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ABSTRACT 

 

Glioblastoma (GBM) is one of the most aggressive cancers, which is commonly 

characterized by increased angiogenesis, hypercellularity, and disrupted blood-brain-

barrier (BBB). Dynamic Contrast-Enhanced (DCE) MRI is an emerging non-invasive MR 

imaging technique to assess the invasiveness of the tumor by studying BBB. By fully 

automating the generation of kinetic parameter maps, we can reduce the amount of data 

produced and also eliminate user bias. This project compares two approaches to generate 

kinetic parameter maps: extended Tofts (Ex-Tofts) model and a deep learning network. 

Orthotopic GBM was established in nude mice and DCE MRI of mouse brain was 

conducted on a 7T MRI. The Ex-Tofts model involved tissue T1 value, T1-W image signal 

intensity (SI), and DCE MR image data to generate gadolinium (Gd) concentration curves, 

to estimate vascular permeability parameters. The parameters extracted from the Ex-Tofts 

model were processed as target images to a 24 layer convolutional neural network (CNN). 

The CNN was trained on T1-weighted DCE images as source images and designed with 

parallel dual pathways to capture multiscale features. 

Comparison of permeability maps revealed a high structural similarity index (SSIM) 

between the two approaches. In some cases, the CNN outperformed the extended Tofts 

model by suppressing the artifacts due to enhancement of cerebral spinal fluid (CSF) and 

human error while identifying the arterial input function (AIF). Our data supported that the 

deep learning approach can serve as a useful and efficient tool to estimate the vascular 

permeability parameters in GBM. 
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Chapter 1  

Introduction 

1.1 Glioblastoma  
 

GBM has abnormally increased angiogenesis to supply blood and other essential nutrients 

to the tumor[1]. This promotes the cancer cells to grow exponentially, and infiltrate and 

invade the nearby healthy tissue, which causes a decreased supply of oxygen and nutrients 

to the healthy cells. One of the most detrimental clinical effects of GBM is the development 

of vasogenic brain edema, which dramatically increases the intracranial pressure due to 

Blood-brain-barrier leakage[2,3]. Blood-brain-barrier (BBB), a highly selective 

semipermeable epithelial lining between the brain and the blood vessels, is disrupted in 

high-grade gliomas. This leads to cerebral edema and leakage of certain molecules to and 

from vasculature[4-6]. An important characteristics of BBB damage in GBM particularly is 

the heterogeneous nature of leaky barrier, which helps in estimating the progression of the 

tumor. Disrupted BBB can aid in the progression of GBM to different regions of the brain. 

Although it is highly unlikely for GBM to colonize in other organs, few cases have reported 

cancer cell migration from a primary tumor in one hemisphere to the other hemisphere 

through cerebral fluids, in the later stages of cancer[7].  

This indicates a great need for effective diagnosis to estimate the damage of the BBB at 

the earlier stages of GBM. Quantifying the extent of BBB damage can help in proficiently 

studying any drug delivery treatment. Diagnostic procedures for cancer include imaging, 

laboratory tests (including tests for tumor markers), tumor biopsy, or endoscopic 
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examination. Methods like laboratory tests for tumor markers and tumor biopsy are more 

invasive and require heavy sedation or general anesthesia. In a few cases, it is necessary to 

remove a large piece of tissue to provide the pathologist sufficient material to reach an 

accurate diagnosis. This takes longer to process and consequently, makes the procedure 

expensive[13]. 

Imaging is a non-invasive method that takes considerably less processing time, thus 

improving time-efficiency for primary diagnosis. Several imaging modalities can 

provide non-invasive information about tissue-specific parameters. Ultrasonography, 

computed tomography (CT), positron emission tomography (PET), and magnetic 

resonance imaging (MRI) are popular biomedical imaging modalities[14]. 

1.2 DCE-MR Imaging 
 

MRI has been proven to be a powerful tool for acquiring noninvasive information about 

tumor microenvironment, and it offers several different techniques to obtain tissue-specific 

information. Advancements in MR techniques have increased non-invasive access to a 

significant amount of useful information on cancer metabolism and tumor heterogeneity, 

ranging from spatial scaled to functional or metabolic imaging. MRI techniques used for 

functional imaging include arterial spin labeling (ASL), dynamic susceptibility contrast 

MRI (DSC-MRI), blood oxygenation level-dependent (BOLD) imaging, and dynamic 

contrast-enhanced MRI (DCE-MRI)[8].  

DCE-MRI is a widely used preclinical and clinical imaging technique for obtaining 

vascular information[9-12,14]. Dynamic contrast enhancement imaging captures the transport 

of a contrast agent (CA) in a tissue/region. Although the molecular size of the CA is 
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relatively small (500−1000 Da), BBB is not permeable for these molecules under normal 

conditions. In the case of a disruption in the blood-brain barrier, gadolinium (Gd), a 

paramagnetic contrast agent, diffuses into the tissue and accumulates[9,10], as shown in 

Figure 1. The leakage of CA in the tumor extracellular space enhances the tumor on MRI 

images. Also, an enhanced tumor provides an estimate for tumor boundaries, which aids in 

treatment planning and evaluating the prognosis. 

