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1. Overview of Deep Learning in Neuroimaging

1.1 Introduction

Over the past few decades, medical imaging techniques, such as computed tomography (CT),
magnetic resonance imaging (MRI), positron emission tomography (PET), mammography,
ultrasound, and X-ray, have been used for the early detection, diagnosis, and treatment of diseases.
In the clinic, mostly human experts such as radiologists and physicians have performed medical
image interpretation. However, given wide variations in pathology and the potential fatigue of
human experts, researchers and doctors have begun to benefit from computer-assisted
interventions. Although the rate of progress in computational medical image analysis has not been
as rapid as that in medical imaging technologies, the situation is exponentially improving with the
introduction of machine learning techniques. Machine learning is a technique for recognizing
patterns that can be applied to medical images. Machine learning begins with computing the image
features that are believed to be of importance in making the prediction or diagnosis of interest [1].
Recently deep learning applications have gained momentum as they do not require any manual
image feature identification and calculation as a first step. Instead the features are identified as part
of the learning process. The unprecedented success of deep learning is mostly due to the following

factors: (a) advances in high-tech central processing units (CPUs) and graphics processing units
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Figure 1: Representation of Single Artificial Neuron
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Figure 2: Artificial Neuronal Network (ANN) with one hidden layer

(GPUs), (b) the availability of a massive amount of data (i.e., big data), and (c) optimizations and
developments in learning algorithms, such as U-net, auto-encoders, and generational adversarial
networks for biomedical image processing [2].

Technically, deep learning can be regarded as an improvement over conventional artificial neural
networks in that it enables the construction of networks with multiple (more than two) layers. An
Acrtificial Neural Network (ANN) is a computational model that is inspired by the way biological
neural networks in the human brain process information. The basic unit of computation in a neural
network is the neuron, often called a node or unit. It receives input from some other nodes or an
external source and computes an output. Each input has an associated weight (w), which is
assigned based on its relative importance to other inputs. The node applies a function f (defined
below) to the weighted sum of its inputs, as shown in Figuresl and 2. The network in Figure 1
takes numerical inputs X1 and X2 and has weights w1l and w2 associated with those inputs.
Additionally, there is another input one with weight b (called the Bias) associated with it. The
feedforward neural network was the first and simplest type of artificial neural network devised. It
contains multiple neurons (nodes) arranged in layers. Nodesfrom adjacent layers
have connections or edges between them. All these connections have weights associated with

them.



Figure 3: Representation of output from Sobel Filter

Convolutional Neural Networks (CNN) are the key resources in deep learning. They are based on
a mathematical operation called convolution. A convolution is just a multiplication of an input
image (which is a matrix) with a kernel (which is another matrix, aka filters) to generate a different
image. In the example in Figure 3, a kernel called a Sobel filter has been applied over the Y-axis.
The output image enhances the borders in the Y-axis (typically, in computer vision, the X-axis
corresponds to the height and the Y-axis to the width). The key advantage of convolutions is that
they produce new images, related to the original one, that enhance different areas of the input.
They are featuarizers, or automatic feature generators. That is the key concept that makes deep
learning so powerful.

A CNN is a neural network with many hidden layers that can use convolutions in any dimension
(1D, 2D or 3D), to generate features hierarchically. The first layer or input layer convolves the
input image to generate another set of images, usually called feature maps, creating a different
representation of the input. The second layer, or first hidden layer, convolves the first feature maps
to generate another set of feature maps, which are representations of the first hidden layer, and so
on until the output layer is reached. Finally, a hierarchical structure is obtained where each layer
contains images that are representations of the previous ones. Using several convolutional layers,
deep neural networks can discover hierarchical feature representations such that higher-level

features can be derived from lower-level features. Because these techniques enable hierarchical
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feature representations to be learned solely from data, deep learning has achieved record-breaking
performance in a variety of artificial intelligence applications and grand challenges

(see https://grand-challenge.org).

1.2 Deep Learning applications in Neuroimaging

Improvements in computer vision prompted the use of deep learning in medical image analysis,
such as image segmentation, lesion detection, image registration, image fusion, image annotation,
computer-aided diagnosis (CADX) and prognosis, and lesion/landmark detection [3]. Possibly the
most widespread application of machine learning-based diagnosis is in neurodegenerative
diseases, where researchers aim to diagnose Alzheimer’s disease or other forms of dementia or
predict conversion from mild cognitive impairment (MCI) to dementia, based on brain MR images
[4-6]. This is likely driven, at least in part, by the public availability of large datasets with
diagnostic labels, such as the Alzheimer’s disease Neuroimaging Initiative (ADNI), Brain Tumor
Segmentation Challenge (BRATS) and Open Access Series of Imaging Studies (OASIS) [7-9].
Most initial deep learning applications in neuroradiology have focused on using computer vision
techniques for detection and segmentation of anatomical structures and the detection of lesions,
such as hemorrhage, stroke, metastases, aneurysms, primary brain tumors, and white matter
hyperintensities. There are other innovative applications of Al in various technical aspects of
medical imaging, including image acquisition, image registration, artifact correction, super-
resolution, and dose reduction [10, 11].

1.3 Challenges in Applying Deep Learning Techniques in Neuroimaging


https://grand-challenge.org/

Deep learning has demonstrated excellent performance in automating several tasks in
neuroimaging. However, there are some significant challenges and limitations. The significant
challenges in applying the ML/DL techniques to the medical image analysis include:

1. Deep learning is an intensely data-hungry technology. It requires a vast number of well-
labeled examples to achieve accurate classification and validate its performance for clinical
implementation.

2. In the medical imaging domain, especially in neuroimaging, acquiring sufficient data for
deep learning model development is a significant challenge. Collaboration between
institutions could address this situation by sharing data. However, sharing medical data
faces various legal, privacy, technical and data-ownership challenges. Several frameworks
and techniques such as cyclic independent and identically distributed and federated
learning between the institutions by passing the deep learning model between institution
without sharing the data are being proposed to overcome such issues [12]

3. The neuroimaging data is mostly three dimensional (3D). Most of the models developed to
date, and successful model architectures are in 2D space. High dimensional neuroimaging
data is associated with memory and computational challenges. This is typically dealt with
using smaller sized extracted patches or using 2D models on 3D data

4. Class imbalances and collecting a lot of data in smaller samples is another significant
problem in medical imaging. Neuroimaging typically has wider datasets with more features
collected on fewer samples than taller datasets, as well as inherentclass imbalances. For
example, in brain tumor studies, there are vastly more normal subjects available than brain
tumor subjects. Ideally, a dataset should have more numbers of samples (subjects) and

fewer but important features (age, head impact exposure) collected on them, creating a



taller problem (more rows and fewer columns). Instead, in medical images such as MRI,
more than a hundred thousand voxels data aree collected in a relative smaller number of
subjects to identify a few hundred abnormal voxels (a wider problem, more columns than
rows). This results in wider data sets with a large number of features collected on only a
few subjects, causing the machine learning algorithms to overfit on the training data. In
such cases, the application of ML algorithms requires feature selection and proper tuning
of the hyperparameters of the model to avoid overfitting so that a model can generalize and
behave the same as it did on training data. Training a complex classifier with a small dataset
always carries the risk of overfitting. Deep learning models tend to fit the data
exceptionally well, but this does not mean that they generalize well. Many studies used
different strategies to reduce overfitting, including regularization, early stopping, and drop
out). Overfitting can be evaluated by the performance of the algorithm on a separate test
data set and by using cross-validation approaches. The algorithm may not perform well on
similar images acquired in different centers, on different scanners, or with different patient
demographics. Larger data sets from different centers are typically acquired in different
ways using different scanners and protocols, with subtly different image features, leading
to poor performance[13]. Overcoming this problem, known as “brittle AL” is an essential
area of research if these methods are to be used widely [10].

. Deep networks are generally regarded as “black boxes” where data is input, and an output
prediction, whether classification or image, is produced [13]. As deep learning algorithms
rely on complicated interconnected hierarchical representation to produce its prediction,

interpreting these predictions becomes very difficult, which has been coined “The Mythos



of Model Interpretability” [14]. Some estimates of the network uncertainly in prediction
would be helpful to interpret better the images produced.
In summary, deep learning is a machine learning method that encompasses supervised,
unsupervised, and semi-supervised learning. Deep learning methods demonstrate robust
performance, often better than humans in various medical imaging applications. However, there
are several challenges associated with the clinical translation of such algorithms. Despite the
promises made by many studies, the reliable application of deep learning for neuroimaging

remains in its infancy, and many challenges remain.

1.4 Dissertation Aims:

The goal of this dissertation is to apply advanced deep learning methods in three distinct domains
of neuroimaging, 1. Exploratory Analyses, 2. Image Synthesis, and 3. Clinical applications in

neuroimaging.

Exploratory Analyses

Machine learning models have been extensively applied in exploratory analyses to identify
functional changes in the brain under various diseased conditions such as Attention
Deficit/Heractivitiy Disorder (ADHD) and Alzheimer’s Disease (AD). However, machine
learning has not been used to infer functional networks in the brain. in this work, wewe developed
a machine learning (ML) based inference methodfor functional MRI data (fMRI). called
BrainNET. We validated the proposed model on ground truth simulation data. BrainNET
outperformed standard correlation methods in terms of accuracy and sensitivity across simulations
and various confounders such as the presence of cyclic connections, and even with truncated fMRI

sessions of only 2.5 min. We evaluated the performance of BrainNET on the open-source “ADHD



200 preprocessed” data from the Neuro Bureau. BrainNET was able to identify significant changes
in global graph metrics between ADHD groups and typically developing children (TDC), whereas
correlation and partial correlation was unable to find any differences. The proposed method
efficiently tackles the overfitting problem and considers each region of interest (ROI) as a separate
feature and each time point as the sample, such that the resulting data has more columns than

features.

Further, we applied BrainNET in an exploratory study to analyze the effects of head impact
exposure (HIE) from subconcussive impacts on youth and high school (ages 9-18) football players
to understand the functional network architecture in the human brain. In this study, we utilized
graph theory, ML and data-driven methods to examine functional changes in the brain over a single
season of American football. This study demonstrates an association between changes in

functional connectivity related to HIE level in youth and high school football.

Image Synthesis

Second, we developed a novel deep learning algorithm to synthesize post gadolinium contrast
images using only non-contrast MR images. In this study, we used novel deep learning approaches
to synthesize T1 post-contrast (T1c) Gadolinium enhancement from non-contrast multi-parametric
MR images (Tlw, T2w, and FLAIR) in patients with primary brain tumors. Two expert
neuroradiologists independently scored the synthesized post-contrast images using a 3-point scale
(1, poor; 2, good; 3, excellent). The predicted T1lc images demonstrated structural similarity,
PSNR, and NMSE scores of 95.62 37.8357, and 0.0549, respectively. Our model was able to
synthesize Gadolinium enhancement in 92.8% of the cases. Specific advantages of our strategy

included the use of a more diverse dataset through the BRATS dataset. While introducing more



heterogeneity to the training dataset, this environment also enhances the generalizability of the
trained networks. Further, standard preprocessing applied to all the data acquired with different
clinical protocols and various scanners from multiple institutions make this approach useful for
generalizing automated approaches across institutions, when differences in hardware and software

can significantly alter image representations.

Clinical Applications

Finally, we developed DL algorithms to aid clinical applications of neuroimaging in identifying
genetic mutation status in brain tumor patients and segmenting brain tumors with state-of-the-art
results. For brain tumor segmentation, we developed multiple 2D and 3D segmentation models
with multiresolution input to segment brain tumor components and then ensemble them to obtain
robust segmentation maps. Ensembling reduced overfitting and resulted in a more generalized
model. Multiparametric MR images of 335 subjects from the BRATS 2019 challenge were used
for training the models. Further, we tested a classical machine learning algorithm with features
extracted from the segmentation maps to classify subject survival range. Preliminary results on the
BRATS 2019 validation dataset demonstrated excellent performance with DICE scores of 0.898,
0.784, 0.779 for the whole tumor (WT), tumor core (TC), and enhancing tumor (ET), respectively.
The Ensemble of multiresolution 2D networks achieved 88.75%, 83.28%, and 79.34% dice for
WT, TC, and ET, respectively, in a test dataset of 166 subjects. For brain tumor IDH mutation
classification, we proposed an automated pipeline with minimal preprocessing and tested several
state-of-the-art deep learning algorithms to predict IDH status noninvasively using deep learning

and T2-weighted (T2w) MR images

The specific aims of the dissertation research are presented below:



Develop a machine learning based fMRI network inference method

Investigate the effect repetitive subconcussive head impact on youth and high school
football players using data-driven and machine learning methods

Develop a deep learning method to synthesize post gadolinium contrast images with only
using non-contrast images

Develop deep learning methods to achieve state-of-the-art brain tumor segmentation results

Apply state of the art deep learning algorithms to classify brain tumor IDH mutation status

1.5 Overview of Thesis

This document is an article-based dissertation with chapters 2-6 being referred to conference,

journal and in preparation articles fulfilling the aims set out.

Chapter 1: Overview of deep learning applications in neuroimaging is discussed along
withthe challenges in applying such algorithms for clinical translation. Finally, a summary
of contributions is provided with an overview of the dissertation.

Chapter 2: A detailed description of a novel machine learning based fMRI network
inference method called BrainNET is discussed based on the paper published in the Brain
Connectivity Journal (2020)

Chapter 3: A data-driven and machine learning based exploratory approach to identify
changes in functional connectivity in the brains of young football players subjected to
repetitive head impact exposure is discussed.

Chapter 4. A novel deep learning approach to synthesize T1 post-contrast (T1c)
Gadolinium enhancement from non-contrast multi-parametric MR images (T1w, T2w, and

FLAIR) in patients with primary brain tumors is discussed in this chapter.
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Chapter 5: We developed ensemble deep learning algorithms of using multiple resolutions
and multidimensional, deep learning algorithms in a clinical application to segment brain
tumor into its sub-components with state of the art results.

Chapter 6: We utilized several state of the art deep learning algorithms in a clinical

application to predict IDH mutation status using T2w MRI alone.
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2.1 Abstract

Background: To develop a new fMRI network inference method, BrainNET, that utilizes an
efficient machine learning algorithm to quantify contributions of various regions of interests
(ROIS) in the brain to a specific ROI.

Methods: BrainNET is based on Extremely Randomized Trees (ERT) to estimate network
topology from fMRI data and modified to generate an adjacency matrix representing brain network
topology, without reliance on arbitrary thresholds. Open source simulated fMRI data of fifty
subjects in twenty-eight different simulations under various confounding conditions with known
ground truth was used to validate the method. Performance was compared with correlation and
partial correlation (PC). The real-world performance was then evaluated in a publicly available
Attention-deficit/hyperactivity disorder (ADHD) dataset including 134 Typically Developing
Children (mean age: 12.03, males: 83), 75 ADHD Inattentive (mean age: 11.46, males: 56) and 93
ADHD Combined (mean age: 11.86, males: 77) subjects. Network topologies in ADHD were
inferred using BrainNET, correlation, and PC. Graph metrics were extracted to determine
differences between the ADHD groups.

Results: BrainNET demonstrated excellent performance across all simulations and varying
confounders in identifying true presence of connections. In the ADHD dataset, BrainNET was able
to identify significant changes (p< 0.05) in graph metrics between groups. No significant changes

in graph metrics between ADHD groups was identified using correlation and PC.

Keywords—Brain, Connectivity Analysis, fMRI, Machine Learning.
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2.2 Introduction

The brain is a complex interconnected network that balances segregation and specialization of
function with strong integration between regions, resulting in complex and precisely coordinated
dynamics across multiple spatiotemporal scales [15]. Connectomics and graph theory offer
powerful tools for mapping, tracking, and predicting patterns of disease in brain disorders
through modeling brain function as complex networks [16]. Studying brain network organization
provides insight in understanding global network connectivity abnormalities in neurological and
psychiatric disorders [17]. Several studies suggest that pathology accumulates in highly
connected hub areas of the brain [18, 19] and that cognitive sequelae are closely related to the
connection topology of the affected regions [20]. An understanding of network topology may
allow prediction of expected levels of impairment, determination of recovery following an insult
and selection of individually tailored interventions for maximizing therapeutic success [21]. A
large number of network inference methods are being used to model brain network topology
with varying degrees of validation. A recent study [22] evaluated some of the most common
methods, including correlation, partial correlation, and Bayes NET, to infer network topology
using simulated resting state functional magnetic resonance images (fMRI) data with known

ground truth and found that performance can vary widely under different conditions.

Development of statistical techniques for valid inferences on disease-specific group differences
in brain network topology is an active area of research [23, 24]. Machine learning methods have
been used in neuroimaging for disease diagnosis and anatomic segmentation [25, 26]. Brain
Network Construction and Classification (BrainNetClass) and GraphVar toolboxes provide a full

pipeline from network construction to classification. BrainNetClass comprise various fMRI
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network inference methods such as correlation, partial correlation, and higher-order functional
connectivity for brain network inference followed by feature extraction for machine learning
model development and testing [27, 28]. Very few studies have attempted to apply machine
learning methods on direct time series of fMRI to infer brain networks [25, 29-31]. Recent work
in machine learning approaches for inference of Gene Regulatory Networks (GRN) has
demonstrated excellent performance [32-34]. Interestingly, these same approaches to gene
regulatory networks can be used to infer brain networks. In this study, we describe a new
network inference method called BrainNET, inspired by machine learning methods used to infer

GRN [35].

