 0.012
Weighted Avg. - - 0.915 £0.019 0.922 £0.014 0.916 £+ 0.018
AlexNet base - 0.879 £+ 0.038 0.886 £ 0.034 0.879 £+ 0.038
MobileNetv2 base - 0.889 £ 0.026 0.898 £ 0.017 0.890 £ 0.024
ShuffleNetv2 base - 0.881 £0.014 0.895 £ 0.010 0.883 £ 0.013
EfficientNet base - 0.898 £ 0.023 0.905 £ 0.024 0.898 £ 0.024
AlexNet cosine 0.0 0.884 £ 0.043 0.892 £ 0.033 0.884 £ 0.042
MobileNetv2 cosine 0.0 0.902 £ 0.023 0.907 £ 0.019 0.902 £ 0.023
ShuffleNetv2 cosine 0.0 0.890 £ 0.025 0.899 £ 0.022 0.891 £ 0.025
EfficientNet cosine 0.0 0.897 £ 0.019 0.904 £ 0.016 0.897 £ 0.018
Ens cosine 0.0 0.912 £ 0.021 0.919 £ 0.015 0.913 £+ 0.020
AlexNet histogram 0.0 0.884 £ 0.043 0.892 £ 0.033 0.884 £ 0.042
MobileNetv2 histogram 0.0 0.902 £ 0.023 0.907 £ 0.019 0.902 £ 0.023
ShuffleNetv2 histogram 0.0 0.890 £ 0.025 0.899 £ 0.022 0.891 £ 0.025
EfficientNet histogram 0.0 0.897 £ 0.019 0.904 £ 0.016 0.897 £ 0.018
Ens cosine 0.0 0.912 £ 0.021 0.919 £ 0.015 0.913 £+ 0.020
AlexNet cosine 0.5 0.892 £+ 0.032 0.898 £ 0.027 0.892 £+ 0.033
MobileNetv2 cosine 0.5 0.912 £ 0.017 0917 £0.014 0.912 £ 0.017
ShuffleNetv2 cosine 0.5 0.904 £ 0.033 0911 £ 0.024 0.904 £ 0.033
EfficientNet cosine 0.5 0.918 £0.023 0.922 £ 0.023 0.918 £0.023
Ens cosine 0.5 0.921 £ 0.016 0.925 + 0.013 0.921 + 0.016
AlexNet histogram 0.5 0.890 £ 0.028 0.895 £ 0.023 0.890 £ 0.028
MobileNetv2 histogram 0.5 0.909 £ 0.022 0.915 £ 0.015 0.909 £ 0.022
ShuffleNetv2 histogram 0.5 0.913 £ 0.023 0.917 £ 0.020 0.913 £ 0.024
EfficientNet histogram 0.5 0.912 £+ 0.020 0.918 £ 0.017 0.912 £+ 0.020
Ens histogram 0.5 0.906 £ 0.026 0.912 £ 0.021 0.906 £ 0.026
AlexNet cosine 1.0 0.886 £ 0.032 0.892 £ 0.028 0.885 £+ 0.034
MobileNetv2 cosine 1.0 0.902 £+ 0.017 0.906 £ 0.016 0.902 £+ 0.017
ShuffleNetv2 cosine 1.0 0.896 £ 0.031 0.903 £ 0.027 0.896 £ 0.031
EfficientNet cosine 1.0 0.919 £ 0.016 0.923 £ 0.016 0.918 £ 0.016
Ens cosine 1.0 0.914 £ 0.018 0.917 £0.018 0.914 £ 0.018
AlexNet histogram 1.0 0.896 £ 0.027 0.901 £ 0.026 0.897 £ 0.027
MobileNetv2 histogram 1.0 0.909 £ 0.024 0.914 £ 0.021 0.909 £ 0.024
ShuffleNetv2 histogram 1.0 0.907 £ 0.026 0.912 £ 0.023 0.908 £ 0.026
EfficientNet histogram 1.0 0.914 £ 0.023 0.919 £ 0.021 0.915 £ 0.023
Ens histogram 1.0 0.902 £ 0.020 0.909 £ 0.014 0.903 £+ 0.019

Bold entries signify the highest values
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M M, M; Avg. Borders

Fig. 11 GRAD-CAM visualizations of the member models of the proposed framework and the average of the
GRAD-CAM heatmaps for a few sample inputs. The ground truth borders of the tumors are highlighted in red