 

Figure 1: Function of Blood-Brain-Barrier. The figure on left describes the selective 

semipermeable nature of intact BBB. The CA molecules can not penetrate through the 

tight junctions of BBB. In the case of disrupted BBB, the CA molecules can pass through 

the junctions, as depicted in the figure on the right. 

 

The technique of DCE MRI, in which a series of fast T1-w MRI scans are taken following 

the intravenous injection of a contrast agent, has been widely used to compute 

pharmacokinetic (PK) parameters in a specific region. Analyzing the transport 

characteristics (exchange between the intravascular and the interstitial space in the adjacent 

tissue) of the CA enables the quantification of PK parameters[9,11,12]. Pharmacokinetic 

analyses based on the two-compartment model can provide information about the 
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microvessel permeability and the extracellular space. This enables healthcare professionals 

to analyze the tumor microenvironment with precision and ease. 

Dynamic Contrast-Enhanced (DCE) imaging measures T1-w signal intensity changes in 

tissues over time after bolus administration of gadolinium. Immediately after injection, 

gadolinium contrast agent molecules in plasma circulate to surrounding tissue in proportion 

to blood flow. The concentration of the contrast agent is measured as it passes into and 

from the blood vessels and the extracellular space of the tissue. Gd based CA causes a 

decrease in T1 relaxation time, therefore images acquired after gadolinium injection 

display higher signals in T1-weighted images indicating the presence of the agent. A BBB 

disruption causes the accumulation of CA molecules in the tumor, increasing the image 

signal intensity at the tissue site where the CA concentrates is dominated by T1 shortening 

[10]. 

It is important to note that, unlike some techniques such as PET imaging, the contrast 

enhancement is not direct imaging of Gd based CA, but its indirect effect on water protons. 

Trying to capture dynamic changes can limit possible image resolution[15]. Slower time 

resolution allows more detailed images but may limit interpretation to only looking at 

signal intensity curve shape. In general, linear increase in signal intensity (corresponding 

to decreased T1 and thus increased Gd interaction) in a DCE-MRI image voxel indicates 

permeable blood vessels characteristic of tumor tissue, where Gd has leaked into the 

extravascular extracellular space. In tissues with a high cell density, gadolinium re-enters 

the vessels. In tissues with a lower cell density, the gadolinium stays in the extracellular 

space longer. Similarly, in the case of GBM, which has very high cell density, the Gd 

molecules wash out into the bloodstream after reaching a peak.  
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1.3 Pharmacokinetic Model 
 

Pharmacokinetic modeling of gadolinium in DCE-MRI is complex. There are a variety of 

models, which describe tissue structure differently, including size and structure of plasma 

fraction, extravascular extracellular space, and the resulting parameters relating to 

permeability, surface area, and transfer constants. Most of the methods used to analyze the 

DCE T1 dynamic images use a compartmental model to obtain three primary parameters, 

such as the uptake of the CA into the extravascular extracellular (EES) space, wash out of 

the CA back into the vasculature, and the volume of the EES space[11, 16-19]. Shown in figure 

2 are the two popular models used in DCE analysis namely, Patlak[20] and Tofts model[21]. 

In previous studies, it was determined that the extended Tofts model estimated Ktrans was 

more superior than the Patlak model. Despite a high temporal resolution, the Patlak model 

overestimated Ktrans value[23]. In the study[22], the significance of using extended Tofts 

model over a simple Tofts model is discussed. Under the high temporal resolution, a simple 

Tofts model failed to model the blood vasculature, which in turn affects the estimation of 

the kinetic parameters. Hence, extended Tofts model is chosen to estimate the transfer 

constant (Ktrans), rate constant (Kep), the volume of extravascular extracellular space (Ve) 

in this project (Figure 3). These parameters are obtained by comparing the CA 

concentration in the EES to the concentration of CA in the blood plasma.   

 



[6] 
   

 

Figure 2: Illustration of two kinetic models: Left- describes the parameters involved in 

the two-compartment extended Tofts model, Ktrans, Kep, Vp and EES. Whereas the 

Patlak model describes a much simpler one-compartment model, which does not consider 

the CA washout.       

 

Figure 3: Description of standard Pharmacokinetic parameters involved in the extended 

Tofts model. 

 

This model requires knowledge of the arterial input function (AIF), which may be 

measured on a per-patient basis or taken as a population function from literature, and is an 

important variable for modeling[24-27]. AIF extracted by cautiously selecting a blood vessel 

to estimate the concentration of CA in the blood vessel over time. However, it is important 

to identify the specific time point of the bolus injection and determine the location of blood 

Ktrans-the rate of transfer of CA from blood plasma into EES (up-take) (min-1)   

Kep- the rate of transfer of CA from EES into blood plasma (wash-out) (min-1)

Ve- the fractional volume of extravascular extracellular space (EES).

Vp- the fractional volume of the vasculature in the tissue of interest.
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vessels in the dynamic images, which has proven to be difficult and complex in small 

animals. Minor errors can cost a significant impact on the estimation of kinetic parameters.  

There are many different algorithms used in estimating the parameters from AIF and the 

concentration of CA in the Time of interest. The linear curve fitting of these two curves 

has been a popular and standard approach in the last decade. Recently, with the latest 

advancements in computation, non-linear curve fitting has proven to provide better 

estimates of these variables. Non-linear least-squares (NLS) methods like Levenberg-

Marquardt and trust-region-reflective are the most commonly used algorithms for non-

linear curve-fitting[28,29].  