Yan et al. devised a bidirectional Long Short-Term Memory (LSTM) deep learning network (Full-
BiLSTM) to effectively learn the periodic fMRI brain status changes using both past and future
information for each brief time segment. They then fused them to form the final output by taking
a dynamic functional connectivity matrix calculated using the sliding window approach as input.
[36]. Higher-order functional connectivity was developed by Chen et al., by taking dynamic
relations between the brain regions to infer network topology [37]. Yu et al. proposed a novel
method using connectivity weighted sparse representation to construct optimal brain functional
networks from rs-fMRI data. The method has taken advantage of both Pearson's correlation and
sparse representations, which are the two most commonly used brain network modeling
approaches. This ensures the construction of more biologically meaningful brain networks by a
unified framework that integrates connectivity strength, group structure, and sparsity. Yu et al.
used l1-norm regularized linear regression or sparse representation (SR) [38], which learns a

linear relationship while BrainNET considers the non-linear relationships. The above mentioned
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Figure 4: Schematic overview of the BrainNET model. For N nodes in fMRI data (X), each node will have m
time points such that X = { x;, x5, x3, x4, ...., Xy }, Where X; is the vector representation of m time points
measured asx; = (x}, xZ, x, xt, ..., x!™T. Each node’s time series (xn) is predicted from all other nodes
time series (X.n) using the ERT regressor. Node Importance of each node for predicting the target node are
extracted and populated in the importance matrix. The average of the upper and lower triangle of the matrix is

thresholded at (1/Num of Nodes) to obtain an adjacency matrix representing the network topology

methods, including BrainNetClass and GraphVAR focus on using machine learning methods for
computer-aided diagnosis by predicting the cognitive metrics or classifying a group of the

subjects, whereas BrainNET uses machine learning for inferring the networks directly.

Validation of BrainNET was performed using fMRI simulations with known ground, as well as in
real-world ADHD fMRI datasets. In this study, publicly available resting state fMRI simulated data
[22] was used to validate BrainNET’s ability to infer networks. The real-world performance of
BrainNET was then evaluated in a publicly available data set of Attention-deficit/hyperactivity
disorder (ADHD). ADHD is one of the most common neurodevelopmental disorders in children
with significant socioeconomic and psychological effects [39, 40].1t can be difficult to diagnose
due to the overlapping nature of symptoms, with resultant diagnostic errors and over-prescribing

of medications due to misdiagnosis [41]. ADHD has widespread but often subtle alterations in
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multiple brain regions affecting brain function [42, 43]. Neuro Bureau, a collaborative
neuroscience forum, has released fully processed open source fMRI data “ADHD-200
preprocessed” from several sites [44, 45] providing an ideal dataset to test the BrainNET model
and compare its performance with standard correlation and partial correlation (PC), which is the

most widely used methodology to infer brain networks using fMRI data.

2.3 Materials and Methods

2.3.1 Datasets

2.3.1.1 MRI Simulation Data

Open source rs-fMRI simulation data representing brain dynamics was used to validate the
BrainNET model [22]. The data were simulated based upon the dynamic causal
modeling fMRI forward model, which uses the non-linear balloon model for vascular dynamics,
in combination with a neural network model [22]. The open source dataset has 28 simulations;
each including simulated data for 50 subjects with a varying number of nodes and several
confounders (e.g., shared input between the nodes, varying fMRI session lengths, noise, cyclic
connections and hemodynamic lag variability changes). Additional details on the simulations can

be found in the original study [22] (Table I).

ADHD data: Preprocessed rs-fMRI data were obtained from the ADHD-200 database (http://fcon
1000.projects.nitrc.org/indi/adhd200/). IRB approval is not required for de-identified data
received from an open repository. Seven different sites contributed to the ADHD-200 database

for 776 rs-fMRI data acquisitions. The data were preprocessed using the Athena pipeline and was
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provided in 3D NifTl format. Additional information on the Athena pipeline and “ADHD 200

preprocessed” data is detailed by Bellec et al [44].

In our study, subjects identified with ‘No Naive medication’ status, or questionable quality on rs-
fMRI data were excluded. The remaining subjects were age-matched between the groups
resulting in 135 Typically Developing Children (TDC) (mean age: 12.00, males: 83), 75 ADHD
Inattentive (ADHD-I) (mean age: 11.46, males: 56) and 93 ADHD Combined (ADHD-C) (mean age:
11.86, males: 77) subjects. Mean time series from 116 ROI’s in the AAL atlas [46] were extracted

using the NILEARN package [47].

2.3.2 BrainNET Model Development

The objective of BrainNET is to infer the connectivity from fMRI data as a network with N different
nodes in the brain (i.e., ROI's), where edges between the nodes represent the true functional
connectivity between nodes. At each node, there are measurements from m time points X =

{ x1, %3, X3, %4, ...., Xy }, Where xi is the vector representation of m time points measured as
4 mNT
i )"

X

Our method assumes that fMRI measurement of BOLD (Blood Oxygen Level Dependent)
activation at each node is a function of each of the other nodes’ activation with additional

random noise.

For the jt" node with m time points, a vector can be defined denoting all nodes except the j® node

as
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— ith
X_j = (xl,xz, Xj—1) Xjg1) -0 XN ), then the measurements at the j* node can be represented

as a function of other nodes as

where §j is random noise specific to each nodej. We further assume that function fj () only
exploits the data of nodes in x-j that are connected to nodej. The function fj () can be solved in
various ways in the context of machine learning. Since the nature of the relationship between
different .ROIs in the brain is unknown and expected to be non-linear [48], we choose a tree
based ensemble method as it works well with a large number of features with non-linear
relationships and is computationally efficient. We utilized Extremely Randomized Trees (ERT), an
ensemble algorithm similar to Random Forest, which aggregates several weak learners to form a
robust model. ERT uses a random subset of predictors to select divergences in a tree node and
then selects the “best split” from this limited number of choices [49]. Finally, outputs from
individual trees are averaged to obtain the best overall model [50]. BrainNET infers a network
with N different nodes by dividing the problem into N different sub problems, and solving the

function fj () for each node independently as illustrated in Figure 4. The steps are listed below:
Forj=1to N nodes

e Fitthe ERT regressor with all the nodes data, except the j™ node, to find the function f; that

minimizes the following mean squared error:
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e Extract the weight of each node to predict node j,

) w. ifn #j
WG = {0 )

where wn is the weight of node to predict node jand n=1 to N.

e Append the weights values to the Importance matrix

The importance score for each node (Node;j) to predict (Node;) is defined as the total decrease in
impurity due to splitting the samples based on Node; [49]. GINI index is used here as the measure
of impurity. Let “S” denote a node split in the tree ensemble and let (S, Sr) denote it's left and
right children nodes. Then, the decrease in impurity Almpurity(S) from node split “S” based on

Node; to predict Node; is defined as

Almpurity(S;;) = Impurity(S) - (N;/Np) * Impurity (S;) — (Ng/Np) * Impurity (Sg)

where, S. and Sr are left and right splits and Np, N, Nr are number of samples reaching parent,
left and right nodes respectively. Let Vk be the number of ensembles, which uses ROI; for splitting

trees. Then, the importance score for Node;
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for predicting Node; is calculated as the average of node impurities across all trees, i.e.

Importance of ROIj;

I(i,j) = YcevkAlmpurity (S;;)/T

where T is the number of trees in the ensemble.
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Figure 5: Comparison of BrainNET using ERT, RF and LASSO algorithms to infer brain network topology. Accuracy
(Left), Sensitivity (Middle) and Specificity (Right) for BrainNET using Extremely Randomized Trees (ERT), Random
Forest (RF), and LASSO (L1) algorithms on symmetrized and non-symmetrized importance matrices. ERT and RF
performed similar and better than linear LASSO method. The performance is similar between the symmetrized

(ERT_Sym, RF_Sym, RF_Sym) and non-symmetrized matrices for each of the methods.
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Table 1: Simulations and corresponding confounders

Simulation Nodes sfel\s/;iF;In TR NS ise HRF std Other factors
length (min) (%) dev (s)

1 5 10 3 1 0.5

2 10 10 3 1 0.5

3 15 10 3 1 0.5

4 50 10 3 1 0.5

5 5 60 3 1 0.5

6 10 60 3 1 0.5

7 5 250 3 1 0.5

8 5 10 3 1 0.5 shared inputs

9 5 250 3 1 0.5 shared inputs

10 5 10 3 1 0.5 global mean confound
bad ROls (time series

1 10 10 3 1 0.5 mixed with( each other)

2 J | 10 3 1| 05 e seris mixed )

13 5 10 3 1 0.5 backwards connections

14 5 10 3 1 0.5 cyclic connections

15 5 10 3 0.1 0.5 stronger connections

16 5 10 3 1 0.5 more connections

17 10 10 3 0.1 0.5

18 5 10 3 1 0

19 5 10 025 01 0.5 neural lag = 100 ms

20 5 10 025 0.1 0 neural lag = 100 ms

21 5 10 3 1 0.5 2-group test

22 5 10 3 0.1 0.5 Non stationary connection strength

23 5 10 3 0.1 0.5 stationary connection strength

24 5 10 3 | 01 05 only one fg&;‘f

25 5 5 3 1 0.5

26 5 2.5 3 1 0.5

27 5 2.5 3 0.1 0.5

28 5 5 3 0.1 0.5
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Table 2. Sensitivity, Specificity, Accuracy, and C-sensitivity for each inference method across simulations. Optimum
thresholds (with highest performance calculated using simulated data) were used for PC and correlation. The
BrainNET threshold was set to [1/number of nodes]. No thresholds were used for C-sensitivity, which is a measure
of fraction of true positives that are estimated with a higher connection strength than the 95th percentile of the false
positive distribution.

Sensitivity Specificity Accuracy C-Sensitivity
Simulation { Corr PC BN Corr PC BN Corr PC BN Corr PC BN
1 0.97 1.00 0.99 0.96 0.90 0.89 0.97 0.98 0.97 0.85 0.98 0.90
2 0.94 0.99 0.96 0.99 0.87 0.93 0.94 0.98 0.96 0.48 0.96 0.90
3 0.95 1.00 0.95 0.95 0.80 0.92 0.95 0.98 0.95 0.68 0.92 0.87
4 1.00 1.00 0.92 0.68 0.59 0.95 0.99 0.99 0.92 0.91 0.88 0.90
5 0.96 1.00 1.00 1.00 1.00 0.97 0.97 1.00 0.99 1.00 1.00 1.00
6 0.99 1.00 1.00 1.00 1.00 0.99 0.99 1.00 1.00 1.00 1.00 1.00
7 1.00 1.00 1.00 1.00 1.00 0.97 1.00 1.00 0.99 1.00 1.00 1.00
8 0.75 0.90 0.95 1.00 0.90 0.81 0.80 0.90 0.93 0.06 0.47 0.67
9 0.75 0.90 0.96 1.00 1.00 0.88 0.80 0.92 0.95 0.00 0.20 0.78
10 0.78 0.99 0.98 1.00 1.00 0.94 0.83 0.99 0.97 0.91 1.00 0.94
11 0.80 0.93 0.93 1.00 0.79 0.73 0.82 0.91 0.91 0.18 0.01 0.12
12 0.93 0.99 0.96 0.95 0.77 0.93 0.93 0.96 0.95 0.74 0.84 0.86
13 1.00 1.00 0.95 0.00 0.20 0.86 0.80 0.84 0.93 0.24 0.24 0.72
14 0.79 0.93 0.95 1.00 1.00 0.88 0.82 0.94 0.94 0.10 0.35 0.48
15 0.75 1.00 0.98 1.00 1.00 0.86 0.80 1.00 0.95 0.65 1.00 0.87
16 0.94 1.00 0.98 0.96 0.86 0.75 0.95 0.96 0.92 0.42 0.81 0.81
17 0.92 0.99 0.98 1.00 0.99 0.95 0.93 0.99 0.98 0.69 0.99 0.96
18 0.99 1.00 0.99 1.00 0.94 0.91 0.99 0.99 0.98 1.00 1.00 0.91
19 0.85 1.00 1.00 0.80 0.80 0.91 0.84 0.96 0.98 0.80 0.80 0.96
20 0.85 1.00 1.00 0.80 0.80 0.91 0.84 0.96 0.98 0.80 0.80 0.98
21 0.97 1.00 0.98 0.96 0.90 0.89 0.97 0.98 0.96 0.85 0.98 0.88
22 0.99 0.95 0.99 0.20 0.31 0.84 0.83 0.82 0.96 0.20 0.26 0.81
23 0.75 0.96 0.92 1.00 1.00 0.88 0.80 0.97 0.91 0.60 1.00 0.63
24 0.75 0.90 0.85 1.00 1.00 0.79 0.80 0.92 0.84 0.57 0.82 0.36
25 0.92 0.98 0.94 0.84 0.75 0.83 0.91 0.93 0.92 0.44 0.71 0.72
26 0.98 1.00 0.93 0.35 0.41 0.79 0.86 0.88 0.90 0.55 0.59 0.61
27 0.90 0.96 0.96 0.85 0.80 0.82 0.89 0.93 0.93 0.59 0.76 0.76
28 0.92 0.98 0.98 0.90 0.89 0.87 0.91 0.96 0.95 0.43 0.84 0.88
Average 0.90 0.98 0.96 0.86 0.83 0.88 0.89 0.95 0.95 0.60 0.76 0.80
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Table 3. Comparison of Extremely Randomized Trees (ERT), Random forest and LASSO performances in inferring
brain network topology using simulation

Accuracy Sensitivity Specificity
Extremely 94.83 96.71 86.91
Randomized Trees
Random Forest 94.59 95.88 89.25
LASSO 84.87 82.45 97.00

The importance of each node to predict all other node time series is extracted from the model and an NxN

(where N is the number of nodes) importance matrix is generated with the diagonal equal to zero. Each

row of the importance matrix represents normalized weights of each node in predicting the target node.

The extracted adjacency matrix is affected in two ways. First, due the row-wise normalization, the upper

triangular values of the importance matrix are not same as the lower triangle values. We therefore take

the average of the upper triangle and the lower triangle of the matrix to make it symmetric to determine

the presence of connection between to the nodes.
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Figure 6: Sensitivity analysis for correlation and partial correlation. Average sensitivity (true positive rate) and

specificity across 28 simulations for the correlation and PC method is plotted as a function of threshold ranging

between zero to one hundred percent. Optimum threshold is found using simulation ground truth at 20% and 16%

for correlation and PC respectively.
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This procedure does not allow directionality of the connections to be determined. The
comparison between ERT, Random forest and base line LASSO in inferring network topology with
the lower and upper triangle, averaged (symmetrized) and non-averaged (non-symmetrized), is
provided in Fig.5 (Table.3) Second, again because of the row-wise normalization, the sum of each
row in the importance matrix is one. Since the importance values are normalized with respect to
number of nodes in the analysis, we used a threshold that is inversely proportional to the number
of nodes (i.e., threshold = 1/number of nodes) in the network to produce a final adjacency matrix
representing the network topology. The selection of threshold is not based on statistical theory
and it is not made to keep the FPR below a nominal level, but it results in a dynamically changing

threshold based on the number of nodes in the network.

2.3.3  Analysis

2.3.3.1 Evaluation of inference methods on simulation data

2.3.3.1.1 Evaluation of inference methods on simulation data using C-sensitivity

The network topology was inferred using BrainNET, correlation and PC. The network topology
inferred by correlation and PC method may vary drastically based on the values used to threshold
connectivity matrix. Hence, we evaluated the ability of the inference methods based on
BrainNET, correlation and PC to detect the presence of connection between the nodes in terms
of c-sensitivity. C-sensitivity quantifies how well the true positives (TP) are separated from the
false positives (FP) by measuring the fraction of TPs that are estimated with a higher connection
strength than the 95th percentile of the FP distribution. C-sensitivity is a measure of success in

separating true connections from false positive connections and it is calculated by counting
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number of true positive above 95th percentile of false positives and then divided by total number

of true positives [22].

Effects of simulation parameters such as TR (repetition time), number of nodes, noise, HRF
(Hemodynamic Response Function) standard deviation, shared inputs, bad ROl’s (Region of
Interest), backward, strong and cyclic connections and strong inputs on c-sensitivity of the
inference methods were evaluated using mixed-effects model with a random effect for the
simulation to control for the effect of the specific generating model. The mixed-effects models
were fit across subjects under different simulations to analyze the effects of simulation
parameters on C-sensitivity of the inference methods. The parameter estimates from each

regression were then summarized across subjects in terms of their effect size [22].

2.3.3.2 Evaluation of inference methods on simulation data using threshold

Thresholding can be applied to suppress spurious connections that may arise from measurement noise
and imperfect connectome reconstruction techniques and to potentially improve statistical power and
interpretability [21]. However, based on the threshold value, the connection density of each network
inferred by correlation and PC may vary from network to network after the threshold has been applied.
Using a less stringent lower threshold values results higher false positive values (lower sensitivity) and
more stringent threshold results in higher false negatives (lower specificity). This can lead to wide
variability in computed graph metrics, as they are typically susceptible to the number of edges in a graph.

Identifying an appropriate threshold to infer the underlying brain network topology is critical.

