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Abstract of Thesis 

Feature Selection and Classification Method for Lateralization and Localization of 
Epilepsy Seizure Foci 

 
 

Nearly one-third of patients with epilepsy still remain refractory to seizures even if 

treated with the pharmacotherapy that brings remission to the majority [1]. The standard of 

care to potentially cure the drug-resistant epilepsy is often surgical resection. However, 

despite the growing work demonstrating the effect of surgical resection, this method is still 

underutilized [2] since the presurgical analysis couldn't always be available due to the 

limits of conventional brain imaging technique to visualize the foci.  

Considering the limitations of conventional braining imaging techniques, a new 

method like Positron Emission Tomography (PET) was involved in contributing 

complementary diagnostic information to the presurgical evaluation. Although this method 

could be helpful regarding the lateralization of the foci, the precise localization is still 

challenging due to the low resolution and lack of anatomic landmarks. Thus, it is 

worthwhile to examine whether registering the PET to the anatomic parcellation provided 

by Magnetic Resonance Imaging (MRI) could lead to a better way to provide a more 

reliable prediction for the lateralization and localization of the seizure foci. 

In this paper, our goal is to build up a general, automated diagnostic tool that 

provides the prediction of seizure foci lateralization and localization (as temporal or extra-

temporal). To achieve that, we use Freesurfer software to generate the virtual cortical 
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surface where we applied the region-based study of PET based on the anatomic 

segmentation on it. Then, regarding the lateralization and localization, we trained two sets 

of Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and Naïve Bayes 

classification models using the relative standard uptake value (rSUV) from the region-

based study as features. The novelty of our work is that it utilizes a machine learning 

method to model the medical features provided by PET scans to predict the presence of a 

seizure foci, and applies feature selection strategies to the region-based PET analysis. 
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Chapter 1 - Introduction 
 
 
 

1.1. Context 

Epilepsy is a group of neurological disorders characterized by recurrent seizures. 

Seizures range in duration from brief transients that are barely detectable to vigorous 

shaking. These attacks can cause physical injury, including occasional bone fractures. In 

epilepsy, seizures have a tendency to recur, and there is usually no direct underlying cause. 

Isolated seizures caused by a specific cause, such as poisoning, do not represent epilepsy. 

The cause of most epilepsy is quite different. Some cases are caused by brain damage, 

strokes, brain tumors, or brain infections. Known genetic mutations are directly related to 

a small number of cases. Seizures are the result of excessive and abnormal neuronal activity 

in the cerebral cortex. The diagnosis includes ruling out other conditions that may cause 

similar symptoms, such as fainting, and determining if there are other causes of seizures, 

such as alcohol withdrawal or electrolyte imbalance. This can be done in part by imaging 

the brain and performing a blood test. Epilepsy can usually be confirmed by an 

electroencephalogram (EEG), but a normal examination cannot rule out the condition. 

It is estimated that epilepsy affects approximately 50 million people worldwide. 

Although the prognosis for most patients is good, as many as 30% of patients remain 

unresponsive even with appropriate antiepileptic drugs. The result has a significant adverse 

impact on personal health and quality of life. It also places a heavy burden on society. For 

those patients, epilepsy surgery is a potential treatment option. Surgical resection is the 
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most common type of epilepsy and involves the removal of a small portion of the brain. 

The surgeon removed the brain tissue in the area of the brain where the seizures originated, 

usually a tumor, brain injury or deformity. Surgical resection is usually performed on one 

of the temporal lobes, which are areas that control visual memory, language understanding 

and mood. 

1.2. The Gap in the Academic Field 

The identification of structural lesions is vital in presurgical evaluation. MRI is a 

powerful tool to identify the lesion causing epilepsy. Recent advances in MRI techniques 

have increased the sensitivity of detecting subtle structural abnormalities. However, despite 

these advancements, MRI still fails to reveal any apparent abnormality in approximately 

20% of the patients with medically refractory epilepsy. Considering the inadequacy of 

conventional brain imaging techniques, a new method -- Positron Emission Tomography 

(PET) -- was involved in contributing complementary diagnostic information to the 

presurgical evaluation. It is well established that 80-90% of drug-resistant epilepsy can be 

diagnosed based on the indication from PET [3]. These methods can show the laterality of 

the lesion, but the precise localization is still difficult to obtain due to the lack of anatomic 

landmarks. Thus, the registration of MRI and PET images may enhance the presurgical 

management of refractory epilepsy. This has already been shown to be true for certain 

underlying causes of medically refractory epilepsy [4]. 