One of the main limitations of the Tofts model is that they are solely based on fitting pixel 

parameters to the contrast agent concentration curves. The fitting is usually performed 

using the NLS method[30]. As discussed above, the acquired concentration curves are 

generally noisy and have a limited number of sampling time points. Therefore, the model 

fitting may estimate the parameters with large variance and bias. Additionally, the NLS 

algorithm may converge to numerous solutions as it can have multiple local minima. 

On the whole, the pixel-wise model fitting is computationally demanding for a whole MR 

scan with thousands of pixels. It is important to address the limitations for faster and precise 

parameter estimation without any human bias. The method used in this project directly 

estimated the corresponding kinetic parameters from only the signal intensity curve of CA 

over time. This eliminates several intermediate steps like producing AIF and curve-fitting. 

Thereby, accelerating the process and avoiding any human bias involved in the 

pharmacokinetic model. 
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1.4 Machine Learning 

Machine learning is increasingly used to power various research areas. Machine learning 

provides us with the ability to augment the knowledge and efforts of the domain experts 

with a tool that can help us to analyze data, extract meaning from it, and, as a result, to 

make better predictions and decisions. Machine learning is commonly divided into two 

general forms, unsupervised and supervised learning. Unsupervised learning is concerned 

with understanding the internal structures of the data in a fully automated manner. 

Unsupervised learning algorithms work with unlabeled data. Whereas, supervised learning 

requires the training data to be manually labeled. The algorithms learn from the labeled 

training data to predict the correct label for the unlabeled test data[31]. The model developed 

in this study is a supervised deep-learning algorithm. 

1.5 Deep Learning Models 

The machine learning field is currently going through a period of explosive development. 

The modern world is generating huge amounts of data and computational power is now 

more accessible and economical, allowing researchers to develop more powerful tools for 

automated data analysis which are much faster and require less effort. Compared to the 

conventional machine learning methods, which require considerable research and design 

effort to capture higher-level features of the data, deep learning models learn data 

representations at various levels of abstraction automatically[32,33]. One such advanced 

algorithm used for images is convolutional neural networks (CNN). 
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In medical image analysis, CNNs are applied for segmentation, classification, image 

generation, image reconstruction, and image registration tasks[33]. Often, CNN 

architectures are designed to segment various organs or diseases in 2D and 3D medical 

images, for detection tasks, or as the first step in quantitative image analysis. The first and 

biggest contribution of deep learning methods in medical image analysis was to classify 

regions of interest in medical images. Recently, with increased computational ability, we 

can accelerate the production of parameter maps using CNN. 

Convolutional neural networks are computational models that are typically applied to data 

with repeated local structures, such as image and video data. They have been state-of-the-

art methods for image and video classification, image segmentation, and image generation 

tasks[34,35]. Earlier neural network models included fully-connected multilayer neural 

networks, which can be used for both learning representation features and classifying data. 

As shown in figure 4, fully-connected layers operate on an array of information and not a 

matrix. Hence, it is computationally unrealistic to apply a fully-connected network to 

images of any meaningful size.   
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Figure 4: Fully-connected layers with no hidden layer. Each input neuron is connected to 

every neuron in output. This layer is generally an array of neurons (one-dimension). 

With convolutional neural networks, an input image is broken up into a grid of smaller 

pieces of identical size. Each of those is then convolved with the same input weights matrix, 

called filter or kernel. The filters are then used to scan the full image, piece by piece, in 

vertical and horizontal dimensions, making the feature maps (example shown in figure 5).  

 

Figure 5: Convolution operation on a small segment of an image. Convolution is a dot 

product of kernel with the intensity values in the selected segment of the image. 
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Following each convolution operation, an activation function is applied to each of the 

output units in the feature maps. Rectified linear unit (ReLU) activations are typically used, 

which have demonstrated to be able to learn better features than trigonometric units such 

as tanh or sigmoid operations. Moreover, they are capable of preserving more information 

about the input distribution. Hence, they have been widely adopted for deep learning 

models and have achieved efficient performance. 

 

Figure 6: A plot of the ReLU activation function against input values. 

It is generally approximated as a hard max function: 

(𝑥) = 𝑚𝑎𝑥(𝑥, 0) = {︃𝑥: if 𝑥 ≥ 0, 

0: if 𝑥 < 0} 

Following an activation function, a convolutional layer or a fully connected layer is used. 

A typical convolution layer involves the implementation of a few kernels, which together 

produce a tensor of feature maps or an activation volume. The dimension of such a tensor 

is width x height x depth, with the depth dimension corresponding to the number of filters 

producing the current layer. For example, for an input image of 64x64, a convolutional 



[12] 
   

layer with 16 filters is used. This produces a tensor of 64x64x16, which is then pushed 

through an activation function and further down the network, an illustration shown in figure 

7. An input to a convolutional layer can be not only an image but also the feature maps 

produce by earlier layers of the CNN. the filters’ weight matrices are learned from the 

provided training data by applying an algorithm called backpropagation. This involves a 

loss function which determines the error between the original data and the estimated data. 

In regression CNNs, standard means squared error loss is considered for training the 

weights.  