Hence, we evaluated the specificity, sensitivity and accuracy of correlation and PC under varying
thresholds. The results show that the network topology inferred using correlation and PC method may

vary drastically based on the threshold values (Fig.6). An optimum threshold for correlation methods can
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be very difficult to find in real life experimental data. However, given the ground truth for the simulation
data we calculated the optimum threshold values for the correlation methods and compared their
performance at optimum threshold with BrainNET. The optimal thresholds are defined where the
correlation and PC methods performed with the best sensitivity and accuracy. It is important to note that
BrainNET is not optimized on this simulation data and the threshold is based on the number of nodes
inferred in the network. Specificity, sensitivity and accuracy of correlation and PC at threshold values of
30% (Corrsg, PC30) and optimum (Corropt, PCopt) Values are estimated and compared with BrainNET. We
further evaluated the specificity, sensitivity and accuracy of the Corropt and PCopt with BrainNET for each
simulation. Similar to the C-sensitivity, we calculated the effect of simulation parameters on sensitivity

and specificity of BrainNET, Corropt and PCopt.
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Figure 7: Evaluation of inference methods under varying thresholds. Boxplots of Accuracy (Left), Sensitivity (Middle)
and Specificity (Right) across 28 simulations for correlation and PC for optimum and thirty percent threshold (Corropt,
Corr30, PCopt and PCsy), and BrainNET. ‘*’ represents statistically significant differences from BrainNET

performance.
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2.3.4 Evaluation of inference methods on ADHD data

BrainNET, correlation and PC was applied to the real-world ADHD data to evaluate whole brain
network changes in ADHD subtypes (i.e., ADHD-Combined (ADHD-C), ADHD Inattentive (ADHD-I)
compared to Typically Developing Children (TDC). Mean time series from 116 ROI’s in the AAL
atlas [46] were extracted using the NILEARN package [47]. The BrainNET model was applied to
extract an importance matrix for each subject. The importance matrix was then thresholded at
1/number of nodes (e.g., 1/116 for the AAL atlas regions) to obtain an adjacency matrix for each
subject (BN). Functional Network connectivity was calculated between the 116 ROIls using
correlation and PC. The connectivity matrices are thresholded at a threshold of 20% and 30%
(Corrzo, Corrsg, PCy0, and PC30) (No optimum threshold for real world experimental data). Graph
theoretic metrics were extracted using each of these methods for each group. Network
differences between the three groups TDC, ADHD-I and ADHD-A were then computed using t-
tests on the graph metrics. Site effects and effects of age and handedness were removed using
the Combat multi-site harmonization method [51], an effective harmonization technique that
removes both unwanted variation associated with the site and preserves biological associations

in the data [52].

Graph Metrics: Graph theoretical metrics representing global and local characteristics of network
topology were used to compare between the groups in the ADHD dataset. The GRETNA MATLAB
toolbox (v2.0,https://www.nitrc.org/projects/gretna/) was used to extract additional graph
theoretical metrics including shortest path length, global network efficiency, and betweenness
centrality[53]. The Networkx package in python was used to extract the graph theoretical

metrics, including Density, Average Clustering Coefficient and Characteristic Path length [54].
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Two sample t-tests between groups were performed using the GRETNA toolbox. Bonferroni

multiple comparisons correction was applied with statistical significance set at p <.05.

Node Metrics: The Nodal Shortest Path Length (NSPL) is defined as the shortest mean distance
from a particular node to all other nodes in the graph. Shorter NSPL represents greater
integration[15]. The Betweenness Centrality (BC) measures a node's influences in information
flow between all other nodes [55]. BC quantifies the influence of a node and is defined as the

number of shortest paths passing through it.

Global Metrics: Network Efficiency is a more biologically relevant measure representing the
ability of the network to transmit information globally and locally. Networks with high efficiency,
both globally and locally, are said to be economic small world networks. [56]. The density of the
graph is defined as the ratio of number of connections in the network to the number of possible
connections in the network. Average Clustering is the fraction of a node's neighbors that are
neighbors of each other. The clustering coefficient of a graph is the average clustering coefficient
(ACC) over all nodes in the network. Networks with high clustering coefficient are considered
locally efficient networks. Characteristic Path length (CPL) is the average shortest path length
between nodes in the graph, with a minimum number of edges that must be traversed to get
from one node to another. CPL indicates how easily information can be transferred across the

network [15].

2.4 Experimental Results

2.4.1 Simulation Data

2.4.1.1 Evaluation of inference methods using C-sensitivity
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BrainNET performed significantly better than correlation (p<0.001) and equivalent to partial
correlation (p > 0.05) methods with c-sensitivity of 79.53%, 59.82% and 75.75% respectively

across 28 simulations (Fig.8A) (Table. 2).

The study on effect of simulation parameters on the c-sensitivity of inference methods showed
that increasing the number of nodes and session duration doesn’t have much effect on any of
the inference methods (Fig.8B). Having shared inputs between the nodes affected the correlation
and PC method more drastically than BrainNET method. Selection of bad ROIs with mixed time
series between them affected all the inference methods negatively, however selection of bad
ROIs with randomly random time series mixed between them did not affect the inference
methods drastically. Presence of cyclic and backward connection between the nodes affected
the correlation and PC methods but not BrainNET. The presence of only one strong input affected
the performance of BrainNET method but not the other methods. In summary, BrainNET
performance was robust under various confounding factors but prone to selection of inaccurate
ROIs with mixed time series between them and networks with only one strong input. Both PC
and correlation methods were affected by shared inputs between the nodes, selection of

inaccurate ROIs, backward, cyclic and stationary-nonstationary connections between the nodes
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Figure 8: C-sensitivity. Boxplots of c-sensitivity for BrainNET, correlation and partial correlation (PC) (left). The
effects of different simulation parameters on the C-sensitivity, sensitivity and specificity of inference methods using
mixed effects model. The colorbar represents effect size of each simulation parameter on the c-sensitivity, sensitivity

and specificity of inference methods (right).

2.4.1.2 Evaluation of inference methods using threshold

The accuracy, sensitivity, and specificity for each method across all 28 simulated data sets were
estimated at thresholds of 30% and at optimum value for correlation and PC, and at threshold of
1/number of nodes for BrainNET (Fig.7). BrainNET achieved higher accuracy and specificity at
threshold at 30% compared to the Corrsp and PC3p method as shown in Fig.7. PCopt achieved
slightly higher accuracy than BrainNET across 28 simulations, but no significant difference in
terms of specificity and accuracy even at it optimum (p>0.05) (Fig.7). As expected the specificity
and sensitivity of correlation and PC methods varies with threshold and it will be difficult to find
an optimum threshold in a real life dataset. BrainNET showed more robust performance with

little variance across the simulation compared to other methods (Fig.9).
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The study on effect of simulation parameters on sensitivity and specificity after threshold for
BrainNET, PCopt and Corropt, Showed that the sensitivity of the inference methods doesn’t get
affected by the simulation parameters. The specificity of the correlation and PC methods were
negatively affected even at their optimum threshold in the presence of backward connections. It
is important to note that specificity and sensitivity were calculated after we thresholded the
connectivity matrices from each of these methods (1/ number of nodes for BrainNET and
optimum threshold for others). After the threshold, BrainNET’s performance became robust and

consistent across all the simulation parameters.
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Figure 9: Comparison of Correlation (Corropt) and partial correlation (PCopt) at their optimum threshold to
BrainNET. Accuracy (Left), Sensitivity (Middle) and Specificity (Right) for correlation, BrainNET and PC for 28
simulations. Sensitivity, specificity and accuracy are all robust across different simulation cases, while PC and

correlation methods show fluctuations even with their optimal threshold for functional connectivity.
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2.4.2 Evaluation of inference methods on ADHD data

BrainNET was able to identify significant changes (p < 0.05) in global network efficiency, network
density, characteristic path length, betweenness centrality and shortest path in the ADHD data.
Correlation and PC was not able to detect significant changes in any of the whole-brain analyses

(Corr2o, Corrso, PCa0, and PCzo).

TDC and ADHD: Statistical analysis of the BrainNET adjacency matrix demonstrated a significant
decrease in global Network efficiency, an increase in CPL and an increase in the shortest path
length in the right medial temporal gyrus in ADHD compared to TDC (Fig.11A). While the analysis
of the correlation adjacency matrix did not show any significant changes, the PC3o demonstrated
a trending increase in CPL in ADHD compared to TDC (p=0.07). Betweenness centrality and Node

level local efficiency did not show any changes between the groups in any of the three methods.
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Figure 10: Global graph metrics. The probability density functions and boxplots of global graph metrics with
significant changes (p<0.05) between the groups, ADHD (both ADHD-1 and ADHD-C), ADHD-1, ADHD-C and TDC.
CPL — Characteristic Path Length.

TDC and ADHD-I: Statistical analysis of the BrainNET adjacency matrix demonstrated a significant
decrease in global network efficiency, a decrease in density, an increase in CPL and an increase
in shortest path length in the right superior orbital right, right heschl’s gyrus and right medial
temporal gyrus nodes in the ADHD-I group compared to TDC (Fig.11A). The correlation method
did not show any relation between the groups. No relationship was found in other graph metrics

studied in any of the methods.

TDC and ADHD-C: Statistical analysis of the BrainNET adjacency matrix demonstrated a significant
decrease in density. No significant relation was found in any other graph metrics for any of the

three methods.
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ADHD-I and ADHD-C: Statistical analysis of the BrainNET adjacency matrix demonstrated a
significant decrease in global network efficiency, a decrease in density, an increase in CPL, an
increase in shortest path length of the right olfactory node (Fig.11A). A significant increase in
betweenness centrality of the right precuneus node in the ADHD-I group compared to ADHD-C
was observed for both BrainNET (Fig.11B). No relationship was found in other graph metrics

studied for any of the methods.
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Figure 11: Node level graph metrics. Nodes with significant increases in NSPL in ADHD-I compared to ADHD-C
(orange) and in ADHD-I compared to ADHD-C (red) are plotted in the left. Nodes with significant increases in

betweenness centrality in ADHD-I compared to ADHD-C are plotted on the right.

2.5 Discussion

BrainNET was developed to infer brain network topology using ERT [57]. The ERT regressor is
used to develop a tree based ensemble model to predict each node’s time series from all other
node time series. The tree based ensemble methods are ideal for inferring complex functional
brain networks as they are efficient in learning non-linear patterns even where there are alarge

number of features [58]. The importance matrix is then thresholded to generate an adjacency
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matrix representing the fMRI topology. The BrainNET model is applicable to both resting-state
and task-based fMRI network analysis. It can be easily adapted to datasets with varying session
lengths and can be used with different parcellation schemes. A unique feature of the BrainNET
approach is that it is implemented at the subject level. It does not need to be trained on big

datasets as it infers the network topology based on each individual subject’s data.

2.5.1 BrainNET Inference of Network Topology in Simulated fMRI Data

2.5.1.1 Evaluation of inference methods using C-sensitivity

BrainNET demonstrated excellent performance across all the simulations and varying
confounders. It achieved significantly higher c-sensitivity than correlation (p<0.05) and
equivalent to PC (p=0.38) (Fig.8A). BrainNET performance remained high in the simulations
across varying session lengths, number of nodes, neural lags, cyclic connections, and changing
number of connections. BrainNET performed weakest in simulations with one primary strong
external source around the network. This causes every node to be highly correlated with other
nodes and it becomes very difficult to distinguish direct from indirect connections [22]. It is
important to highlight that this kind of one strong external input just for one node is highly
unlikely in real life scenarios. BrainNET, similar to PC and correlation methods, was affected by
selection of bad ROI’s with time series mixed between them. In this simulation, there are 10
nodes, and each node shares a relatively small amount of the other node time series in a
proportion of 0.8:0.2. Since the features have shared data between the nodes in this simulation,
it limits discrimination of true connectivity between nodes. The leakage of data between nodes
can be minimized in fMRI analysis by selecting independent regions using functionally derived

parcellation or methods such as ICA.
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One concern with this approach is that as the number of nodes increases, the threshold [1/
(number of nodes)] similarly decreases and may result in increased false positives at this low
threshold value. The study on effect of number of nodes on the c-sensitivity of BrainNET shows
that c-sensitivity of BrainNET does not get affected by the number of nodes (Fig.8B). This can be
interpreted that the ability of BrainNET to distinguish between true and false positives increases
with the increasing number of nodes and the corresponding lower threshold values doesn’t

necessarily affect its inference.

Shared inputs between the nodes, can be thought of as distinct sensory inputs that feed into one
or more nodes. These shared inputs between the nodes could be deleterious if not modelled
[22]. BrainNET is robust to the shared inputs between the nodes, whereas c-sensitivity of PC and
correlation are negatively affected (Fig.8B). The performance on varying connection strength
over time was tested by simulations of stationary-nonstationary connection strengths between
the nodes. BrainNET was least affected by nonstationary connection strengths between the
nodes (Fig.8B). The robust performance of BrainNET in simulations with increasing number of
nodes, TR, shared inputs, backward, cyclic and non-stationary connections represents a
promising aspect of the BrainNET method for inferring brain network topology in real life

experimental data (Fig.8B).

2.5.1.2 Evaluation of inference methods using thresholds

In this study we compared the performance of correlation and PC in inferring underlying network
topology at optimum threshold values estimated using ground truth (Corrop: and PCopt). We also

compared the performance of these methods against BrainNET at 30% threshold (Corrso and
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PCso) (Fig.7). BrainNET performed significantly better than PCso, Corrso and Corropt (p<0.05). At its
optimum threshold, PCopt performed relatively equivalent to BrainNET in terms of accuracy.
However, PCopt showed decreased specificity with increasing number of nodes (sim1-4) and
presence of nonstationary, backward connections (sim13 and sim22) (Fig.7). Nonstationary
connections represent the varying strengths of connections between nodes which are believed
similar to those at the neuronal level and being studied in fMRI. The higher sensitivity and lower
specificity of PCopt represents higher numbers of false positive connections which will affect the
statistical power of group analysis. The results show that the performance of the PC and
correlation method vary under different thresholds and that BrainNET had better performance
than these methods even in their optimum (PCopt and Corropt) (Fig.9). The study on effect of
number of nodes on the c-sensitivity of BrainNET shows robust performance across all the

confounders.

A major strength of the BrainNET approach is that it provides a unique threshold to determine
the true network topology. In correlation-based approaches, there is no defined correlation
cutoff to determine the true network topology. Instead, multiple approaches are employed, or
multiple thresholds applied to generate different networks. Typically, the network cost has been
used to define the cutoff value for defining true connections in correlation-based approaches
[59]. Multiple costs are then applied to generate multiple instances of the network topology,
and analyses are performed to determine the variation in network metrics across these costs, or
variation in group differences across thresholds [60]. The BrainNET approach provides a single

threshold obviating the need for these imprecise and convoluted thresholding approaches.
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2.5.2  Evaluation of inference methods on ADHD Data

Global metrics: Previous studies have shown that ADHD is often associated with changes in
functional organization of the brain and lower network efficiencies in ADHD [40, 43]. BrainNET
was effective in identifying the subtle changes in the ADHD subjects and supports the notion that
the functional organization of brain changes in ADHD (Fig.10) by identifying statistically

significant changes in graph metrics between ADHD subjects and typically developing children

Our results demonstrate that there is a decrease in density, network efficiency and an increase
in CPLin ADHD compared to TDC. A decrease in density suggests that the number of connections
is decreased in ADHD compared to TDC. This can be interpreted as an increase in the cost of
wiring in the brain. The increase in CPL and decrease in network efficiency is expected given that
there is a decrease in density suggesting that there is increased difficulty in transferring
information across the brain in ADHD. The observed abnormalities in global network topology
was identified in ADHD-I but not in participants with ADHD-C compared with TDC, however
changes between the ADHD-C and ADHD-I were observed. The differential changes observed
between the ADHD subtypes may reflect clinical distinctions between the inattentive and
combined subtypes of ADHD. Further investigations may shed light on detailed brain-behavior

phenotype associations in this neuropsychiatric disorder [61, 62].

Local Metrics:

BrainNET identified increased NSPL in ADHD-I compared to ADHD-C suggesting lesser integration
of the prefrontal cortex (PFC) in ADHD-I. The PFCis a part of Default Mode Network (DMN) and

plays a crucial role in regulating attention, behavior, and emotion, with the right hemisphere
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specialized for behavioral inhibition [63]. The DMN refers to the brain circuitry that includes the
medial prefrontal cortex, posterior cingulate, precuneus, and the medial, lateral, and inferior
parietal cortices [64]. These results support previous studies demonstrating that ADHD is
associated with structural changes and decreased function of the PFC circuits, especially in the
right hemisphere [63]. BrainNET also demonstrated that betweenness centrality of the right
precuneus, also a part of DMN was increased in ADHD-I compared to ADHD-C group. This
suggests increased influence of the precuneus in ADHD-I (Fig.11B). Abnormalities within the DMN
have also been found in children in previous studies with ADHD and especially changes in
centrality of the right precuneus, which is an important discriminatory feature for classifying

ADHD-I and ADHD-C [65] .