1.3. Topic of Research 

In this paper, our goal is to build up a general, automated diagnostic tool that provides 

the prediction of seizure foci lateralization and localization as temporal or extra-temporal. 
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To be specific, we planned to achieve this goal by realizing the following two specific aims: 

Aim 1: Training a classifier aiming for predicting the seizure foci lateralization. 

Hypothesis: A classifier could accurately predict whether the seizure foci is located 

in the left or the right hemisphere, yet the accuracy of a classifier will be influenced by the 

type of the classifier we choose, whether the PET is attenuation-corrected or 

nonattenuation-corrected, and the method for identifying and isolating the anatomic region 

of interest. To test the hypothesis, we will first train three classifiers, support vector 

machine (SVM), K-nearest neighbor (KNN), and Naïve Bayes (NB) classifier, using 

several kinds of PET and anatomic segmentation methods and compare their performance. 

Then we will use the performance results above to validate the influence of PET type and 

choice of anatomic segmentation methods.  

Aim 2: Training another classifier aiming for predicting whether the seizure foci 

is temporal or extra-temporal. 

Hypothesis: The type of the classifier, the PET type, and the anatomic region of 

interest identification method could also influence the accuracy of a classifier aiming for 

classifying whether the seizure foci is in the temporal or extra-temporal. To test this 

hypothesis, we will validate the effect of the classification models, PET scan type, and 

anatomic segmentation method with respect to the accuracy of classifying the seizure foci 

localization. 

1.4. Main Method and Findings 

We used Freesurfer software to generate the virtual cortical surface where we applied 
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the region-based study of PET based on the anatomic segmentation of it. One relative 

standard uptake value (rSUV) would be calculated per region, and we can build up the 

feature map of each atlas for a given patient. Since the dimensionality of the feature maps 

of all atlases is significantly large considering the training data we have, a feature selection 

process is needed. We tried four feature selection methods and compared their performance 

under three classifiers. The one with the highest AUC in all classifiers' ROC curve is the 

LASSO feature selection method, and the following experiments are based on the features 

selected by this method. Then, regarding the lateralization and localization, we trained two 

sets of SVM, KNN, and Naïve Bayes classification models using the rSUV value from the 

region-based study as features.  

The results show that using AC PET to train a given classifier can have higher 

accuracy than using NAC PET in 58% of the cases. For lateralization, the highest 

classification accuracy reached 88.2% when using SVM with Yeo2011_7network and AC 

PET. When using AC PET and yeo2011_7network to train the KNN classifier, the accuracy 

for classifying seizure foci as temporal or extra-temporal reached 91%. This automatic 

computer-aided diagnostic tool shows considerable potential for helping the specialists 

dealing with the presurgical analysis for the resection treatment towards drug-resistant 

epilepsy. The novelty of our work is that it utilizes a machine learning method to model 

the medical features provided by PET scans to predict the presence of a seizure foci and 

applied feature selection strategies to the region-based PET analysis. 
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Chapter 2 - Method 
 
 
 

The basic logic used in this project is shown in the flowchart above. The main process 

in the flow chart is the cortical surface reconstruction, PET/MRI registration, feature 

selection, and classification. The details of these topics would be elaborated in the 

following sections. 

 
 

Figure 1 The system takes the PET images, and MRI scans as inputs. Then it uses the 
Freesurfer software package to convert the MRI scans into a virtual cortical surface, which 
can be segmented into several regions based on different atlases. While generating the 
cortical surface, the boundary of the cortical tissue was labeled. Using the boundary-based 
registration method, a given patient's PET data could be registered with a corresponding 
MRI, which enables the region-based study on the PET data. Each segmented region could 
generate a relative standard uptake value (rSUV) based on the PET voxels contained in it 
as its feature and build up a feature map. Before using those feature maps for classification, 
the feature dimensionality reduction process is performed. Finally, we used the selected 
feature to train classifiers for lateralization and localization, respectively. 
 