 

Figure 7: A workflow of a simple convolutional network with 4 feature maps and ReLU 

activation layer. 

In this project, we develop a CNN to directly estimate the previously discussed parameters. 

Figure 8, describes the overview of this project. Adapting from the work on DCE parameter 

estimation in clinical data[36-37], this network contains 2 pathways to efficiently capture 

multiscale features. The local pathway extracts the details of local image regions in the 

filter window. While the global pathway focuses on determining the contextual and 

structural information. Due to its strong generalization ability, the deep learning algorithm 

shows increased robustness to signal noise and can significantly suppress any non-

significant parameters.  
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Figure 8: Pipeline and workflow of this project. The neural network can directly predict 

the kinetic parameters, with the DCE time series alone. Whereas, the Extended Tofts 

model requires T1CE, T2W and T1W along with DCE time series to estimate the kinetic 

parameters.       Green pipeline for computing maps using extended Tofts model.      Solid 

and dashed blue lines represents the training path and testing path of CNN respectively.  
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Chapter 2 

Materials and Methods 

2.1 Animal Model 

Five nude mice were used in the study to establish an orthotopic GBM. All animal 

procedures performed were approved by the Wake Forest University Institutional Animal 

Care and Use Committee. U87 cell suspensions (1.2 × 104 cells in 4 μL phosphate-buffered 

saline) were implanted intracranially to the right caudal diencephalon[49,50]. Two weeks 

later, a bioluminescence imaging, IVIS was performed to ensure the presence of the tumor 

and check for its growth. Anatomic and DCE MRI of mouse brain were conducted on a 7T 

Bruker small animal scanner upon confirming the advanced stage of GBM. A respiratory 

monitor was placed to ensure the mice were maintained under anesthesia (3% induction 

isofluorane). Although animals with large brain tumors are more likely to die under 

anesthesia than healthy animals, mice were successfully and routinely imaged in this study. 

After conducting the required MRI scans, the mice were euthanized and brain samples were 

collected for histology analysis. 

 

Figure 9: IVIS image of three of the mice with intracranial glioma.  
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2.2 DCE-MR Imaging 

All MR imaging was performed on 7T Burker Biospin small animal scanner (Bruker 

Biospin, Rheinstetten, Germany) [51]. The mice were anesthetized in a chamber with 3% 

isofluorane, and the tail vein was catheterized for bolus injection using a 27G butterfly.  

The tail was immersed in lukewarm water to dilate a vein for catherization. The animal 

was then carefully placed in the MRI scanner and secured to the coil with a continuous 

flow of 1.5%-2% isoflurane. Anatomical T2-W images were acquired initially with Fast 

spin-echo (FSE) sequence, and required parameters were set to TE: 16.667 ms, TR: 2500 

ms, Number of Signal Averages (NSA): 8, Scan Time: 5m20s, Matrix: 128 x 128, FOV: 

22 x 22 mm2, Slice Thickness: 1mm. Followed by T1 mapping, a series of variable flip 

angle images were acquired using Fast Low Angle Shot (FLASH), TE= 2.33 ms, TR=100 

ms, FA=5, 10, 20, and 35 degrees, Number of Signal Averages=6, matrix=128 x 128, slice 

thickness= 1 mm, scan time= 57 s per FA. For DCE-images, FLASH T1-w images were 

acquired for 5 selected slices with the tumor. This scan was executed to capture the signal 

before and after the bolus injection of 0.1 mmol/Kg Gd-DPTA was administered with Fast 

Low Angle Shot (FLASH), TE= 2.33 ms, TR= 43 ms, NSA=2, Number of repetitions= 50, 

matrix= 128 x 128, FOV= 22 x 22 mm, scan time= 6 m53s, slice thickness= 1mm. All 

animals were carefully monitored for temperature and respiration during the scan. Finally, 

after the DCE images, T1 Contrast-Enhanced images were acquired for anatomical 

reference using Fast Spin-Echo (FSE), TE=7 ms, TR=800 ms, NSA=8, Slice 

thickness=1mm, Scan time=2m 33s, matrix= 128 x 128. All the acquired scans were 

extracted and saved into two different formats for processing. 
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Table I: Protocols used for various MRI scans performed in this project 

  

 T2 WI T1 W VFA T1 W DCE T1 CE 

TE/TR 16.67/2500 2.33/100 2.33/43 7/800 

NSA 8 6 2 8 

FOV 22 x 22 22 x 22 22 x 22 22 x 22 

Slice thickness 1 mm 1 mm 1 mm 1 mm 

Scan time 5m22sec 57sec/FA 6m57sec 2m33sec 
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2.3 Data Preparation and Pre-processing 

The acquired images were extracted in 2 formats, RAW and DICOM. All the images were 

resized to 128 x 128 and rotated to have the same orientation. Heavy Gaussian filters were 

used to filter out the artifacts while imaging. An additional 3D Gaussian filter was used on 

DCE dynamic data. DCE images and variable flip angle T1 series were co-registered with 

T2 W images to eliminate motion artifacts due to respiration. The RAW data was 

normalized before any image processing. DICOM images were also processed and stacked 

for DCE analysis and deep learning. Home-made MATLAB script files were developed 

for all the pre-processing and datastore. 