Our results also show that the NSPL of the right heschl’s gyrus and right medial temporal gyrus is
increased in the ADHD-I group compared to TDC. The NSPL of the olfactory cortex was increased
in ADHD-lI compared to ADHD-C (Fig.11A). Deficits in olfactory function are found in
neurodegenerative and neuropsychiatric disorders and represent a topic of interest in ADHD [66].
Increased NSPL was found in the right olfactory region in ADHD-I compared to ADHD-C suggesting
lesser integration. Deficits in olfactory ability have been linked to impulsive tendencies within
the healthy population and have discriminatory features in identifying people at risk of impulse-
control-related problems, supporting the planning of early clinical interventions [67]. Further
studies are required to investigate whether functional network topology can be used as a

biological marker for early diagnosis, treatment and prognosis of ADHD.
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It is important to note that the proposed method measures non-linear relationships while
correlation methods measure linear relationships, which may have resulted in the lower
performance of correlation in inferring non-linear brain dynamics. Although PC performed
relatively similarly to BrainNET in the simulation data, it didn’t achieve statistical significance in
the ADHD data. This may be due to the false positives identified reducing the statistical power
of the analysis. BrainNET can be added to the standard inference methods such as PC and
correlation methods, by using a mask derived from BrainNET importance matrix and applying to
the correlation matrix. The output from this combined method will have nodes determined by
BrainNET, with Pearson correlation values assigned between the connections. This will avoid
using arbitrary thresholds, increase the specificity of the standard inference methods by adding
non-linearity and allowing analysis of connectivity changes between nodes, which cannot be

performed with an adjacency matrix derived only from BrainNET.

Limitations: BrainNET takes relatively longer to infer the adjacency matrix than the correlation
method. BrainNET took approximately 3 seconds per subject whereas the correlation and partial
correlation method just took 0.001 and 9.3 seconds respectively. Longer running time makes

BrainNET challenging to apply for voxel-wise analysis.

2.6 Conclusion

We describe BrainNET, a new network inference method to estimate fMRI connectivity that was
adapted from Gene Regulatory methods. We validated the proposed model on ground truth

simulation data [22]. BrainNET outperformed Pearson correlation in terms of accuracy and
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sensitivity across simulations and various confounders such as the presence of cyclic connections,
and even with truncated fMRI sessions of only 2.5 min. We evaluated the performance of
BrainNET on the open-source “ADHD 200 preprocessed” data from Neuro Bureau. BrainNET was
able to identify significant changes in global graph metrics between ADHD groups and TDC,
whereas correlation and PC was unable to find any differences. BrainNET can be used
independently or combined with other existing methods as a useful tool to understand network
changes and to determine the true network topology of the brain under various conditions and

disease states.
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Advances in Knowledge:

e Our study demonstrates the existence of an association between functional changes with
subconcussive head impact exposure during a single season of play through a machine learning
analysis approach.

e The findings highlight the covert effects of subconcussive head impact exposure and warrant
further longitudinal study to understand its physiological and functional consequences over a period
of time.

Implication for Patient Care:

e This work demonstrates the ability of machine learning approaches coupled with advanced
neuroimaging techniques to identify changes in the functional organization of the brain in a single
season of American football.

Summary Statement:

e This study provides additional support to the growing body of evidence that there are detectable

changes in the brain from playing a single season of football, even in the absence of clinically

diagnosed concussion.
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3.1 Abstract

Purpose: To quantify the association of head impact exposure (HIE) with functional changes in the brain
measured through resting-state functional MRI (rs-fMRI) using graph theoretical and data-driven methods.
Methods: Anatomical T1 weighted MRI and functional rs-fMRI scans were acquired from 200 athletes
immediately before and after a season of American football in an IRB approved study of high school and
youth football. During all practices and games, the football players were instrumented with the Head Impact
Telemetry (HIT) system, in which an array of accelerometers were mounted inside the football helmet to
measure linear acceleration and estimate rotational acceleration of the skull. The combined Risk Weighted
cumulative Exposure (RWEcp) for the season was computed for each player using both linear and rotational
acceleration. Players with RWEcp higher than two standard deviations from mean exposure are identified
as high HIE, and similar data size of age-matched players with lower exposure are identified as low HIE,
resulting in 28 high and 34 low HIE players. Neurophysiological relevant networks were extracted using
Independent Component Analysis (ICA), and Functional network connectivity (FNC) between the
networks is extracted using a Machine learning based network inference method called BrainNET and
compared to standard correlation-based connectivity. Percentage changes of global and local graph metrics
over a single season of football are extracted from FNC and used as input features to inform four different
classifiers to classify HIE of players. The performances of different pipelines are compared, and feature
analysis is done on the best performing pipeline. In summary, we developed multiple data-driven and graph
theoretical based biomarker extraction pipelines with two different network inference methods to inform
four different classifiers to classify HIE of the players.

Results: The pipelines using BrainNET derived connectivity achieved consistently better results than
standard correlation methods in all the four classifiers. The combination of BrainNET and the extremely
randomized trees classifier achieved top performance with an accuracy of 87.14+/-12.3% (p-value<0.001)
in classifying the HIE exposure of the players. Feature analysis using the best performing pipeline suggests
that nodal changes in posterior DMN, sensory-motor, and auditory networks provide the highest
contribution to the classification power of the models.
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Conclusion: Robust performance of multiple pipelines with above chance level predictions demonstrates
an association between changes in functional connectivity related to the HIE level in youth and high school
football. The current study provides additional support to the growing body of evidence that there are
detectable changes in brain health from playing a single season of football, even in the absence of clinically
diagnosed concussion.

Keywords: Resting-state, fMRI (rs-fMRI), machine learning, high school, youth, football, head impact

exposure, group ICA, subconcussion
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3.2 Introduction

In contact sports, such as American football, each player can sustain several hundred subconcussive head
impacts in a single season [68]. Understanding the effect of such head impact exposure (HIE) in youth (9-
13 years old) and high school (14-19 years old) football players on brain development is of growing concern
[69, 70]. Compared to professional and collegiate football players, players at the youth and high school
level have received limited attention despite constituting the majority (70%) of all football players [68].
Moreover, these players may be particularly vulnerable to brain injury due to the rapid brain maturation
during this age range[70]. Recent resting-state functional MRI (rs-fMRI) studies have provided evidence
for changes in the functional connectivity related to subconcussive head impacts in contact sports, including
youth populations [71, 72].

Zhu et al. demonstrated the ability of functional connectivity of the default mode network (DMN) to
serve as a potential biomarker to monitor dynamic changes in brain function after sports related concussion
[73]. Neurophysiological changes in youth football athletes with exposure to subconcussive impacts have
also been reported with changes in the resting state DMN [69, 74-77]. Studies have shown that
subconcussive impact exposure is associated with more significant disturbances in recognizing emotions
and attending to feelings [78]. Previously, high school football athletes with subconcussive head impacts
during a season were observed to have decreased functional connectivity in the DMN relative to pre-season
measures [75]. Altered DMN functional network connectivity was also reported in 24 active collegiate
football players despite receiving only low levels of subconcussive HIE[79, 80] [69]. Functional network
changes over a single season were able to distinguish the player's head impact exposure in previous studies,
which supports the notion that intrinsic network changes occur as a result of sub-concussive head impacts
[26, 79]. Neurocognitive and sensory-motor deficits were reported in military personnel subjected to
subconcussive low-level blast events more frequently during training[81]. Recent animal studies have found
that low grade cranial impacts in anaesthetized rodent models which were designed to replicate the impact
suffered by sports players can result in impaired motor function [82]. Though most of the work focus on

studying specific networks such as DMN and sensory-motor, notable studies suggest that subconcussion
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can result in spatially heterogeneous changes in local connectivity due to the diffuse nature of head
impacts[83].

The purpose of this study is to determine the effect of repetitive subconcussive head impacts on whole-
brain network topology using data-driven methods. Our contributions in this work are three-fold: First, we
utilized data-driven independent component analysis to identify neurophysiological relevant functional
networks. Second, we utilized a machine learning based network topology inference method called
BrainNET to infer the functional network connectivity between the extracted functional networks and
compared it to the widely used correlation based connectivity. BrainNET is based on Extremely
Randomized Trees (ERT) to estimate network connectivity from fMRI data and can generate an adjacency
matrix representing brain network topology, without needing arbitrary thresholds as are required in standard
approaches. BrainNET is shown to have higher sensitivity than the standard correlation method in
identifying true connections between functional nodes and enables to identify subtle functional changes in
conditions such as ADHD [84]. Third, we extracted local and global graph metrics from FNC using both
BrainNET and the standard correlation method and calculated percentage change of each graph metric over
pre and postseason for each player to examine the functional changes between players with low and high
HIE over a season of American football using four different machine learning based classification
algorithms. Feature analysis of the best performing classifier revealed it had identified regions with
functional changes relevant to the HIE level. In summary, we developed multiple data-driven and graph
theoretical based biomarker extraction pipelines with two different network inference methods to inform
four different classifiers to classify the HIE level of the players.

3.3 Materials and Methods
3.3.1 Study cohort

This study includes 62 football players enrolled in a study of high school and youth football approved by
the Wake Forest School of Medicine Institutional Review Board (IRB) [85]. Anatomical T1 weighted MRI

and functional rs-fMRI scans were acquired from all subjects before and after the football season. Subjects
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Figure 12: Distribution of head impact exposure, RWE.,. Subjects with RWEcp above two standard deviation
from mean RWEcp are identified as High HIE and age matched players with lower RWEcp of similar data size
are identified as Low HIE plavers. Red and orange line represents mean and two standard deviation from mean

with a history of concussion, neurological, developmental, or psychiatric disorders were excluded from the
study.

3.3.2 Computation of the Head Impact Exposure (HIE) measure

During all practices and games, the football players were instrumented with the Head Impact Telemetry
(HIT) system [85, 86], in which an array of accelerometers were mounted inside the football helmet to
measure linear acceleration and estimate rotational acceleration of the skull. The Risk Weighted cumulative
Exposure (RWE) for the season was computed for each player using linear and rotational acceleration [87].
To compute each RWE metric, the risk of concussion for each impact for each player was calculated using
the linear, rotational, and combined probability risk functions previously developed by Rowson et al [88-
90]. This biomechanical metric non-linearly weights the severity of each head impact experienced by an
athlete over the course of a season using one of three concussion risk functions. The RWE metric evaluated
in this study is combined risk-weighted exposure (RWEcp), which accounts for the combined peak resultant

linear and rotational accelerations of each impact. Compared to using a discrete measure such as the
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Figure 13: A. Thirty independent components are extracted using independent component analysis B. Nineteen
neurophysiological relevant components are selected by expert radiologist (JAM) C. Mean time course for each
neurophysiological relevant networks are calculated D. Functional brain network topology is calculated using
BrainNET and Correlation methods. E. Five nodal and three global graph metrics are extracted for each subject.
F. Percentage change of graph metrics for each player is calculated by considering pre-season metrics as
baseline, resulting in total 98 features. G. Four different classifiers are used to classify HIE level with 10 fold
cross validation. Permutation testing is done for 1000 times to determine statistical significance of each model. I.
Feature analysis is done using top performing model to identify functional changes in brain relevant to HIE level.

number of head impacts a player receives, the RWE metric, a single number representing the cumulative
exposure over the season, provides a better quantification of cumulative HIE of the player as it incorporates
both the number and magnitude of impacts in a single metric [70].

The players were dichotomized into two groups based on the REWcp. Twenty-eight players with
RWECcp two standard deviations above mean RWEcp are considered as High HIE group (RWEcp mean:
1.9055+/-0.6395) and aged matched 34 players with low RWEcp are considered as Low HIE group
(RWEcp mean: 0.0472 +/-0.0236). A histogram of the distribution of RWEcp is shown in Fig. 12. In this
way, two age-matched groups were formed with a clear separation of HIE levels.

3.3.3 MRI Data Acquisition

MRI data were acquired on a three Tesla Siemens Skyra MRI scanner using a 32-channel human head/neck
coil (Siemens Medical, Erlangen, Germany). T1-weighted images were obtained for anatomic correlation
using a 3D volumetric Magnetization Prepared Rapid Acquisition Gradient Echo sequence with isotropic

resolution of 0.9 mm3: repetition time (TR)= 1900 msec; echo time (TE)=2.93 msec; inversion time
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(TD) =900 msec; flip angle =90 degrees; slices = 176. Six minutes of resting-state fMRI data was obtained
using gradient-echo echo planar images (TR = 2, TE = 25 ms, flip angle = 90 degrees, acquisition matrix =
64x64, with a 22 cm FOV, 4 mm slice thickness and 1 mm gap). The participants were instructed to keep
their eyes open and fixated on a point. To facilitate group ICA, the fMRI data was preprocessed including

motion correction, spatial smoothing and normalization to a common MNI atlas space using SPM8 [91]

3.3.4 Resting State fMRI Analysis and feature extraction
3.3.4.1 Extraction functional connectivity of intrinsic network

After preprocessing the rs-fMRI, ICA was performed to extract thirty (30) independent components using
temporal concatenation group (spatial) independent components analysis [92] via the InfoMax ICA
algorithm [93]. The number of components is selected such that it allows fine parcellation of intrinsic
networks enabling the study of functional connectivity changes between the intrinsic networks such as the
DMN, Visual, Language, and Sensory Motor [94]. This approach was applied to the pre- and post-season
fMRI. Each extracted component consists of a pair of tensors, including 1) a group spatial map and 2) an
activation time course of the spatial map. Back-reconstruction was used to compute subject-specific spatial
maps and time courses using the GIFT toolbox [93]. The overall processing pipeline is shown in Fig. 13
Group ICA was applied in order to obtain a consistent set of components for all subjects. ICA outputs
components that include both neurophysiological-based components of interest and noise-based, nuisance
components. Multiple attributes were employed to separate the noise components from neurophysiological
components, including stability across several runs using ICASSO, power ratio, manual inspection as
detailed in McKeown et al [95] and a comparison to a functional atlas. In total, 19 components were
identified of neurophysiological origin, while 11 components were identified as noise or artifact with the
help of an expert neuroradiologist (T.O). The labels and activation maps of each neurophysiological is
shown in Figure.16 and 17.

The functional connectivity between networks are calculated using subject specific time course. A mean

rs-fMRI time series was extracted from the voxels in each network. Functional network connectivity was
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Figure 14:: Visualization of top 10 feature for HIE level classification. A. Sensory Motor, Auditory, C. Frontal,
D. Posterior DMN, E. Sensory Motor, F. Visual Medial, G. Language, H. Auditory, I. Frontal DMN, and J.
Frontal

measured using BrainNET and Pearson’s correlation coefficient of the mean time series from each pair of

subcomponents. More details on BrainNET can be found in Supplementary Material.

3.3.4.2 Graph Extraction

Graph theoretical metrics representing global and local characteristics of network topology were extracted
from both pipelines using BrainNET and correlation methods to compare between the HIE groups. The
GRETNA MATLAB toolbox (v2.0,https://www.nitrc.org/projects/gretna/) was used to extract additional
graph theoretical metrics including global network efficiency, nodal shortest path length, nodal efficiency,
nodal local efficiency, betweenness centrality and degree centrality[53]. The Networkx package in python

was used to extract the graph theoretical metrics, including Density and modularity[54]. We utilize
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connectivity strength based thresholding for FNC derived using correlation methods. However, such
thresholding procedure can lead to different network densities across participants and may confound
subsequent between group comparisons. Thus, for correlation based graph metric we corrected for density
while calculating graph metrics

In summary, we extracted five nodal metrics as described above for 19 networks (5x19) and three global
metrics constituting a total of 98 features per subject. The percentage changes of each graph metrics
between post and pre-season (AGM) is calculated by subtracting pre-season metrics from post-season
metrics and dividing by pre-season metrics. In this way, we performed baseline correction and taking the
changes in the metric during the season into account. Two sample t-tests between high and low HIE groups
were performed for each graph metrics using the GRETNA toolbox. The nodal comparison is corrected
using FDR, and between metrics, comparison is corrected using Bonferroni multiple comparisons
correction with statistical significance set at p <.05.

Node Metrics: The nodal metrics give complementary information about the organization and the roles of
the nodes in the functional connectome. The Nodal Shortest Path Length (NSPL) is defined as the shortest
mean distance from a particular node to all other nodes in the graph. Shorter NSPL represents greater
integration[15]. The Betweenness Centrality (BC) measures a node's influences in information flow
between all other nodes [55]. BC quantifies the influence of a node and is defined as the number of shortest
paths passing through it. Degree centrality (DC) calculates the number of direct connections between a
given node and the rest of the brain within the entire connectivity matrix of the brain. A node will have a
high DC if it has numerous direct connections to other nodes, and thus, DC reflects how much of a node
influences the entire brain areas [96]. Nodal clustering coefficient is defined as the number of triangles in
the network containing a node divided by the number of connected triples containing the same node [97].
The NCC gives the density of local connections involving a given node and is often used to probe the
node's ability to participate in local information integration. Nodal Efficiency assesses the connectedness
of the edges among the neighbors of the given node and offers a notion of the network’s local robustness

to a node’s removal [98].
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Table 4: Comparison of model performance for pipelines using the BrainNET inference method. Cross-validation
mean accuracies (percentages) and corresponding p-values

Classifier CV accuracy P-values
Random Forest | 75.71+/-11.1 0.0009
ERT 87.14+/-12.3 0.0009
Adaboost 70+/-23.8 0.002
SVC (linear) 65.71+/-19.2 0.03

Global Metrics: Network Efficiency is a more biologically relevant measure representing the ability of
the network to transmit information globally and locally. Networks with high efficiency, both globally and
locally, are said to be economic small-world networks. [56]. The density of the graph is defined as the ratio
of the number of connections in the network to the number of possible connections in the network[15].
Modularity describes the extent to which groups of nodes are connected to the members of their group.
Modularity is essentially an index of how cleanly a network can be subdivided with a given partition, with

higher values indicating more distinct subnetworks or a greater level of segregation.