Lastly, it is also important to mention the potential limitations of the frameworks. Even
though the proposed frameworks are sufficiently generic and could potentially be used in other
domains as well, as of now, they have only been validated for the task of image classification.
Furthermore, although the frameworks increase the diversity of the ensemble which can help
in increasing the accuracy, they still rely on the member models. Hence, the architecture
of these members and the quality of the training data all play a significant role in the final
performance of the frameworks. See for example Tables 5, 6, 7 8, 9, and 10, where it can
be clearly seen that older architectures, such as AlexNet perform worse than more modern
architectures such as MobileNetv?2 and EfficientNet for the base models. This difference stays
even after applying our proposed frameworks. That is, ensembles that use the MobileNetv2
and EfficientNet architectures tend to perform better than those that used AlexNet. Therefore,
it is important to carefully choose the architecture of the member models and select the ones
that should be used for solving the given problem. Lastly, if most of the models inside the
ensemble fail to classify a given image, the ensemble naturally will not be able to do so
either. In Fig. 12, we can see a few cases where the ensemble failed to classify the images
correctly. In these cases, there was either no consensus in the predictions or the wrong class
was predicted. For these images, the main reason why the members failed to predict the
correct class labels were likely that the tumors were too small (first, second and fifth image
in Fig. 12), the tumor blended in with the background (third image in Fig. 12), or the image
was to blurry (fourth image in Fig. 12).
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Fig.12 Sample input images that the framework failed to correctly classify (top row) and the tumor boundaries
highlighted in red (bottom row)

5 Conclusions

In our work, we revisited the problem of building state-of-the-art, diverse ensemble models
for the accurate and reliable classification of brain tumors. For our research, we con-
sidered some of the most commonly used, state-of-the-art CNN-based architectures, like
AlexNet, MobileNetv2, ShuffleNetv2, and EfficientNet. Using these base architectures, we
built ensembles that directly maximize the diversity between the member models. We also
compared our experimental results to other works that used the same dataset and traditional
ensemble approaches, like majority voting and averaging the outputs of the models. During
our experiments, we used a publicly available and clinically tested dataset containing MRI
images of some of the most commonly occurring brain tumors, namely meningioma, glioma,
and pituitary tumors. We also showed that this dataset provided an excellent opportunity to
evaluate the performance of each model as it contained five folds of training and test parts
defined by the authors of the dataset.

We showed that we can use the last layers of CNNs and treat them as low-dimensional
vectors in a latent vector space that captures the most important aspects and features of the
given input image and use these vectors to increase diversity inside the ensemble. For this
aim, we first summarized our previous framework using cosine similarity to measure the
similarity between the extracted latent feature vectors of the ensemble members. We detailed
that this framework had several advantages and improvements compared to other widely
used ensemble techniques, such as majority voting or calculating the weighted average of the
outputs of the members of the ensemble. Namely, the proposed framework makes it possible
to train the ensemble members simultaneously and calculate the outputs and gradients for
each member using the same batch, thus decreasing the training time drastically. We also
showed that using this approach, we can actually use the exact same architecture multiple
times inside the ensemble since, by measuring the similarity between the feature vectors,
we can theoretically guarantee that the members will operate on highly dissimilar sets of
features, something that is not measured or guaranteed by other approaches, like majority
voting. Lastly, we also showed that using diversity as a guiding feature for optimization
actually leads to better performance when evaluating the architectures.
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In this paper, we also highlighted some theoretical problems with our previous framework

and showed that these problems can arise in practice as well using some simple datasets,
like MNIST and Medical MNIST. Then, we proposed our new and improved framework
that uses the histogram loss instead of the cosine similarity to overcome these problems.
We detailed the theoretical background of the histogram loss and showed the advantages of
using it. Namely, unlike in the case of cosine similarity, this metric can recognize patterns
and similarities in two vectors even if the order of their similar components is not the same.
We also presented several improved versions of the frameworks that make it possible to
use them even when the member models produce feature vectors with varying sizes and
for imbalanced datasets as well, using a weighted cost function. To prove the effectiveness
of our newly proposed framework, we compared its results with our previous framework
and concluded that the new framework performed remarkably better than the previous one.
We concluded that each variant of the proposed ensembles could solve the task with high
accuracy, sensitivity, precision, as well as Fj score, making them a potential choice for
integrating into a CAD system for reliable detection of brain tumors at their early stages. As
shown in Section 3, our newly proposed histogram-based framework greatly outperformed
both our previous results and the baselines. The best-performing model was the ensemble
containing three MobileNetv2 networks and trained using a A value of 1.0, achieving 92.1%
global accuracy and 93.5%, 94.5%, and 96.3% accuracy for the meningioma, glioma, and
pituitary tumor classes, respectively. The only metric that did not improve when compared
with our previous framework was the accuracy belonging to the glioma class, which may
indicate that the ensemble reached its maximum performance for this particular class and
dataset. Moreover, it also surpassed several other state-of-the-art approaches from the current
literature and the base architectures, achieving more than 92% macro precision, more than
91% macro F score, and over 90% sensitivity, as well as over 92% weighted precision, more
than 92% weighted F; score, and over 92% weighted sensitivity. When using a weighted
cost function, the EfficientNet-based and the hybrid ensemble architectures (constructed of
the MobileNetv2, ShuffleNetv2, and EfficientNet architectures) using the cosine similarity
measure were found to perform the best. The proposed framework also surpassed methods
that relied on multi-step processing of carefully extracted hand-crafted features, showing that
it is possible to reduce the complexity and the time needed to deliver performant and reliable
deep learning-based solutions, further demonstrating its usefulness in practice. Even though
in this work we focused on the task of image classification, the proposed framework can be
used for other tasks as well due to their flexible nature. Therefore, in the future, we plan to
experiment with applying the frameworks for segmentation and object detection as well. We
made the source code of the developed frameworks available at [62].
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