2.4 Extended Tofts Model 

Co-registered T1 multiple flip angle images that were acquired at angles 5, 10, 20, and 35 

were used to calculate T10 map using the method proposed in Brookes et al[18]. The Signal 

intensity of each flip angle image is stacked into an array for each pixel. X coordinates 

were computed by dividing the signal intensity (SI) at each pixel by tangent of the 

respective variable flip angle (A). 

𝑋 =
𝑆𝐼

tan(𝑉𝐴)
 

𝑌 =
𝑆𝐼

sin(𝑉𝐴)
 

Similarly, Y coordinates were calculated by dividing the signal intensity by sine of each 

angle. These coordinates were then linearly fitted to quantify the slope (Sp).  
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The T10 value at each pixel is estimated by: 

𝑇10 =  −𝑇𝑟
log (𝑆𝑝)⁄  

Where Tr is the repetition time of the MR scan and Sp is the slope. These T1 maps were 

used to generate CA concentration maps based on Brookes et al, from the motion-corrected 

dynamic images collected. Signal intensity over 7 minutes was used to evaluate the CA 

concentration at each pixel. The equations involved were: 

1

𝑇1
=

1

𝑇10
+ 𝑟1 ∗ 𝐶𝑡(𝑡), 

Where T1 is deduced from T10, which includes the presence of CA. r1 is the relaxivity, 

which is 3.11x10-3 for Gd-DPTA. The final Ct(t) was determined from S(t), the single 

intensity of the dynamic time series, given by 

𝑆(𝑡) = 𝑆0

(1 − 𝑒
−𝑇𝑟

𝑇1
⁄

) 𝑆𝑖𝑛𝜃

1 − 𝑒
−𝑇𝑟

𝑇1
⁄

 𝐶𝑜𝑠𝜃
 

Where S0 is the initial single intensity of the dynamic time series at each pixel. Θ is the flip 

angle of the DCE MRI. Arterial input function (AIF), also known as vascular input function 

(VIF) was generated. As suggested by HL Cheng et al[27], a population average bi-

exponential AIF was used in this project as extracting individual AIF in the small animal 

is particularly sensitive and complicated. The AIF is computed by: 

𝐴𝐼𝐹(𝑡) = {
(𝑎𝑡 + 𝑏𝑡)/𝑡𝑖, 𝑡 < 0

𝑎𝑒−𝑐1𝑡 + 𝑏𝑒−𝑐2𝑡, 𝑡 ≥ 𝑡𝑖
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Where a, b are the coefficients determined from a population average of the AIF, and c1 

and c2 are the rates of decay of the AIF. ti is the instantaneous time of bolus injection. c1 

and c2 represent the uptake and washout of CA respectively. Extended Tofts model was 

applied to dynamic DCE data to estimate the kinetic parameters from CA concentration 

and AIF. The pharmacokinetic parameters determined in this project are the volume 

transfer constant (Ktrans), rate constant (Kep), fractional volume of extravascular 

extracellular space (Ve), and fractional volume of blood plasma (Vp)[21-22].  

𝐶𝑡(𝑡) = 𝑉𝑝𝐶𝑝(𝑡) + 𝐾𝑡𝑟𝑎𝑛𝑠 ∫ 𝐶𝑝(𝑡)𝑒−𝐾𝑒𝑝(𝑡−𝜏)𝑑𝜏,
𝑡

0

 

Where Ct(t) is the concentration of CA in the tissue, Kep = Ktrans/Ve, Ktrans and Vp are 

the other 2 parameters. Using the Levenberg-Marquardt non-linear least-square algorithms 

the AIF and concentration of CA were curve-fitted to estimate the pharmacokinetic 

parameters.  

2.5 Convolutional Neural Network 

In this study, the parameters are considered as a mapping problem between the dynamic 

time series and parameter maps. The CNN is trained to map the concentration of CA to the 

output. The estimated parameters from the extended Tofts model are processed as target 

images to the 24-layer CNN. The DICOM data was reshaped to have the temporal series 

as the 3rd dimension. All the data sets were resized to 128 x 128 x 40 and each slice was 

stacked in to create a single data set. The first convolutional layer applies 2D filters to each 

channel individually to extract low-level features. Followed by the two parallel pathways, 

local and global. The global pathway consists of 3 dilated convolutional layers followed 
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by a ReLU activation layer each. The layers are dilated by factors of 2, 4 and 8, which 

captures the increase in receptive field size. This preserves the global structure and profile 

of the image. The local pathway consists of 3 non-dilated layers which are also followed 

by a ReLU activation layer each. ReLU is applied to initiate non-linearity into the mapping.  

Zero-padding is applied to every convolutional operation to keep the spatial dimensions of 

the output the same as the input. The filter size of each convolutional layer is 4x4. The first 

convolutional layer has 128 filters, whose feature maps are then fed into the dual pathways 

discussed above. Every layer in both the pathways has 128 filters, which produce 128 x 

128 x 128 feature maps each at the end. The pathways are concatenated in to form a 

multiscale feature set. Following this, 4 fully connected layers of 1024, 512, 128 and 2 

hidden nodes are used to derive the best feature combination that can accurately predict the 

outcome. Each layer was preceded by a ReLU layer except the last layer with 2 hidden 

nodes. Finally, a regression output layer with 128 x 128 x 2 nodes estimates the output 

maps. To maintain the spatial dimensions of the images, a regular convolution layer with 

1 x 1 filters is considered as a fully-connected layer in this project.    