3.3.5 Classifier training, evaluation and model selection methodology

Four classifiers were trained using each individual set of features calculated using correlation and
BrainNET as inputs (AGMBrainNET, AGMCorrelation). Historically robust and well performing machine
learning classifiers were selected, including Adaboost, linear Support Vector (SV), Random Forest (RF),
and Extremely Randomized Trees (ERT) [99]. Features were selected using a sequential forward feature
selection algorithm in successive iterations. In the first iteration, all features in the feature space are
individually used for classification, and the best performing feature was added to the subset while being
removed from the feature space. In each consecutive iteration, individual components of the feature space
are added to feature subset, and the best performing feature in combination with previous results is kept for
future use. This resulted in 10 features being chosen as the best graph metrics characteristics that distinguish

between high HIE and low HIE.
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Figure 15:: Visualization of top feature for HIE level classification from top performing pipeline (BrainNET
+ ERT). Feature analysis shows that changes in nodal degree centrality of posterior DMN being most
important feature in identifying HIE level.

The performance of each classifier x feature set combination was systematically evaluated for its ability to
distinguish between the high and low impact exposure groups. The subjects were stratified into ten equal
parts for both high and low HIE groups, and a 10 fold cross-validation combined with grid search is
performed to identify ideal hyperparameters for each classifier (best-classifiers). All the classification
metrics were acquired using second 10-fold cross-validation on best classifiers of each algorithm and tested
with data split being the same for all algorithms. We minimized the risk of overfitting by using feature
selection and using a ten fold cross-validation to ensure that the models are only evaluated on data points
that it has not seen before. To assess the reliability of each learning model’s accuracy, permutation testing
was performed for 1000 times by randomly shuffling labels for each run to calculate p-values. To address

the issue of multiple comparisons, we also reported Bonferroni corrected p-values for these classifiers.
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3.4 Results
3.4.1 Performance of the classifiers using AGMag.inner features

Multiple models performed significantly better than chance (chance level accuracy = 45.16%) with p-
values<0.006 using graph metrics derived using BrainNET (AGMagrinnet). RF and ERT classifiers survived
multiple comparisons and performed statistically better than chance level with accuracies 75.714% and
87.14%, respectively, with p-values<0.006 (Table.4). Table 6 also tabulates each graph metrics we studied,
and Bonferroni corrected p-value corresponding to the between group difference of that feature. The top 10
most important features activation maps and corresponding feature importances is shown in figure 14 and
15.

3.4.2 Performance of the classifiers using AGMCorrelation features

Multiple models performed significantly better than chance (chance level accuracy = 45.16%) with p-
values<0.006 using graph metrics derived using correlation (AGMcorelaion) HOwever, using the standard
correlation based connectivity, only ERT classifiers performed significantly better than chance at 78.04%

with p<0.006 after multiple comparison correction. (Table. 5) (Figure.18):

Analysis of Selected Features

To further understand the results, we plotted the importance of each selected feature in classifying HIE of
players. The results from the top performing pipeline (BrainNET) will be presented in the main body of the
article. More details about the performance of the correlation pipeline are given in the supplementary
material. The features representing local characteristics of the networks were identified as important
features for classification. Measures such as degree centrality of nodal clustering coefficient of frontal
DMN, posterior DMN and auditory networks, Betweenness centrality of sensory-motor, the clustering
coefficient of visual network and nodal efficiency of language were top five features used in the

classification of HIE in players over a single season of football.
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3.5 Discussion

In this study, we examined different pipelines, including two different network extraction techniques and
using four different classifiers along with sequential forward feature selection. The tested machine
learning models identified changes in functional connectivity that discriminate against the HIE level.
Multiple models provided robust discrimination between individual players with high and low impact
exposure, which underscores the utility of using machine learning to study connectivity changes. This study
supports the existence of an association between functional connectivity and HIE during a single season of
play. Feature selection helps to avoid overfitting by reducing feature space to be lesser than the number of
samples collected. Furthermore, we used 10-fold cross-validation to examine the accuracy of the algorithm
for each pipeline, which is shown to be better than the leave-one-out cross-validation used in previous
studies [100]. In addition, 10-fold cross-validation may be used as a substitute for having a separate testing

set because the model is evaluated on data points it has not seen before [101].

Previous studies use features such as power spectrum density of networks such as DMN and functional
connectivity measures extracted using correlation methods between intrinsic networks as features for
classifying head impact exposure [26, 79]. In this study, not limited to certain networks, we analyzed whole-
brain function changes by utilizing advanced machine learning based BrainNET approach to extract
functional network connectivity and extracted global and local graph metrics as features for classification.
Graph theoretic measures give the ability to study intermediate and high levels of the organization across
the network as a whole, resulting in higher accuracies in classifying HIE of the players than previous
studies. The fact that the model identifies nodal metric changes across a season of American football
signifies the fact that the diffuse effects of repetitive subconcussion impact on the functional organization

of the brain.

3.5.1 Comparison between different pipelines
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We extracted graph metrics using two different methods and calculated the percentage changes of each
graph metrics across a season of American football (AGMagrainnet, AGMcorrelation). AGMarinnet features were
able to achieve higher classification accuracies with statistical significance. BrainNET measures non-linear
relationships and avoids using arbitrary thresholds to obtain functional network topology. As a result, this
method is able to correctly identify true connections between the nodes/networks under study with higher
sensitivity and hence increases the statistical power of the analysis by reducing false positive connections.
Hence, the AGMagrinneT is able to achieve higher accuracies compared to AGMcorrelaion. Among the
classifiers tested, ERT is able to achieve better performance than other classifiers RF, Adaboost, and SVC.
SVC performed worst may be due to its intrinsic linear nature, making it unable to capture the underlying
non-linear dynamics of the brain. The tree-based methods ERT and RF worked better than Adaboost and
are based ensemble method as it works well with a large number of features with non-linear relationships
and is computationally efficient. Comparing to RF, ERT is robust in the presence of equally important and
similar features, such as the graph metrics used in this study. Based on this result, we would suggest
BrainNET based network construction pipeline using ERT classifiers for graph theoretical measures

analysis of rs-fMRI to identify functional changes in the Brain.

3.5.2 Analysis of the selected features

In this study, we examined changes in graph metrics representing both global and local characteristics of
the network topology. Feature analysis identified only changes in graph metrics representing local
characteristics of the network topology of different networks to be important in classifying HIE of the
players. The nodal clustering coefficient changes of Sensory Motor and Visual Medial network, language,
Betweenness Centrality of sensory-motor, Degree centrality of auditory, frontal and posterior DMN, nodal
efficiency of the language and nodal local efficiency of frontal DMN and a frontal network were identified
as top features important to classify the HIF of the players. Traumatic brain injury and repetitive
subconcussion have been shown to affect DMN, and our results support the notion by identifying several

parts of the DMN, such as Frontal DMN and Precuneus. The symptoms and signs associated with TBI
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include cognitive, motor, mood, and behavioral functions [102]. TBI often affects the visual system; players
sustaining a concussion frequently complain of sensitivity to visual stimuli [79]. Our results identified local
changes in networks such as visual, sensory-motor, DMN, and language that was known to be affected in
TBI; however, our results didn’t identify a significant global change [103]. The multitude of networks
identified highlights the covert effects of repetitive effects of subconcussive impacts and reflect that
continued exposure to repetitive subconcussive impacts may result in substantial neurological and
neuropsychological alterations. The identification of local changes in networks that were repeatedly studied
in TBI highlights the covert effects of subconcussive HIE and warrants further longitudinal study to

understand its physiological and functional consequences over a period of time.

Limitations: There are several limitations to the current study. First, the functional and structural changes
we studied are from a single season of American football. Hence the changes may be transient in nature. A
long-term longitudinal study with a control group consisting of non-contact sports athletes is needed to
understand the evolving functional and structural changes in these young athletes. Second, we have used a
smaller dataset for a classification study. In order to identify the difference between high and low impact
group, we need to make a clear distinction between the groups using RWEcp, resulting in a smaller subset.
Performing further studies with more subjects will certainly add confidence in identifying changes due to
repetitive subconcussive impact exposure. Third, although we tested several classifiers and two different
methods for FNC extraction, it is entirely possible that several other classifiers and network topology
inference methods are better suited for this approach. As an exploratory study to examine functional
changes in the brain due to repetitive subconcussive exposure, we tackled the issues by performing feature
selection and ten fold cross-validation to achieve as generalized performance as possible. The robust
classification accuracies between different pipelines suggest that indeed the proposed pipeline is robust,

and there are functional changes in the brain that occurs as a result of subconcussive head impacts.

3.6 Conclusion
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In this study, we utilized graph theory and ML and data-driven methods to examine functional changes in
the brain over a single season of American football. This study demonstrates an association between
changes in functional connectivity related to HIE level in youth and high school football. In particular, this
study examined whether a single season of football results in changes that differentiate the HIE level in
youth and high school football players in functional connectivity between intrinsic functional networks
defined by ICA with rs-fMRI. This result establishes the potential use of these features and machine
learning methods to study changes in the intrinsic network connectivity of players with respect to repetitive
head impact exposure. The current study provides additional support to the growing body of evidence that
there are detectable changes in brain health from playing a single season of football, even in the absence of

clinically diagnosed concussion. Long-term risks need to be evaluated in longitudinal studies.
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Figure 16: Activation maps of intrinsic components 1-10 extracted using independent component analysis
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Figure 17: Activation maps of intrinsic components 11-19 extracted using independent component analysis

73



Table 5: Comparison of model performance for pipelines using Correlation inference method. Cross-validation mean
accuracies (percentages) and corresponding p-values

Classifier CV accuracy P-values
Random Forest | 69.46+/-12.8 0.019
ERT 70.71+/-13.86 0.0009
Adaboost 78.04+/-12.85 0.0009
SVC (linear) 61.96+/-6.08 0.4725
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Figure 18: Visualization of top feature for HIE level classification from top performing pipeline using correlation
inference method (Correlation + ERT).
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Table 6: Statistical two sample t-test results between nodal and global graph metrics extracted from nineteen components. Significant p-values after multiple

comparisons are highlighted as bold

BrainNET

(I\;/:.:t‘:?cs SM SM VM VL Prec. FDMN SM GC Audt  Audt Frontal Pa.DMN Pos.DMN  FPN GC GC Lang. GC FPN
BC 0.804 0.086 0.055 0.687 0.606 0.121 0961 0.191 0.168 0.249 0.441 0.267 0.511 0.099 0.071 0.783 0.333 0.676 0.882
DC 0.733  0.557 0.324 0994 0.765 0.904 0.228 0.003 0.160 0.194 0.225 0.722 0.061 0.666 0.559 0.234 0.367 0.504 0.782
NCC 0.087 0.086 0.151 0.130 0.882 0.216 0.734 0.832 0.529 0.899 0.932 0.543 0972 0373 0.068 0.424 0.955 0.524 0.062
NE 0.453 0.543 0.548 0.718 0.916 0.994 0.216 0.005 0.147 0.235 0.255 0.916 0.008 0.860 0.772 0.276 0.174 0.347 0.793
NLE 0.199 0.052 0.270 0.040 0.966 0.938 0.794 0.871 0.697 0.548 0.656 0.994 0.567 0.656 0.153 0.404 0.821 0.626 0.095
GE 0.997
Mod 0.390
Dens. 0.549

Correlation Coefficient
BC 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.991 1.000 1.000 1.000 0.983 1.000 1.000 1.000
DC 0.727 0.660 0.403 0.649 0.746 0.612 0.707 0.594 0.673 0.556 0.571 0.703 0.562 0379 0.738 0.669 0.661 0.487 0.487
NCC 0912 0.839 0.607 1.000 1.000 0.868 0.908 1.000 0.775 0.922 0.699 0.975 0.924 0.904 0.686 0.894 1.000 1.000 0.682
NE 0941 0978 0.660 0671 0.816 0.837 0.859 0.718 0.953 0.903 1.000 0.924 0.706 0.826 0.942 0906 0.704 0.764 0.734
NLE 1.000 1.000 0.505 0.826 0.945 0.994 1.000 1.000 0.924 1.000 0.910 1.000 0975 1.000 0.849 1.000 0.850 0.491 0.538
GE 0.917 0.747 0.824
Mod
Dens.
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Appendix I.
BrainNET Network Inference Methodology

The objective of BrainNET is to infer the connectivity from fMRI data as a network with N different nodes
in the brain (i.e., ROI’s), where edges between the nodes represent the true functional connectivity between
nodes. At each node, there are measurements from m time points X = { x4, x5, X3, X4, ...., Xy }, Where X; is

the vector representation of m time points measured as
M)T.

Our method assumes that fMRI measurement of BOLD (Blood Oxygen Level Dependent) activation at

each node is a function of each of the other nodes’ activation with additional random noise.

For the j™ node with m time points, a vector can be defined denoting all nodes except the j node as

x_j = (x1,X2, Xj_1, Xj41, ..., Xy ), then the measurements at the j™ node can be represented as a function

of other nodes as

x = filx-j) + &

where €] is random noise specific to each node;. We further assume that function f;j () only exploits the data
of nodes in X, that are connected to node;. The function fj () can be solved in various ways in the context
of machine learning. Since the nature of the relationship between different ROIs in the brain is unknown
and expected to be non-linear [48], we choose a tree based ensemble method as it works well with a large
number of features with non-linear relationships and is computationally efficient. We utilized Extremely

Randomized Trees (ERT), an ensemble algorithm similar to Random Forest, which aggregates several weak
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learners to form a robust model. ERT uses a random subset of predictors to select divergences in a tree node
and then selects the “best split” from this limited number of choices [49]. Finally, outputs from individual
trees are averaged to obtain the best overall model [50]. BrainNET infers a network with N different nodes
by dividing the problem into N different sub problems, and solving the function fj () for each node

independently. The steps are listed below:
For j =1to N nodes

e Fit the ERT regressor with all the nodes data, except the j" node, to find the function f; that

minimizes the following mean squared error:

e Extract the weight of each node to predict node j,

) w, ifn#j
W("n)={0n ifn =]

where w, is the weight of node to predict node j and n=1 to N.

e Append the weights values to the Importance matrix

The importance score for each node (Node;) to predict (Node;) is defined as the total decrease in impurity
due to splitting the samples based on Node; [49]. GINI index is used here as the measure of impurity. Let
“S” denote a node split in the tree ensemble and let (Si, Sr) denote it's left and right children nodes. Then,

the decrease in impurity Almpurity(S) from node split “S” based on Node;j to predict Node; is defined as
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Almpurity(S;;) = Impurity(S) - (N /Np) * Impurity (S,) — (Ng/Np) * Impurity (Sg)

where, S. and Sk are left and right splits and Np, N, Nr are number of samples reaching parent, left and

right nodes respectively. Let Vk be the number of ensembles, which uses ROI; for splitting trees. Then, the

importance score for Node;

for predicting Node; is calculated as the average of node impurities across all trees, i.e. Importance of ROI;

[(1,)) = YgevkAlmpurity (S;;)/T

where T is the number of trees in the ensemble.

Importance values extracted using a typical Random Forest model can be biased in the presence of two or
more correlated features since the model will randomly assign importance to any one of the equally

important features without any preference [104]. This problem is avoided by using the ERT regressor.
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Abbreviations

HIE — Head Impact Exposure

DMN — Default Mode Network

ICA — Independent Component Analysis
FNC — Functional Network Connectivity
RWE — Risk-Weighted Cumulative Exposure
CV — Cross-Validation

FDMN — Frontal DMN

ERT - Extremely Randomized Trees
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4.1 Abstract :

Purpose:

In this study, we used novel deep learning approaches to synthesize T1 post-contrast (T1c) Gadolinium
enhancement from non-contrast multi-parametric MR images (T1w, T2w, and FLAIR) in patients with
primary brain tumors. We utilized imaging data from 335 subjects in the Brain Tumor Segmentation
Challenge (BRATS) 2019 training set for training and validation of the network. A held out a set of 125
subjects from the BRATS 2019 validation dataset was used to test the generalization of the model. A
residual inception dense network called T1c-ET was developed and trained to simultaneously predict T1c
and segmentation of the enhancing tumor (ET). Two expert neuroradiologists independently scored the
synthesized post-contrast images using a 3-point scale, evaluating image quality, motion-artifact
suppression, and contrast enhancement against the ground truth T1c images. The 3-point scale was defined
as follows: overall image quality and ability to synthesize gadolinium enhancement (1, poor; 3, good; 3,
excellent). The predicted T1c images demonstrated structural similarity, PSNR, and NMSE scores of 95.62
37.8357, and 0.0549, respectively. Our model was able to synthesize Gadolinium enhancement in 92.8%
of the cases. Inter-rater agreement for predicting contrast enhancement was 87.2% (p-value< 4.0e-05). Rater
1 identified 50, 66, and 9 cases and rater 2 identified 43, 57, and 25 cases (out of the 125 cases) as excellent,
good, and poor, respectively. We demonstrate the potential of deep learning methods to synthesize T1c
images from non-contrast multi-parametric MRI images. The incorporation of additional training data and

MR sequences such as Diffusion-Weighted Imaging may help further generalize the model.

Clinical Relevance statement: This study demonstrates the potential of deep learning to reduce the need

for intravenous gadolinium contrast in the evaluation of primary brain tumors.
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4.2 Introduction

Structural MRI offers superior soft tissue contrast over other imaging modalities and plays a crucial role in
the evaluation of brain tumors by providing information about lesion location, the extent of adjacent tissue
involvement, and resultant mass effect upon the surrounding brain parenchyma. The administration of
intravenous gadolinium-based contrast agents shorten T1 relaxation times and further increase tissue
contrast by accentuating areas where contrast agents have leaked through the blood-brain barrier (BBB)
into the interstitial tissues resulting in parenchymal enhancement. This BBB breakdown is a key feature

seen in certain tumors such as high-grade gliomas and can serve as a prognostic tool [105].