2.1 Cortical Surface Reconstruction 

The cerebral cortex, which makes up the largest part of the human brain, has a 

topology of two-dimensional sheets and highly folded geometric shapes. The human cortex 
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can be divided into several regions. Most of the features that distinguish these cortical 

regions can only be measured relative to the local direction of the cortical surface. However, 

there is no principled way to measure these quantities in unlabeled 3D datasets. Therefore, 

surface-based methods have been routinely applied.  

All data used in this project were preprocessed by a pipeline supported by the 

Freesurfer software package [5], which automatically generates the 3D representations of 

the cortical surfaces based on the tissue segmentation from MRI scans. The internal 

procedures behind the pipeline are started from Talairach registration and T-1 MRI image 

intensity normalization. Then, the pipeline performs (i) the automated skull stripping, (ii) 

labeling the white matter region, (iii) generating the surface tessellation based on the 

boundary between gray matter and white matter, and (iv) correcting and refining the 

topological defects [6]. 

2.1.1. Talairach Registration 

The software package uses a high-resolution T1-weighted scan taken using a short 3-

D acquisition sequence as input. Then, it uses an automatic Talairach registration [7] 

program is performed to calculate the transformation matrix from the input. In short, the 

process calculates transformation parameters by using gradient descent at multiple scales 

to maximize the correlation between a single volume and the average volume composed of 

a large number of previously aligned brains provided by the software package. 

2.1.2. Intensity Normalization 

Due to the influence of magnetic susceptibility artifacts and RF-field inhomogeneities, 

the high resolution T1-weighte images generate by an MR scanner are typically corrupted, 
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which causes the variations of the intensity and contrast of the entire image. To correct the 

image intensity variations, a procedure is proposed by the software package. It is based on 

the assumption that in any given slice parallel to the x-y plane (perpendicular to the long 

axis of the bore) in the magnet coordinate system, any meaningful highest intensity tissue 

type is white matter. This assumption is used to foci the average white matter intensity in 

each x-y slice at the expected value. The remaining bias fields are then corrected by 

automatically detecting a set of "control points" identified as white matter. The intensity 

values of these points represent samples of the remaining offset field. The Voronoi partition 

algorithm is then used to calculate the offset field for the non-control points, that is, assign 

the value of the closest control point to the non-control points 

2.1.3. Skull-stripping 

The next step in the reconstruction process is to automatically strip the skull from the 

intensity normalized image. The process involves deforming a tessellated ellipsoidal 

template into the shape of the skull's inner surface. There are two criterions drives the 

deformation process: (1) an MRI-based criterion designed to drive the template outward 

from the brain; (2) a criterion that reduces the curvature and imposes smooth constraints 

on the deformed template. The latter criterion can be seen as coding prior knowledge about 

the smoothness of the internal surface of the skull. To improve the robustness of the 

algorithm, the MRI-based criterion in the software is calculated based on nonlocal 

information, which is obtained by sampling the MRI data along the surface normal from 

each vertex of the template tessellation. Then, the criterion acting on each vertex is 



8 
 

designed to drive the surface to regions consistent with a low MRI values, and repel the 

surface from a continuous region consistent with a higher MRI intensity. 

2.1.4. White matter labeling 

Recently, many techniques have been proposed in the computer vision literature [8, 9, 

10, 11, 12, 13] to perform oriented filtering of noisy data as a preprocessing step to facilitate 

segmentation. Many of these are based on the logic that uses a nonlinear anisotropic version 

of the diffusion equation to smooth images within regions, but not between regions. This 

type of approach can also be formulated as a nonlinear filtering operation, in which the 

filter shape is gradually constructed, though the numerical integration of the nonlinear 

diffusion equation, to conform to the local image structure. In uniform regions, away from 

boundaries, the diffusion equation becomes approximately linear, and the filter kernels 

become Gaussian. Near edges, the kernels take on the orientation and shape of the border 

in an effort to avoid averaging data from two objects or classes. The approach used in the 

software has a similar spirit. However, in the case of gray/white segmentation, we know 

the shape of the desired filter a priori. Within a given tissue class, the shape is unimportant 

as all directions are functionally equivalent. However, on the borders between classes, the 

shape should always be planar due to the laminar structure of the cortex. Thus, the software 

directly enforces this shape and uses an adaptive procedure to compute the correct 

orientation. This approach has some notable advantages within this problem domain: (1) it 

preserves single voxel thick structures, which prevents thin white matter strands from being 

blurred with surrounding gray matter; (2) it avoids the time-consuming iterative process 
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inherent in most implementations of diffusion filtering; and (3) it integrates filtering and 

model-based knowledge as part of the labeling process, which results in a robust 

segmentation procedure.: 