One of the 5 mice did not show any growth of tumor, hence was removed from the study. 

DCE MRI was performed on the rest mice with 5 slices each. Among the 20 image datasets 

acquired, 70% were selected for training, 10% for validation, and the rest for testing. A 

random selecting algorithm was developed to sort all the data for training, testing and 

validation. Each data set was batch normalized in each plane before feeding them into the 

network[39]. Several networks are trained with randomly chosen training and testing 

datasets. The networks were trained with a learning rate of 10-3 and an L2-regularization 

of 10-4 using Adam optimizer[40]. A maximum of 250 epochs for a minibatch size of 25 
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was determined to prevent poor generalization when the validation loss stops improving. 

The validation checks were scheduled for every 2 iterations of training.  

Once the network was trained and the network parameters were determined, the test data 

set of the dynamic time series was fed into the network to directly predict the kinetic 

parameters. All the code was implemented on MATLAB using the deep learning toolkit 

and an imported Keras library on a 2.5GHz processor with 8 GB RAM. Each training 

session required an average time of 270 minutes. 
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Architecture         Number of activations 

 

Figure 10: 24-layer CNN designed in this project. It has two parallel pathways, global 

and local, to capture low-level and high-level features in the DCE time images. All the 

convolutional layers are designed with 4 x 4 filters.  
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Chapter 3 

Results 

The CNN has demonstrated to be an efficient and reliable alternative for the conventional 

mathematical, extended Tofts model. The resulted maps were considerably similar in 

structure and values. In a few cases, the CNN has outperformed by suppressing the effects 

of cerebral spinal fluid regions (CSF) in Ktrans maps, which will be discussed in detail in 

further sections. The time required to generate maps by the trained CNN was less than a 

few seconds with no human interference or additional data.  

3.1 Comparison of Pharmacokinetic Models 

The extended Tofts model was successfully modeled and the parameter values obtained 

were verified with an existing Tofts model program. We have found that the extended Tofts 

model values match better with kinetic parameter values reported by other study groups[41-

43]. Figure 11, showed an example of the kinetic parameter maps obtained using the 

extended Tofts model. Since the MRI scans were obtained in the later stages of GBM, the 

tumor had developed a significant network of the vasculature, which was reflected in the 

example shown in figure 11. 
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Figure 11: Parameter maps obtained by the extended Tofts model. T2-W and T1CE 

images were used as anatomical reference for tumor size and shape. Ktrans map- the 

regions with enhanced Ktrans value indicate higher permeability of CA due to BBB 

damage. Kep map- indicated the tissues with a higher washout rate. Ve map- depicts a 

relative extracellular extravascular space in the tissues. Vp map- regions with higher 

values indicate a higher density of vasculature in the tissue. 

 

3.2 Training and Testing of CNN 

The Ktrans maps and Kep maps estimated by the extended Tofts model using Levenberg-

Marquart non-linear least mean square algorithm were used as the target maps to train the 

deep neural network. Initially, the network was trained with a small dataset of DICOM 

images as source data, with the mentioned parameters. The target images were converted 

into DICOM format as well for training. The training ended on the completion of 200 

epochs. Figure 12 depicted the training curve and the validation loss of the initial CNN. 

Upon testing the network, we found that the maps generated look significantly similar 
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(figure 13), but Ktrans and Kep values were not in the expected range. The Ktrans and Kep 

maps fed as target maps were also converted to DICOM before training. Therefore the 

CNN had learned the DICOM (16 bit) values rather than the true Ktrans and Kep values. 

This was resolved by using data with true Ktrans and Kep values for training and testing. 

All the source and target data used for training was in RAW format. Also, various 

minibatch sizes and epochs were used to train the system to finalize an efficient value.  

 

Figure 12: Training RMSE and training loss curve of the initial CNN trained with a 

smaller dataset with 200 epochs, 25 minibatch size, 10-3 learning rate and 10-4 L2 

regularization. 
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Figure 13: Ktrans map obtained by the initial CNN trained with smaller data set. 

Although the map looks similar to the map estimated by the extended Tofts model, the 

parameter values generated by CNN were in a range of 104 min-1, whereas the actual 

values of the Ktrans were below 0.03 min-1.  

 

After concluding an effective minibatch size of 25 and a learning rate of 10-3, a new CNN 

was trained with the RAW training dataset. The data was trained on 250 epochs with 2 

validation frequency. The training curve and the validation curve was shown in figure 14. 

Out of 20 datasets, 4 were randomly selected for testing. The CNN was successful in 

retaining the shape and size of the tumor while learning the respective parameter values. 

The maps generated from the testing data were found to match significantly. Also, the CNN 

produced maps have shown relatively less noise as seen in Figure 15. For numerical 

evaluation of the output parameter maps, SSIM (Structural Similarity Index) evaluation 

and Bland-Altman analysis were performed[44].  
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Figure 14: Training curve and validation curve, and their loss functions for the CNN 

trained with raw data for 250 epochs, 2 validation frequency and 10-3 learning rate.  