Gadolinium-based contrast agents (GBCAS) have been used for decades in MR imaging and historically
considered safe for patients with normal renal function[105]. It is well-known that there is a risk of
nephrogenic systemic fibrosis associated with GBCA administration in patients with renal impairment,
particularly at higher doses. However, recent studies have shown gadolinium deposition in tissues
throughout the body, including the brain, even in the setting of normal renal function, which raises
additional concerns about the long-term safety of these agents [106]. Persistently increased signal intensity
on T1-weighted (T1w) MRIs have been reported within the dentate nucleus and globus pallidus following

prior injections of both linear and macrocyclic GBCAs.

In lieu of these concerns with Gadolinium toxicity, there has been growing interest in alternative approaches
for contrast-enhanced MRI. Examples include manganese-based compounds [107] as well as conceptually
different approaches such as chemical exchange saturation transfer (CEST) [108]. Recent developments in
deep learning algorithms have shown promise in the field of image synthesis and reconstruction. Gong et
al. developed a deep learning method to predict full dose T1w post-contrast images from one-tenth of the
GBCA dose [109]. Kleeseik et al. developed a Bayesian deep learning architecture for the prediction of
virtual contrast enhancement from non-contrast MR images, including native Tlw (nT1w), T2w, FLAIR,

DWI, and SWI MR images to predict T1w post-contrast images [110]. Ponnada et al. evaluated whether
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deep learning can predict enhancing lesions on MRI scans obtained without the use of contrast material in

multiple sclerosis patients.

Our contributions in this work are three-fold. First, we developed a novel deep learning network called
Residual-Inception-Dense Network (RIDNet) to demonstrate the feasibility of a deep learning model to
synthesize T1 post-contrast images using non-contrast FLAIR, T1w, and T2w images. Second, we utilized
a multisite imaging data with different imaging characteristics from different scanners to train the model
and evaluated the ability of the model to synthesize Gadolinium enhancement by two experienced raters.
Using substantially larger testing data from multiple sites having heterogeneous imaging characteristics
helps to determine the generalizability of the model accurately. Third, we analyzed the importance and role
of each input MR sequence in predicting the contrast enhancement giving insights on using. The main
objective of the study is to investigate the potential of deep learning methods and utility of input MR
sequences in predicting enhancing lesions without GBCA administration using an open-source multisite

tumor data from BRATS.

Tlcand ET-
Model

Multi parametric

MR Images Enhancing Tumor

Post Processing
WT * ET

Whole Tumor

T2 weighted
MR Images

Fig. 19. Residual Inception Densenet (RID). A) RID model for whole tumor (WT) segmentation and B) RID model for
T1c prediction and enhancing tumor (ET) segmentation
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4.3 Materials and Methods:

4.3.1 Data and Preprocessing

The multimodal Brain Tumor Segmentation Benchmark (BRATS) dataset provides a general platform by
outsourcing a unique brain tumor dataset for developing deep learning models [8]. The BRATS 2019
dataset set used in our study was comprised of MRI data of T1, Tlc, FLAIR, and T2 from a total of 460
glioma subjects acquired at multiple institutions[111, 112] including contributions from The Cancer
Imaging Archive (TCIA), University of Pennsylvania, the University of Alabama in Birmingham, MD
Anderson Cancer Center in Texas, the Washington University School of Medicine in St.Louis and the Tata
memorial center in India. The imaging characteristics of the BRATS datasets have wide variability in

acquisition plane ( sagittal/axial/coronal), volume (2D/3D), and variable slice thickness.
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Fig. 20. Residual Inception Densnet (RID) model architecture. RID model for T1c prediction and enhancing tumor (ET)
segmentation

All subjects had precontrast T1w, T2w, FLAIR, and post-contrast T1w images. From this set, a single fold
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training split of 365 subjects, including 259 HGG subjects and 76 LGG subjects, were used for training,
while 125 subjets were held out for testing. The tumor grades for the held out 125 subjects is not made
available by BRATS. The training dataset was further randomly split into 300 and 35 for training and
validation of the model. Testing on substantially larger testing dataset quantifies the generalizabiltiy of the

model accurately.

Data preprocessing

Standard preprocessing steps performed by BRATS include co-registration to an anatomical template[113],
resampling to isotropic resolution (1 mm3), and skull-stripping[114]. In addition to that, we performedN4
bias field correction[115] to remove RF inhomogeneity as well as normalizing to zero mean and unit

variance.

4.3.2 Network Architecture

4.3.2.1 Model Description

The Residual Inception Dense Network (RID) network was first proposed and developed by Khened et al.
for cardiac segmentation. We incorporated our implementation of the RID network with a slight
modification in Keras with a Tensorflow backend (Figure.19) (Figure.20). In the DenseNet architecture,
the GPU memory footprint increases with the number of feature maps and larger spatial resolution. The

skip connections from the down-sampling path to the up-sampling path use element-wise addition in this
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Fig. 21. Building Blocks of Residual Inception Network. From left to right, dense block, convolution block, transition block
and projection block




model, instead of the concatenation operation in DenseNet, to mitigate feature map explosion in the up-
sampling path. For the skip connections, a projection operation was done using Batch-Norm-1 x 1-
convolution-dropout to match the dimensions for element-wise addition (Figure.21). These additions to the
DenseNet architecture help in reducing the parameters and the GPU memory footprint without affecting
the quality of the segmentation output. In addition to performing dimension reduction, the projection
operation helps in learning interactions of cross channel information [116] and faster convergence.
Furthermore, the initial layer of the RID networks includes parallel convolutional neural network (CNN)
branches similar to the inception module with multiple kernels of varying receptive fields, which help in
capturing view-point dependent object variability and learning relations between image structures at

multiple scales [117].

4.3.2.2 Model Training

The RID model was trained on 2D input patches of size 64x64x3 extracted from each image slice, with
three channels. T1w, T2w, and FLAIR images were concatenated to create three channels of the input. The
decoder part of the network was bifurcated to give two outputs: a) T1c prediction and b) Enhancing Tumor
(ET) prediction. Linear activation and sigmoid activation was utilized for Tlc and ET prediction,
respectively. L2 loss assumes the input data set consists of uncorrelated Gaussian signals. This assumption
is not always true in real-world data and can result in blurry images. In order to create sharper output images,
we propose to optimize the model with Structural Perception Loss for T1lc and dice loss for ET
segmentation. The Structural Perception loss is a combination of L2, perception, spatial frequency, and
structural similarity loss. In each stage, the model is trained until convergence with Adam optimizers with

a learning rate of 0.001 using NVIDIA Tesla P40 GPU’s.

4.3.3 Structural Perception Loss

The loss function based on the mean squared error between the pixel values of the original and the
reconstructed images is the common choice for learning. However, using just MSE (mean squared error;

L2 loss) results in blurry image reconstruction [118]. The blurred image reconstruction shows a lack of high
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spatial frequency components that represent edges. In addition to L2 loss, to emphasize the high-frequency
components, a convolutional layer with a Laplacian filter bank as weights is added to the model and the
MSE of features, called the spatial frequency loss (SFL), is computed from the output of each filter.
Perceptual and structural similarity (SSIM) based losses were added to improve model performance. We
used a pre-trained VGG-16 network to define perceptual loss functions that measure perceptual differences
in predicted and ground truth images [119]. The VGG loss network remains fixed during the training
process. The model is trained to optimize the combination of all the above losses, which from now we call

as structural perception loss. The Structural Perception Loss (SPL) can be represented as follows:

SPL = (1-a). L2+ a. SSIM + a. SFL+ a. Perceptual

4.4 Evaluation and Statistical Analysis

4.4.1 Quantitative Evaluation

Model performance was evaluated by comparing the model prediction to the ground truth. We computed
the structural similarity index (SSIM), the peak signal-to-noise ratio (PSNR), normalized mean squared
error (NMSE), and the Dice coefficient of the ET mask. The PSNR measures the voxel-wise difference,
NMSE captures the L2 loss, Dice evaluates the overlap of predicted ET tumor mask, and SSIM compares
nonlocal structural similarity. To evaluate the scores separately for tumor and nontumor regions, we
segmented the whole tumor and enhancing tumor regions using the algorithm from Murugesan et al. [120].
Dice score for ET is calculated for whole-brain without any correction, corrected for the whole tumor (after
removing predictions outside of whole tumor segmentation), and for ET (after removing predictions outside
ET tumor segmentation from Murugesan et al.) to quantify the ability of the model in predicting ET

segmentations.

4.4.2 Qualitative Evaluation

To assess the subjective visual quality and the ability of the model to synthesize Gadolinium enhancement,

a board-certified neuroradiologist (FY. with eight years of experience) and a radiologist (MA. with six years
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of experience) rated the predicted synthesized contrast enhancement maps by comparing them to the ground
truth contrast-enhanced T1w scans. For each data set, scores were determined by taking into account general
image quality and degree of visual conformity of the tumor region using a 3-point Likert scale comprised
of 1 (none), 2 (good), and 3 (excellent) ratings. To determine the inter-rater agreement, the intraclass
correlation coefficient was computed using MATLAB. For the differing ratings, the raters agreed on a
consensus. This consensus rating was used for correlation with the quantitative scores. The consensus

ratings were also dichotomized into low (1) and high (2 — 3) ratings.

Table 7: Quantitative Evaluation

Metrics | Region T1c-ET
SSIM Brain 0.913
Tumor 0.903
Enhancing Tumor | 0.899
NMSE | Brain 0.03
Tumor 0.01
Enhancing Tumor | 0.009
Dice Brain 0.32
Tumor 0.35
Enhancing Tumor | 0.62
PSNR Brain 64.35
Tumor 48.99
Enhancing Tumor | 49.93

4.4.3 Importance of the Input MR sequence for prediction

To determine the influence of the individual MRI sequences on the prediction of the T1c image, we tested

the trained model by iteratively replacing all voxels within a specific MR sequence with zeros.

4.5 Results

4.5.1 Quantitative Evaluation

The T1c-ET model RID model was tested on 125 held out test subjects. The T1c-ET model synthesized
T1c images from multiparametric non-contrast MRI input (FLAIR, T1, and T2). The average PSNR,

NMSE, and Structural Similarity index for the whole brain was 64.35, 0.03, and 0.91 (Table.7). The tumor
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and ET regions demonstrate lower SSIM and PSNR compared to normal-appearing brain. The Dice
coefficient for enhancing tumor on 125 validation subjects was 0.32, 0.35, and 0.62 for uncorrected (whole
brain), corrected for the whole tumor, and corrected for ET, respectively. In most cases, the model was

able to synthesize T1c images with well-defined enhancing regions as shown in Fig.22 A.
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Figure 22: Synthesize T1c images. Ground truth images (left) and
Predicted T1c.
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Figure 23: Importance of input sequences. A. Output with all inputs (T1w, FLAIR and T2w) given to the model, B.
Output with T1 replaced with zeros in the input, C. Output with FLAIR replaced with zeros in the input, and D.
Output with T2 replaced with zeros in the output

4.5.2 Qualitative Evaluation

Examples of representative cases are shown in Figure 22, and animation of real and virtual contrast
enhancement next to each other is shown for an entire image volume (Supplemental Digital Content 1) (I
will add a video). Comparing the predicted to the ground truth T1w images, 92.8% of the subjective rater
scores fell within the good and excellent range. The average rating was 2.18 for enhancing and 2.14 for
non-enhancing tumors. The intraclass correlation coefficient of the two radiologists was 0.87, indicating
good interrater agreement (p<le-4). In a subset of cases, enhancing regions were not as well captured or

missed compared to the ground truth T1c data, an example of which is shown in Figure 22C.

4.5.3 Importance of the input MR sequences for prediction contrast enhancement

By qualitatively examining the outputs of the models by replacing each input sequence with zeros, we were
able to determine which sequences are important to predict individual components of the output image. The

analysis shows that the T1w image contributes primarily to brain structural information in the predicted
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output image. On the other hand, FLAIR and T2w images primarily influence the predicted contrast

enhancement (Fig.23).

4.6 Discussion

We demonstrate that the proposed deep learning model was able to synthesize post-contrast T1w images
for a majority of primary brain tumor cases using only non-contrast FLAIR, T2w, and T1w images. We
tested model performance on a combined dataset of 125 patients scanned using different scanner vendors
at multiple institutions. Qualitative and quantitative evaluations of the predicted images show the robust
performance of the proposed method for predicting tumor enhancement. In the majority of cases, enhancing
and non-enhancing portions of the tumors were correctly predicted. Additionally, the model improved

image quality compared to the ground truth contrast-enhanced T1w images.

When compared to earlier work by Gong et al. used low dose Gadolinium-enhanced T1w images to predict
full dose T1c images, our results represent an advancement as we were able to synthesize predicted contrast-
enhanced images using only non-contrast sequences. Kleesiek et al. developed the Bayesian network to
predict post-contrast images using T1, T2, FLAIR, diffusion-weighted imaging (DW1), and susceptibility-
weighted imaging (SWI) as a ten channel input and demonstrated the feasibility of synthesizing post-
contrast images using non-contrast sequences. Our results further support this approach by demonstrating
the successful prediction of enhancement in 91.8% dataset with high ratings from evaluators that we tested.
Moreover, we were able to achieve comparable results (and arguably superior in certain quantitative

metrics, including PSNR and SSIM) while utilizing fewer sequences (only T1w, T2w, and FLAIR images).

Certain advantages of our strategy included the use of a more diverse dataset through the BRATS dataset.
While the two prior studies utilized imaging data from a single institution, BRATS incorporated data from
multiple sites and includes imaging of varying acquisition characteristics. While introducing more
heterogeneity to the training dataset, this environment also enhances the generalizability of the trained

networks. Further, standard preprocessing applied to all the data acquired with different clinical protocols
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and various scanners from multiple institutions make this approach useful for generalizing automated
approaches across institutions, when differences in hardware and software can significantly alter image

representations.

Our qualitative analysis of the importance of input sequences revealed that the FLAIR and T2w images
contributed complementary information in predicting ET. This is consistent with the findings from
Kleesiek et al., who noted that T2w images were most important to predicting contrast enhancement.
FLAIR and T2w images are generally thought of as having greater contrast-to-noise for delineation of
pathology compared to T1w images. Changes related to disruption of the blood-brain barrier that leads to
contrast enhancement may be better delineated on these sequences, including necrosis and edema. On the
other hand, we found that the T1w images contributed information primarily to delineating the overall brain
structure. T1w images are often treated as anatomic MR images for their ability to capture anatomic detail,
including differentiating between white and grey matter. Of note, although our algorithm utilized only
Tlw, T2w, and FLAIR images, which could reduce scan time, DWI, and lesser degree SWI (or
alternatively, a T2*-weighted gradient echo sequence) are standard sequences for most brain MRI
protocols. The incorporation of these additional sequences, particularly DWI, could also further improve

the performance of our network.

T1c-ET model failed to predict the Gadolinium enhancement in subjects where one or more of the input
sequences has motion corruption and where the tumor has isointensity in both T2 sequences and FLAIR.
The failure of the model to predict enhancement in such cases may be due to inadequate representation of
such tumors with isoitnensity between FLAIR and T1c in the training set. Another limitation that should
be noted is that we used only brain tumor cases for the training of the model. The current method focuses
on large tumor lesions and predicting micro brain metastases, and extending it to other body parts needs to
be investigated further. Expanding the training dataset to normal subjects with pre and post-contrast
imaging could enhance model performance. The current study should be regarded as a clinical feasibility

study, and it is not ready for clinical utility. Further studies with larger subjects and different pathologies
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should be performed to assess the clinical utility post-contrast synthesize. Perhaps adding low contrast low
dose gadolinium contrast along with informative Tlw, T2W and FLAIR contrast may increase the

efficiency of Gadolinium enhancement model to the clinically applicable methodology.

4.7 Conclusion

We proposed a novel deep learning architecture to synthesize post-contrast enhancement using only non-
contrast multiparametric MRI input data. The model demonstrated very good quantitative and qualitative
performance in a substantially larger and heterogeneous testing data and showed that the prediction of
gadolinium enhancement might be feasible in the near future. FLAIR and T2w images are found to have
complementary information in predicting Gadolinium enhancement by performing feature analysis. Further
studies in larger patient collectives with varying neurological diseases are needed to assess the clinical

practicability of this novel approach.
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5.1 Abstract.

In this work, we developed multiple 2D and 3D segmentation models with multiresolution input to
segment brain tumor components and then ensembled them to obtain robust segmentation maps.
Ensembling reduced overfitting and resulted in a more generalized model. Multiparametric MR images of
335 subjects from the BRATS 2019 challenge were used for training the models. Further, we tested a
classical machine learning algorithm with features extracted from the segmentation maps to classify
subject survival range. Preliminary results on the BRATS 2019 validation dataset demonstrated excellent
performance with DICE scores of 0.898, 0.784, 0.779 for the whole tumor (WT), tumor core (TC), and
enhancing tumor (ET), respectively and an accuracy of 34.5% for predicting survival. The Ensemble of
multiresolution 2D networks achieved 88.75%, 83.28% and 79.34% dice for WT, TC, and ET

respectively in a test dataset of 166 subjects

Keywords: Residual Inception Dense Networks, Densenet-169, Squeezenet, Survival Prediction, brain

tumor segmentation
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5.2 Introduction:

Brain Tumors account for 85-90% of all primary CNS tumors. The most common primary brain tumors
are gliomas, which are further classified into a high grade (HGG) and low grade gliomas (LGG) based on
their histologic features. Magnetic Resonance Imaging (MRI) is a widely used modality in the diagnosis
and clinical treatment of gliomas. Despite being a standard imaging modality for tumor delineation and
treatment planning, brain tumor segmentation on MR images remains a challenging task due to the high
variation in tumor shape, size, location, and particularly the subtle intensity changes relative to the
surrounding normal brain tissue. Consequently, manual tumor contouring is performed, which is both
time-consuming and subject to large inter- and intra-observer variability. Semi- or fully-automated brain
tumor segmentation methods could circumvent this variability for better patient management [122, 123].
As a result, developing automated, semi-automated, and interactive segmentation methods for brain
tumors has important clinical implications, but remains highly challenging. Efficient deep learning
algorithms to segment brain tumors into their subcomponents may help in early clinical diagnosis,

treatment planning, and follow-up of patients [124].

The multimodal Brain Tumor Segmentation Benchmark (BRATS) dataset provided a comprehensive
platform by outsourcing a unique brain tumor dataset with known ground truth segmentations performed
manually by experts [8]. Several advanced deep learning algorithms were developed on this unique platform
provided by BRATS and benchmarked against standard datasets allowing comparisons between them.
Convolutional Neural Networks (CNN)-based methods have shown advantages for learning the hierarchy
of complex features and have performed the best in recent BRATS challenges. U-net [125] based network
architectures have been used for segmenting complex brain tumor structures. Pereira et al. developed a 2D
CNN method with two CNN architectures for HGG and LGG separately and combined the outputs in the
post-processing steps [126]. Havaei et al. developed a multi-resolution cascaded CNN architecture with
two pathways, each of which takes different 2D patch sizes with four MR sequences as channels [127]. The
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BRATS 2018 top performer developed a 3D decoder encoder style CNN architecture with inter-level skip
connections to segment the tumor [128]. In addition to the decoder part, a Variation Autoencoder (VAE)

was included to add reconstruction loss to the model.

In this study, we propose to ensemble output from Multiresolution and Multidimensional models to obtain
robust tumor segmentations. We utilized off-the-shelf model architectures (DensNET-169, SERESNEXT-
101, and SENet-154) to perform segmentation using 2D inputs. We also implemented a 2D and 3D Residual
Inception Densenet (RID) network to perform tumor segmentation with patch-based inputs (64x64 and
64x64x64). The outputs from the model trained on different resolutions and dimensions were combined to

eliminate false positives and post-processed using cluster analysis to obtain the final outputs.

5.3 Materials and Methods:

5.3.1 Data and Preprocessing

The BRATS 2019 dataset included a total of 335 multi-institutional subjects [111, 112, 129-131], consisting
of 259 HGGs and 76 LGGs. The standard preprocessing steps by the BRATS organizers on all MR images
included co-registration to an anatomical template [113], resampling to isotropic resolution (1x1x1 mm3),
and skull-stripping [114]. Additional preprocessing steps included N4 bias field correction [115] for
removing RF inhomogeneity and normalizing the multi-parametric MR images to zero mean and unit

variance.

The purpose of the survival prediction task is to predict the overall survival of the patient based on the
multiparametric pre-operative MR imaging features in combination with the segmented tumor masks.

Survival prediction based on only imaging-based features (with age and resection status) is a difficult task.
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Additional information such as histopathology, genomic information, radiotracer based imaging, and other
non-MR imaging features can be used to improve the overall survival prediction. Pooya et.. al. [132]
reported better accuracy by combining genomic information and histopathological images to form a
genomic survival convolutional neural network architecture (GSCNN model). Several studies have reported

predicting overall survival for cerebral gliomas using *C-acetate and ®F-FDG PET/CT scans [133-135].
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Figure 24: A. Ensemble of Segmentation models (DenseNET-169, SERESNEXT-101 and SENet-154). B. Ensemble methodology
used to combine the outputs from Segmentation Models to produce output segmentation maps

5.3.2 Network Architecture

We trained several models to segment tumor components. All network architectures used for the
segmentation task, except Residual Inception dense Network, were imported using Segmentation models,
a python package [136]. The models selected for brain tumor segmentation had different backbones
(DenseNet-169 [137], SERESNEXT-101 [138] and SENet-154 [139] ). The DenseNet architecture has
shown promising results in medical data classification and image segmentation tasks [140-142]. The
DenseNet model has advantages in feature propagation from one dense block to the next and overcomes
the problem of the vanishing gradient [137]. The squeeze and excitation block was designed to improve the
feature propagation by enhancing the interdependencies between features for the classification task. This
helps in propagating more useful features to the next block and suppressing less informative features. This

network architecture was the top performer at the ILSVC 2017 classification challenge. SENet-154 and SE-
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ResNeXt-101 have more parameters and is computationally expensive but has shown good results on the
ImageNet classification tasks [139]. Three of the proposed models were ensembled to obtain the final
results. All of these models from the Segmentation Models package were trained with 2D axial slices of

size 240x240 (Fig. 24).

The Residual Inception Dense Network (RID) was first proposed and developed by Khened et al. for cardiac
segmentation. We incorporated our implementation of the RID network in Keras with a Tensorflow
backend (Figure 25). In the DenseNet architecture, the GPU memory footprint increases with the number
of feature maps of larger spatial resolution. The skip connections from the down-sampling path to the up-
sampling path use element-wise addition in this model, instead of the concatenation operation in DenseNet,
to mitigate feature map explosion in the up-sampling path. For the skip connections, a projection operation
was performed using Batch Normalization (BN)-1 x 1-convolution-dropout to match the dimensions for
element-wise addition (Figure 26). These additions to the Densenet architecture help in reducing the
parameters and the GPU memory footprint without affecting the quality of segmentation output. In addition
to performing dimension reduction, the projection operation facilitates learning interactions of cross
channel information [116] and faster convergence. Further, the initial layer of the RID networks includes
parallel CNN branches similar to the inception module with multiple kernels of varying receptive fields.
The inception module helps in capturing view-point dependent object variability and learning relations

between image structures at multiple-scales.

5.3.3 Model Training and Ensemble Methodology.

All models from the Segmentation models package were trained with full resolution axial slices of size
240x240 as input to segment the tumor subcomponents separately. The outputs of each component from

the models were combined following post-processing steps that included removing clusters of smaller size
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to reduce false positives. Each tumor component was then combined to form the segmentation map (Figure

24B).

The RID model was trained on 2D input patches of size 64x64. For each component of the brain tumor
(e.g., Whole Tumor (WT), Tumor Core (TC), and Enhancing Tumor (ET)), we trained a separate RID
model with axial as well as sagittal slices as input. In addition to the six RID models, we also trained a
RID with axial slices as input with a patch size of 64x64 to segment TC and Edema simultaneously (TC-
ED). A three-dimensional RID network model was also trained to segment ET and a multiclass TC-ED
(TC-ED-3D). All models were trained with dice loss and Adam optimizers with a learning rate of 0.001

using NVIDIA Tesla P40 GPU’s.

5.3.4 Ensemble Methodology.

The DenseNET-169, SERESNEXT-101, and SENet-154 model outputs were first combined to form
segmentation maps, as shown in Figure 24B, which we will refer to as the Segmentation model output.
Then, for each component, we combined outputs from the RID models and Segmentation models, as

shown in Figure 26.
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5.3.5 Survival Prediction.
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The tumor segmentation maps extracted from the above methodology was used to extract texture and
wavelet based features using the PyRadiomics [143] and Pywavelets [144] packages from each tumor
subcomponent for each contrast. In addition, we also added volume and surface area features of each
tumor component [145], along with age. We performed feature selection based on SelectKBest features
using the sklearn package [146, 147], which resulted in a reduced set of 25 features. We trained four
different models, including XGBoost (XGB), K-Nearest Neighbour (KNN), Extremely randomized trees
(ET), and Linear Regression (LR) models [148] for the survival classification task. An ensemble of the
four different models was used to form a voting classifier to predict survival in days. These predictions
for each subject were then separated into low (<300 days), medium (300-450 days), and long survivors

(>450 days). Twenty-nine subjects from the validation dataset were used to validate the trained model.
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Figure 27: An ensemble of multidimensional and multiresolution networks. Top to bottom, the ensemble for the Whole Tumor (WT),
Tumor Core (TC), and Enhancing Tumor (ET), respectively.
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5.4 Results

5.4.1 Segmentation

The Ensemble of multiresolution 2D networks achieved 89.79%, 78.43% and 77.97% dice for WT, TC,

and ET respectively in the validation dataset of 125 subjects (Table 8, Fig. 27) and 88.75%, 83.28% and

79.34% dice for WT, TC, and ET respectively in the test dataset of 166 subjects (Table 9).

Table 8. Validation Segmentation Results for Multiresolution 2D ensemble model and multidimensional

multiresolution ensemble model

(Models — Jwr___[Tc_[ET |
Multiresolution 2D Ensemble 0.892 0.776 0.783

Multidimensional and 0.898 0.78 0.784
Multiresolution Ensemble

Table 9. Testing Segmentation Results for the Multidimensional and Multiresolution ensemble model

(Models —[wr __|TC__|ET |
Multidimensional and 0.888 0.833 0.793
Multiresolution Ensemble

5.4.2 Survival Prediction

Accuracy and mean square error for overall survival prediction for the 29 subjects using a Voting

Classifier were 51.7 % and 117923.1, respectively (Table 10). In testing, the proposed method achieved

Table 10. Validation Survival results for the Voting Classifier network.

Validation 51.7% 117923.1
Testing 41.1% 446765.3

41.1% accuracy.
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5.4.3 Discussion

We ensemble several models with multiresolution inputs to segment brain tumors. The RID network was
parameter and memory efficient, and able to converge in as few as three epochs. This allowed us to train
several models for ensemble in a short amount of time. The proposed methodology of combining
multidimensional models improved performance and achieved excellent segmentation results, as shown in

Table 8. For survival prediction, we extracted numerous features based on texture, first-order statistics,
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Figure 28:. Example Tumor Segmentation Performance for 3 subjects shown
in each row. (a) T1l-post contrast (T1C), (b) Segmentation output, (c)
Overlay of segmentation output on the T1-post contrast images. Colors:
Blue = Non-enhancing tumor + Necrosis, Red = Enhancing Tumor, and
Green = Edema

and wavelets. Efficient model based feature selection allowed us to reduce the otherwise large feature set
to 25 features per subject. We trained several classical machine learning models and then combined them

to improve results on the validation dataset.
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5.5 Conclusion

We demonstrated a two-dimensional multiresolution ensemble network for automated brain tumor
segmentation to generate robust segmentation of tumor subcomponents. We also predicted the overall
survival based on the segmented mask using an xgboost model. These may assist in diagnosis, treatment
planning, and therapy response monitoring of brain tumor patients with more objective and reproducible

measures.
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6.1 Abstract

Isocitrate dehydrogenase (IDH) mutation status is an important marker in glioma diagnosis and
therapy. We propose a novel automated pipeline for predicting IDH status noninvasively using
deep learning and T2-weighted (T2w) MR images with minimal preprocessing (N4 bias correction
and normalization to zero mean and unit variance). T2w MRI and genomic data were obtained
from The Cancer Imaging Archive dataset (TCIA) for 260 subjects (120 High grade and 140 Low
grade gliomas). A fully automated 2D densely connected model was trained to classify IDH
mutation status on 208 subjects and tested on another held-out set of 52 subjects, using 5-fold cross
validation. Data leakage was avoided by ensuring subject separation during the slice-wise
randomization. Mean classification accuracy of 90.5% was achieved for each axial slice in
predicting the three classes of no tumor, IDH mutated and IDH wild-type. Test accuracy of 83.8%
was achieved in predicting IDH mutation status for individual subjects on the test dataset of 52
subjects. We demonstrate a deep learning method to predict IDH mutation status using T2w MRI
alone. Radiologic imaging studies using deep learning methods must address data leakage (subject
duplication) in the randomization process to avoid upward bias in the reported classification
accuracy.

Keywords: Isocitrate dehydrogenase (IDH), MRI, Convolutional networks, Deep learning, Tumor

classification, Radiomics
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6.2 Introduction

In 2008 it was reported that some glioblastomas harbor a mutation in a gene coding for the citric
acid cycle enzyme isocitrate dehydrogenase (IDH) [150]. Subsequent studies revealed that the
majority of low grade gliomas possess a mutant form of IDH, and that the mutant enzyme catalyzes
the production of the oncometabolite 2-hydroxyglutarate (2-HG) [151]. Although this product of
the mutant form of IDH is believed to play a role in the initiation of the neoplastic process, it has
been observed that gliomas that contain the mutant enzyme have a better prognosis than tumors of
the same grade that contain only the wild type IDH. This observation implies that IDH mutated
and IDH wild type gliomas are biologically different tumors, and led the World Health
Organization (WHO) to designate them as such in the latest revision of their classification of
gliomas [152]. Although a presumptive diagnosis of an IDH mutated glioma may be made on the
basis of MR spectroscopy for 2-HG [153-156], at the present time, the only way to definitively
identify an IDH mutated glioma is to perform immunohistochemistry or gene sequencing on a
tissue specimen, acquired through biopsy or surgery. Because the differences between IDH
mutated and IDH wild type gliomas may have implications for their treatment, especially if
inhibitors of the mutant IDH enzyme currently in development prove to halt their growth, there is
interest in attempting to distinguish between these two tumor types prior to surgery. As noted
above, one avenue of research involves using MR spectroscopy to measure levels of 2-HG in the
tumor [154, 157-159]. More recent studies have attempted to utilize machine learning techniques
to analyze diagnostic MR images and predict IDH mutation status in gliomas using anatomic

differences between the two tumor types.
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Delfanti et al. demonstrated that genomic information with fluid attenuated inversion recovery
(FLAIR) MRI could be used for the classification of patient images into IDH wild type, and IDH
mutation with and without 1p/19q co-deletion [160]. The main determinants for classification were
tumor border and location, with IDH mutant tumors having well-defined or slightly ill-defined
borders and predominantly a frontal localization; and IDH wild type tumors demonstrating
undefined borders and location in non-frontal areas. Chang et al. developed a deep learning
residual network model for predicting IDH mutation with preprocessing steps including
resampling, co-registration of multiple sequences, bias correction, normalization and tumor
segmentation [161]. Using a combination of imaging and age, the model demonstrated testing
accuracy of 89.1% and an area under the curve (AUC) value of 0.95 for IDH mutation for all image
sequences combined. Zhang et al. used 103 low grade glioma (LGG) subjects for training a support
vector machine (SVM) for classifying IDH mutation status, achieving an AUC of 0.83 on testing
data[162]. Inanother approach, Chang et al [163] similarly demonstrated that IDH mutation status
can be determined using T2-weighted (T2w), T2w- Fluid attenuated inversion recovery (FLAIR)
and T1-weighted pre- and post-contrast images. Preprocessing steps in their work included co-
registration of all sequences, intensity normalization using zero mean and unit variance,
application of a 3D convolutional neural network (CNN) based whole tumor segmentation tool for
segmenting the lesion margins, cropping the output tumor mask on all input imaging sequences,
and resizing individual image slices to 32 x 32 with 4 input sequence channels. The mean accuracy
result from the model was 94% with a 5-fold cross validation accuracy ranging from 90% to 96%
[163]. Common to all of these previous methods is the involvement of preprocessing steps,

typically including some form of brain tumor pre-segmentation or region of interest extraction,
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and utilizing multiparametric or 3D near-isotropic MRI data that is often not part of the standard

clinical imaging protocol [161, 163].

In this work, we propose a fully automated deep learning based pipeline using a densely connected
network model, that involves minimal preprocessing and requires only standard T2w images. A
similar approach has been previously used for the identification of the O® — methylguanine-DNA
methyltransferase (MGMT) methylation status and prediction of 1p/19g chromosomal arm
deletion [164]. Clinical T2-weighted images are acquired in a short time frame (typically around
2 minutes), and are robust to motion with current acquisition methods. Almost universally, high
quality T2-weighted images are acquired during clinical brain tumor work-ups. The preprocessing
steps preserve the original image information without the need for any resampling, skull stripping,
region-of-interest, or tumor pre-segmentation procedures. The advantage of a dense network
model is that it passes the weights from all the previous blocks to the subsequent blocks, preserving

the information from the initial layer and aiding in the classification.

The ability to quickly and accurately classify IDH status non-invasively can help with better
planning, counseling, and treatment of brain tumor patients, especially in cases where biopsy is
not feasible due to unfavorable tumor locations. A methodologic contribution that we make
specifically to the radiologic deep learning literature is on the approach to data randomization for
2D models. Furthermore, the deep learning approach is fully automated and can be easily

implemented in the clinical workflow using only T2-weighted MR images.

6.3 Materials and Methods
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6.3.1 Subjects

260 subjects from The Cancer Imaging Archive (TCIA) [165] dataset were selected, including 120
high grade gliomas (HGG) [166] and 140 low grade gliomas (LGG) [167], and based on their pre-
operative status from a pool of 461 subjects. The genomic information was provided through the
National Cancer Institute - Genomic Data Commons (GDC) Data Portal [168]. The genomic data
was available in the following 3 classes: IDH mutated, IDH wild type, and Not Available (N/A).
The Genomic data of the N/A type was excluded from the pool of 461 subjects. MRI data was
filtered for any visible artifacts in the images. The final dataset consisted of 260 subjects based on
the available genomic information, MRI data, pre-operative status and lack of image artifacts on

the T2w images.