 

For statistical analysis, only the brain section of the scan was considered. The SSIM values 

were calculated considering the output maps of the extended model as the reference. A 

high of 0.983 was obtained for Ktrans maps and 0.994 for Kep maps. Simultaneously SSIM 

maps were computed to visually compare the differences in structure and values for the 

maps. As seen in Figure 16 and Figure 17, the SSIM maps showed the subtle differences 

between the extended Tofts model obtained maps and CNN generated maps. It can be 

concluded that the CNN was able to estimate the Kep maps with higher accuracy than the 

Ktrans maps. However, the differences in the Ktrans maps were likely due to the 

suppression of CSF artifacts, which are generally caused by poor AIF fit. 
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Figure 15: Comparison of CNN generated maps with extended Tofts model estimated 

maps. T1 CE and T2WI of the respective slice for anatomical reference. 

 

 

Figure 16: SSIM maps generated for the above-discussed example. The value of zero 

signifies no match between the reference and the CNN generated map. Value one is 

assigned for a perfect match with reference. 



[29] 
   

 

Figure 17: An example of CSF suppression by CNN in the Ktrans map. A clear absence 

of the CSF ring was seen in the Ktrans map generated by CNN. The SSIM map shows a 

significant difference in the tumor region and the CSF regions. 

 

As mentioned earlier, the CNN was able to compress the CSF artifacts in the Ktrans maps. 

Figure 17, showed a strong example of the efficiency of CNN over the extended Tofts 

model. Due to these differences in the mapping of Ktrans by the two models, the SSIM 

values had a higher standard deviation when compared to Kep values. Hence, we can 

justify the lower SSIM value for such cases. The calculated SSIM values suggest that the 

CNN is able to successfully retain the structural similarity of the DCE images. Nonetheless, 

it is important to analyze pixel-wise Ktrans and Kep values between the two models to 

fully validate this approach. The Bland-Altman analysis was performed to observe the 

variation in the data. 
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Table II: SSIM statistics obtained by comparing CNN maps with extended Tofts model 

generated maps for brain region alone. 

SSIM Ktrans map Kep map 

Mean 0.9731 0.9902 

Standard deviation 0.0105 0.0043 

 

 

Figure 18: Correlation of average Ktrans and Kep of individual tumor regions in all the 

test cases.  
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Figure 19: Pixel-by-pixel correlation. Tumor region was segmented from two cases of 

test maps for analysis. A&C and B&D are the parameters of the same test data set.  

 

Pixel-by-pixel correlation analysis was done to check for the robustness and accuracy of 

CNN predicted maps. Figure 19 showed the pixel-by-pixel comparison of two test cases. 

Although low correlation coefficients indicated a poor correlation of the data, the p values 

were found to be significant in few test cases. Additionally, a region of interest correlation 

was examined. In Figure 18, the average Ktrans and Kep values in tumor regions were 

analyzed for correlation.  

To future study variation in the data, Bland-Altman analysis was performed. A negative 

trend seems to be evident in the cluster on the left of the graph for Ktrans, as better shown 

in Figure 20. The Ktrans values generated by CNN were observed to be proportionally 

different in tumor regions than the other tissues in a few cases[45-47]. This indicates a 

proportional difference between the values estimated by the two models for Ktrans. The 
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CNN had overestimated the higher Ktrans values in few cases. Since this analysis was 

performed for brain region only, majority of the normal brain tissue has lower Ktrans 

values, with higher Ktrans values at the tumor. However, for Kep, there is no such trend 

observed and the distribution seems symmetrical along the x-axis. Overall, the Bland-

Altman plots strongly agree with the SSIM values and maps. 

 

Figure 20: Bland-Altman plots of Ktrans and Kep. ∆-difference (y-axis) in the Ktrans and 

Kep values between the extended Tofts model and CNN was plotted against the mean 

values of the two (x-axis). The solid line refers to the mean of the differences     

(meandiff). The dotted lines indicate lower and upper margins of 95% class limits,  

meandiff ±1.96 x Std, where Std=standard deviation. 
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Chapter 4 

Discussion 

The results of this study show that the deep learning-based CNN model can estimate the 

PK parameters that are comparable to conventional model fitting. As discussed in the 

previous section, the Ktrans and Kep maps generated by the CNN match highly with the 

ones estimated by the extended Tofts model. Moreover, CNN was able to produce 

advanced output by suppressing the CSF artifacts. Besides, the CNN generated maps 

showed less noise than that of conventional model fitting. This can help in the accurate 

demarcation of the tumor boundary. Statistical analysis also indicates an impressive 

structural match of the maps obtained by both the models.  

In the modeling of PK parameters by the conventional method, generating a suitable AIF 

has been a major challenge. Various AIFs were modeled and compared to the data 

available. Finally, Bi-exponential was determined to be the best fit. Another important 

observation while modeling with extended Tofts model, was that the model is very 

sensitive to motion artifacts. Even though motion correction and co-registration were 

applied, the larger samples of the time points had shown artifacts like blurring. To ensure 

a perfect correction of all the time point samples would need manual attention, which can 

be time taking and tedious. Additionally, determining the time of bolus injection from the 

time series has also posed a challenge. The differences were very subtle, and tissues in a 

few slices showed enhancement before other slices for the same tissues. This made it 

difficult to process the data set as a whole volume, thereby increasing the processing time 

and manual labor. In general, extended Tofts model is applied to the region of interest 
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alone. A limitation of using CNN for this approach is the inability of CNN to train with 

variable image sizes as the source or target data. Therefore, in this project the whole image 

(128 x 128) acquired was used to maintain a uniform training data size. This introduced 

the necessity of extracting both local and global features in these images, which were 

discussed in the previous section. However, the major advantage of a deep learning-based 

model is its ability to process huge data in a minimal amount of time and with no human 

intervention. Although it took a significant amount of time for training the system, it was 

a one-time process.  