A standard 80:20 data split was employed with 80% training and 20% testing (held-out). The 80%
training was further split into a standard 80:20 split of 80% training and 20% validation. The final
dataset of 260 subjects was thus randomly divided into a training set (208 subjects, including
approximately 96 HGG and 112 LGG) and a test set (52 subjects, including approximately 24
HGG and 28 LGG). This process was repeated separately for each fold during the 5-fold cross

validation.

For each fold of the cross-validation, 208 subjects with, on average, 9,728 axial slices of T2w
images were selected for training and validation (7177 slices — No tumor, 1110 slices — IDH
mutated, 1441 slices— IDH wild type). The start and end slices of the tumor (edge slices) were
manually labeled for each T2 dataset. These edge slices were excluded from training to provide

more robust ground truth data. All slices were included for the testing set. Each T2w slice was
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manually assigned only one label (No Tumor, IDH mutated, or IDH wild type). In order to address
any class imbalance due to the higher number of no tumor slices, class weights were assigned
based on the labels in the training dataset. Although this was a slice-wise training model, slices of
subjects in the testing set were not mixed into the training set. This is a critical step related to the
data leakage problem in 2D networks, especially for radiologic deep learning studies [169, 170].
This was necessary to avoid bias during testing and an over inflation of the measured accuracies.
Fifty two subjects with 2522 axial slices (1839 slices— No Tumor, 299 slices— IDH mutated, 384
slices— IDH wild type) were not included in the training or validation and were used for testing,
for each fold. Classification was done on a slice-wise basis (2D) followed by majority voting
across all slices to provide a patient-level classification. Note that we use the term slice-wise to
refer to classification of each 2D axial image for IDH status. Similarly, the term subject-wise is
used for classification of IDH status for each subject. We used a straightforward majority voting
scheme to determine subject-wise classification based on the majority IDH classification of the
individual 2D slices. Subjects classified with an equal number of IDH mutated and IDH wild-type

tumor slices were assigned to the IDH wild type group.

6.3.2 Image Processing

Minimal standard preprocessing of the T2w images from the TCIA data set was performed prior
to training (Figure 29). The images were converted from DICOM to nifti format using dem2nii,
bias corrected to remove RF inhomogeneity using the N4 bias correction algorithm, zero-mean
intensity normalized to between -1 and 1, and resampled to 128 x 128 image dimensions to

improve the computational efficiency during training. The Inception V4 model however, required
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input image size of 299 x 299 as a design constraint of this model when originally constructed

[171, 172]. The total preprocessing time for each subject was less than 1 minute.

Preprocessing

Dicom Images ]

|

[ Dicom to Nifti Conversion ]
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1

{ Zero mean and unit variance

Input Image

Figure 29: Flowchart of preprocessing steps prior to training the deep learning

6.3.3 Model Training

The following models were used for classification of the T2w images into IDH mutated and IDH
wild type classes: residual network (ResNet-50), Densely connected network (DenseNet-161),
and Inception-v4. Our choice of network architectures was based on the best performers from the
ImageNet challenge for 2015 (ResNET), and 2017 (DenseNet and Inception VV4). The DenseNet
model, designed by Huang et al [173] received the best paper award at CVPR 2017. The models
were trained with the Pycharm and Python IDEs using the Keras python package with
TensorFlow backend engines. Fine tuning of the 3 classes was performed on all models. The
three-class labels for each slice were: no tumor, IDH mutated, and IDH wild type. The models
were originally trained on ImageNet data with 3 channels (RGB). For our implementation the 3-
channel input was provided as a central slice with the 2 immediate surrounding slices. If the

central slice was the first or last slice, the surrounding slices were assigned as no value.
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6.3.4

ResNet-50 Model

The residual network was implemented as proposed by He et al. [174]. Each residual connection

adds the input of the block to the output, helping to preserve the information from the previous

block. A deep residual network framework was added to the model while maintaining parameter

numbers to address issues with convergence in the originally proposed model. The residual net

used the kernel initializer as ‘He normal’ for weight initialization. On top of the residual network

model, a flattened output was added and sent to the dense layer with the rectified linear unit

(‘relu’) activation and a dropout of 0.5. The final layer of the model was the classification layer

with a softmax activation and the number of classes as the output. The residual network model

used for training was ResNet-50 (Figure 30).
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The Inception model architecture was designed by the Google Research team [171, 172]. The

Inception-v4 model is a deep architecture with 41 million parameters and the model is designed
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with inception blocks and reduction blocks. The inception blocks are used in a sequential manner
with reduction blocks except for the last inception block, which has an average pooling layer and

a dropout layer before the classification layer.

6.3.6 DenseNet-161 Model

The DenseNet model was based on the design by Huang et al. [173]. This model was inspired by
the residual network model, which allows the residual connections to pass information from the
previous layer to the subsequent layer. Dense networks have advantages over other networks by
alleviating the vanishing gradient problem with feature propagation through the dense

connection to the subsequent layers.

The features passed to the subsequent layers in the DenseNet model are not added by summation,
but are combined using concatenation. Each block has connections from the previous block such
that L=number of blocks and the number of connections for each block is Lx(L+1)/2, creating a
dense connectivity pattern or DenseNet. The DenseNet-161 model architecture is shown in
Figure 31, which illustrates a 5 block approach where the 1st block is the Input layer and each of
the subsequent 4 blocks are characterized by 2D convolution layers with filter size of (1 x 1) and
(3 x 3) respectively. The pre-trained model was used to transfer learning and used for
classification based on the trained information. A 161 layer DenseNet model was used for model

training.
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6.3.7 Training, Testing and Statistical Analysis

Model training was performed on a Nvidia Tesla P100, P40, K40/K80 GPU with 384 GB RAM
and the model accuracy was assessed for 200 Epochs. The optimizer used for training was the
Stochastic Gradient Descent [175] as described in Zhang et al.[176] and the learning rate was set
to 10, with a decay of 10”7 and momentum of 0.8. Data augmentation was performed on the
training dataset, which included vertical and horizontal flip, random rotation, translation, shear,
zoom shifts and elastic transformation to minimize overfitting the data. The results were analyzed
by assessing accuracy, precision, sensitivity, specificity, and F-1 score values. Figure 32 shows
the confusion matrix and the equations for calculating the testing parameters. Slice-wise model
testing was performed based on the output from the 2D model. Subject-wise classification was
performed based on majority voting across IDH mutated and IDH wild type tumor slices. This
classification accuracy was computed on the independent test dataset that was separate from the

testing and validation data sets.
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Figure 32: Confusig
calculating accuracy

specificitymand F1-score
True False Accuracy = (TP +TN) / (TP+TN+FP+FN)
Negatives (TN)]| Positive (FP) Precision = TP /(TP + FP)
Sensitivity = TP / (TP+FN)
False True Specificity = TN / (TN+FP)
Negatives (FN)| Positives (TP) F1Score = 2*TP/ (2*TP+FP+FN)

Confusion Matrix

6.3.8 Model training times

The DensetNet-161 model took approximately 110 hours for training, while the ResNet-50 model
and the Inception V4 model took approximately 56 hours and 32 hours, respectively. Testing time

for individual subject classification was less than 30 seconds for all models.

6.4 Results
6.4.1 Training, validation, and testing accuracy

Table 11 shows the accuracy comparison between the ResNet-50, DenseNet-161 and Inception-
v4 models. The DenseNet-161 model was superior in training, validation, and testing accuracy
compared to ResNet-50 and Inception-v4. Averaged across the five folds, the slice-wise accuracy
of the DenseNet-161 model was 90.5 +1.0% (standard deviation) with an AUC of 0.95 on the held

out test dataset of 52 subjects.
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Table 11: Slice-wise accuracy comparisons between the Resnet-50, Inception-v4, and DenseNet-161 model
averaged for 5 fold cross validation

Results averaged for 5 fold cross validation
Model Training Validation Testing accuracy
accuracy (%) accuracy (%) (%)
Inception-v4 64.8 72.2 1916/2522 (76.1)
ResNet-50 97.9 96.5 2265/2522 (89.7)
DenseNet-161 97.9 96.4 2282/2522 (90.5)

6.4.2 Accuracy, Precision, Recall/Sensitivity, Specificity, F1 score and AUC Comparison

Average metrics were computed across folds and classes. The classification accuracy, precision,
recall/sensitivity, specificity, F1 score and AUC for slice-wise IDH classification with the
DenseNet-161 model were 90.5 +1.0%, 79.9 +3.4%, 83.1 +3.2%, 94.8 +0.5%, 81.3 +3.2% and
0.95, respectively. For subject-wise IDH classification, accuracy, precision/positive predictive
value, recall/sensitivity, specificity, F1 score and AUC were 84.1 £+2.9%, 83.5 £3.5%, 83.5 £3.5%,
83.5 +£3.1%, and 0.84 (Table 12). Slice-wise and subject-wise comparisons of accuracy, precision,
recall/sensitivity, specificity, F1 score and AUC for each of the 5 fold cross validations for the

DenseNet-161 model are shown in Table 13.
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Table 12: Slice-wise and subject-wise comparison of accuracy, precision, recall, F1-score and AUC parameters
between the Resnet-50, Inception-v4, and DenseNet-161 model averaged for 5 fold cross validation

Results averaged for 5 fold cross validation
Accuracy | Precision Recall / Specificity | F1 score
Parameters e AUC
(%) (%) Sensitivity (%) (%) (%)
Slice wise
Inception-v4 76.1 59.4 59.2 84.5 58.2 0.86
ResNet-50 89.7 79.3 81.7 94.1 80.2 0.95
DenseNet-161 90.5 79.9 83.1 94.8 81.3 0.95
Subject wise
Inception-v4 64.2 65.8 65.1 65.1 64.0 0.65
ResNet-50 81.4 81.5 81.5 81.5 81.4 0.81
DenseNet-161 83.8 84.1 83.5 83.5 83.5 0.84

Table 13: Slice-wise and subject-wise comparison of accuracy, precision, recall, F1 score and AUC parameters for
each of the fivefold cross validation for the DenseNet-161 model

DenseNet-161 model
Fold Accuracy | Precision Recall / Specificity | F1 score AUC
(%) (%) Sensitivity (%) (%) (%)
Slice wise
1 91.7 83.3 86.0 94.9 84.4 0.95
2 91.0 82.7 84.4 95.1 83.5 0.95
3 90.1 79.3 81.5 94.5 80.2 0.95
4 88.7 73.7 77.6 93.9 75.5 0.91
5 90.9 80.3 86.0 95.4 82.8 0.95
Subject wise
1 84.6 84.8 84.0 84.0 84.2 0.84
2 86.5 87.2 87.5 87.5 86.5 0.87
3 78.8 79.1 77.9 77.9 78.2 0.78
4 82.7 83.1 81.8 81.8 82.2 0.82
5 86.5 86.3 86.6 86.6 86.4 0.87
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6.4.3 Slice-wise comparison:

The precision for the DenseNet-161 model across 5 fold cross validation was 97.7 £0.5% for the
“no tumor” classification, 71.7 £6.8% for IDH mutation, and 70.3 £5.5% for IDH wild type.

6.4.4 Subject-wise comparison:

For the DenseNet-161 model, the sensitivity and specificity for subject-wise IDH mutation
classification was 80.9 £9.4% and 86.2 £3.8%, respectively. The positive and negative predictive

values were 82.5 +2.8% and 85.7 +6.3%, respectively.

6.5 Discussion

The results from Tables 11 and 12 show that the ResNet-50 model performed better than the
Inception-v4 model. The ResNet-50 architecture has residual connections which preserve
information from the previous layer in the residual block. The DenseNet-161 model performed the
best of all the three models tested. Unlike the ResNet-50 model, the DenseNet-161 model
architecture carries the information from all previous layers and adds the information to the next
layer. This helped in learning the information from different layers and transferring to the next
layers. The slice-wise classification AUC results were 0.95 for DenseNet-161, 0.95 for ResNet-

50, and 0.86 for Inception-v4.

Chang et al. [163] demonstrated a high classification accuracy for IDH mutation status using T2w,
FLAIR, T1w pre- and post-contrast images. Preprocessing steps included coregistration across
multiple sequences, intensity normalization to zero mean and unit variance, segmentation of the

brain tumor and cropping the images and resizing slices to 32 x 32. A 94% mean accuracy on 5-
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fold cross validation was reported. The approach to classification was slice-wise, similar to our
model. In designing the slice-wise classification model, it is important to ensure that none of the
slices of subjects from the testing set are inadvertently included in the training set. This can easily
be overlooked in 2D slice-wise models during the slice randomization process that generate the
training slices, validation slices, and testing slices. This can introduce bias in the testing phase
artificially boosting accuracies by including slices from subjects in the training set that share
considerable information with different slices but from the same subjects in the testing set. It is

not clear in the previously reported 2D models whether this caveat was adhered to.

An important methodologic contribution that we make specifically to the radiologic deep learning
literature is on the approach to data randomization for 2D models. It is critical that imaging
researchers are aware of the data leakage and subject duplication issue. This is perhaps unique to
radiology where multiple slices of pathology are acquired in MRI or CT, with considerable overlap
in feature content from slice to slice. Widely used deep learning tools provide the ability to
perform data randomization using a simple flag in the called routine (e.g., in Keras, or Scikit-
learn[146]). Use of this flag in 2D imaging based CNNs can lead to bias in the results by
inadvertently including slices from the same subject in both training and testing cohorts. This is a
significant concern, as it can lead to data leakage in which examples of the same subject (albeit
different slices of the same tumor) can appear in the training set and the test set. The problem of
data leakage in medical images was discussed by Wegmayr et. al. [177] and Feng et. al.[169] and
has been referred to as subject duplication in training and testing sets.  In our initial studies, we
did not account for the data leakage problem and achieved accuracies of 95% with the T2 images
alone, slightly higher than that of Chang et al [163]. When appropriately accounting for the data

leakage issue, our accuracies were reduced to the 83.8% reported here. One of the major
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contributions of our work is in making the radiology community aware of the data leakage
problem, as it is very easy to overlook when 2D networks are considered that use image slices as

input.

The majority of HGG tumors are IDH wild type (up to 90%). An algorithm that merely
distinguishes between HGG and LGG for determination of IDH status is likely of limited value as
this can be done subjectively with fairly high accuracy on the basis of contrast enhancement. For
example, previous studies that used multiparametric MR data for determination of IDH status in
HGG and LGG may have demonstrated high accuracy predominantly on the basis of contrast
enhancement features. The more valuable distinction from a clinical standpoint would be between
IDH mutated and IDH wild type low grade gliomas in which contrast enhancement is usually
absent. Our training and testing samples were weighted towards LGG, and there were a
significant number of IDH wild type LGG in both the training and validation sample (~ 30%). Our
testing accuracy for the LGG group was 78.6%. Additionally, our use of T2w-only images

eliminates the potential for the algorithm being a contrast-enhancement discriminator.

Our method provides high accuracy with minimal preprocessing steps as compared to previous
work. The preprocessing steps in our work only involve N4 bias field correction and intensity
normalization. Our method also involves no tumor segmentation or ROI extraction as described in
Chang et al.[161] , which helps in reducing the time, effort and potential sources of error. Our
method also does not require pre-engineered features to be extracted from the images or
histopathological data as described in Delfanti et al. [160]. This general approach can be easily

incorporated into an automated clinical workflow for IDH classification. The minimal
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preprocessing, and the use of standard T2w images alone makes it promising as a robust clinical

tool for noninvasively determining IDH mutation status.

Limitations

This is a retrospective study applying several neural network architectures to the TCIA HGG-LGG
database to generate a model predicting IDH genotype based only on T2-weighted MR imaging.
The data set, especially at the subject level, is small in terms of deep learning applications and may
not generalize well. Fluctuation of performance is also a concern with small data sets. However,
the TCIA dataset is the largest curated brain tumor dataset publicly available, and it uses data from
multiple sites using different imaging protocols. This database consisted of data from 10 different
institutions out of which 8 institutions contributed GBM/HGG datasets and 5 institutions
contributed LGG datasets to the TCIA cohort. This provided a very heterogeneous dataset, and we
believe this is perhaps even better than using data from a single source for deep learning
applications. While our current study focused on the classification of T2w images into no tumor,
IDH mutated, an IDH wild type, future studies can extend this approach to classify IDH1 and IDH2
subtypes. Accuracies may be further improved with the inclusion of multiparametric imaging data
in the training model. Our approach, however, is much more straightforward using T2-weighted
images alone without the requirement of additional imaging sequences. Clinically, T2-weighted
images are typically acquired within 2 minutes, and are robust to patient motion. The multi-
sequence input required by previous approaches can be compromised due to patient motion from
lengthier examination times, and the need for gadolinium contrast, especially as the post-contrast

images are typically acquired at the end of an already lengthy examination time. For a potential
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clinical solution, the use of T2-weighted images is a significant strength, as these images are almost

uniformly acquired without artifacts from patient motion.

6.6 Conclusion

We demonstrate a deep learning method to predict IDH mutation status using T2-weighted MR
images alone. The proposed model requires minimal preprocessing to obtain high accuracies,
without the need for tumor segmentation or extraction of regions of interest, making it promising

for robust clinical implementation.
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