As discussed in the results section, the initially trained CNN had generated maps with 

values of 16 bit. Therefore, we decided to work with raw data, which has posed many 

challenges while processing. Given the very small range of values in raw data, using 

Gaussian filters and motion correction has significantly altered the data in few cases. 

Hence, various normalization approaches were implemented on raw data. Batch 

normalization with introduced for the input layers. This has shown better results than 

previous approaches. The final results were compared by calculating the SSIM, which have 

shown a high match between maps generated from CNN and extended Tofts.    

SSIM is an evaluation parameter that perceives an image as a mismatch if there is a change 

in structural information. It also accounts for the contrast and intensity of each pixel and 

its inter-dependency with the neighboring pixels. As previously mentioned, the ability of 

the CNN to suppress the CSF regions had a prominent effect in calculating the SSIM 

values. The CSF had a notable structural value in the Ktrans maps generated by the 

extended Tofts model, which were used as a reference image for SSIM calculations. Hence, 

we observed a considerable difference in the mean SSIM of Ktrans and Kep values. 
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Furthermore, we made an important observation about the difference in the heterogeneity 

of parameter values in the tumor regions. In figures 15, 16 and 17, the differences in the 

heterogeneity was observed, the maps estimated by extended Tofts model showed a ring-

like structure with high Ktrans values along the boundary of the tumor. Whereas the maps 

obtained by CNN did not show the ring-like structure. This may be a major limitation 

observed in the maps generated by CNN. Low spatial resolution of 128 x 128 in DCE 

images and 4 x 4 convolutional filters may contribute to the limitations of CNN. However, 

this can be solved by using higher-resolution images for training with smaller filter sizes 

to capture all the features accurately. Since the imaging used in this project was performed 

on small animals, achieving high-resolution DCE images can compromise its quality in 

capturing the temporal images[15]. 

We also analyzed pixel-by-pixel comparison between both the maps in the tumor region. 

Although the pixel-by-pixel correlation in the tumor region was found to be weak in some 

cases, the correlation was calculated to be significant, as seen in Figure 19. As discussed 

above, mismatch in heterogeneity could be a major cause of the low correlation. Hence, 

we compared the average Ktrans and Kep values in the tumor region, which were highly 

correlated. Figure 18 shows a perfect correlation of the average Ktrans and Kep values in 

tumor regions. Despite a small sample size (n = 4), significant correlation was found for 

both Ktrans (p < 0.05) and Kep tumor maps (p<0.01). This indicates the ability of this deep 

learning approach to accurately predict BBB permeability with both Kep (p=0.0015) and 

Ktrans (p=0.0401) maps.  

In general, deep learning and machine learning algorithms require huge amounts of data to 

perform efficiently upon training[48]. With limited animal data available, there is a higher 
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risk of overfitting the data. This causes poor generalization and contributes to crude 

predictions. To solve such complications, the algorithm requires additional data to 

converge to a general case. Recent studies have shown the impact of augmented data in 

solving overfitting problems. However, this approach of data augmentation was 

computationally costly and complex on this project as the DCE data trained was a time-

dependent series of images. Hence, we proceeded with no additional data augmented to 

train the network and placed a training checkpoint to halt the training if the validation loss 

is above a certain value than its lowest.  

Additionally, to test the limits of the CNN, we tested using a dataset containing brain 

metastasis. We observed that the CNN was able to retain the structure and shape of the soft 

tissue and skull sections, but it failed in recognizing the tumors. This could be due to the 

smaller size of brain metastases and the difference in BBB characteristics. These 

parameters can mislead the CNN into generating faulty maps. We can overcome this 

limitation by also training the existing system with additional brain metastases data by 

adopting transfer learning[34]. In transfer learning, CNNs previously trained on large 

medical image datasets are applied to a medical dataset of a limited size. The weights 

obtained by training the network on the large dataset are used to initialize the weights of 

the network used for the medical image analysis. This is used in fine-tuning, where the 

early layers of the CNN are kept frozen, while later layers get updated during training with 

the new data. This can be a potential future application for this project. 
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Chapter 5 

Conclusion 

 

Extended Tofts model and a deep learning-based CNN were successfully deployed. In 

addition to the CNN developed in this project, various combinations of training data and 

training parameters were used to train the model to examine the reproducibility and 

accuracy of this approach. Results and observations from all the CNNs infer that this deep 

learning approach can perform as precisely as the Extended Tofts model with limited data 

in less time, with no human intervention. However, the limitations stated need to be 

addressed to be able to replace the CNN with a conventional model. Access to more data 

with a higher spatial resolution can aid in achieving greater accuracy and precision, by 

resolving the inhomogeneity in the tumor regions. Also, an alternative approach to employ 

transfer learning can yield great results with limited available data.   
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