The segmentation process is a two-step procedure. First, a preliminary classification 

is performed based solely on intensity information. Next, this volume is examined, and 

regions that contain more than one tissue type are marked for each of these “border” voxels. 

Finally, if the in-plane intensities indicate a mislabeling and the intensity of the voxel itself 

is borderline, the segmentation decision is reversed, and the label of the voxel is changed 

to reflect its assignment to a new tissue class. 

2.1.5. Connected Components 

After the segmentation is complete, the software generates a single connected mass 

representing the white matter structure of each hemisphere. This is accomplished using a 

connected components procedure. Briefly, starting with seed points in the white matter of 

each hemisphere, we partition the segmented data into six-connected components 

(neighbors on the left, right, front, back, above, and below), discarding all components with 

no connectivity to the seed points. Next, we partition the complement of the set into 

connected components, representing all regions classified as non-white. Isolated 

components of this partitioning represent regions interior to the white matter components 

are then filled. 

2.1.6. Surface Tessellation, Refinement, and Deformation 

Once the two white matter volumes have been generated, a surface tessellation is 

constructed for each hemisphere [6]. This is done by using two triangles to represent each 
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face separating voxels classified as a white matter of a given hemisphere from differently 

classified voxels. Note that since the resulting tessellations faithfully represent the 

boundary of the mass of connected voxels for each hemisphere, they must also have the 

same topology as the surface of the corresponding volume.  

However, since the voxel faces are necessarily orthogonal to one of the cardinal axes, 

the resulting tessellation tends to be jagged at the single-voxel scale. To alleviate this effect, 

the software smoothed the initial tessellation using a deformable surface algorithm guided 

by local MRI intensity values, resulting in two smoothly-tessellated cortical hemispheres. 

Since the connectivity is explicitly maintained, and self-intersection is prevented, the 

topology of the surface cannot change during this deformation process. 

The surface repositioning used by the software is similar in spirit to a number of 

current techniques for reconstructing a cortical surface by “shrink-wrapping” a predefined 

shape driven by the intensity values of a T1-weighted MRI volume. Specifically, the 

surface repositioning is accomplished by constructing an energy functional based on the 

tessellated white-matter surface, the minimization of which results in a final surface that is 

both smoother than the initial tessellation and more accurate. 

The first two terms in the energy function give the surface the spring-like property 

that acts to smooth the surface and regularize the tessellation. The spring-property is 

decomposed into terms normal and tangential to the surface, allowing the smoothing and 

regularization properties to be weighted unequally. These terms are given by: 
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𝐽" =
1
2𝑉'( ( )𝑛(𝑖) ∙ (𝑥0 − 𝑥2)3

4

2∈67(0)

8

09:

; 

𝐽< =
1
2𝑉'( ( )𝑒>(𝑖) ∙ (𝑥0 − 𝑥2)3

4 + )𝑒:(𝑖) ∙ (𝑥0 − 𝑥2)3
4

2∈67(0)

8

09:

; 

Where 𝑁:(𝑖) denotes the set of nearest neighbors of the 𝑖<A vertex, 𝑉 is the total 

number of vertices in the tessellation, 𝑛(𝑖) is the unit normal vector to the surface at the 

𝑖<A vertex, {𝑒>(𝑖), 𝑒:(𝑖)} is an orthonormal basis for the tangent plane at the 𝑖<A vertex, 

and 𝑥E refers to the (𝑥, 𝑦, 𝑧) position of the 𝑘<A vertex in the tessellation. The 𝐽< term 

acts to redistribute vertices to regions where they are needed. This serves to encourage a 

uniform spacing of vertices without requiring a tessellation with a prohibitively large 

number of elements. The 𝐽" term imposes a smoothness constraint on the surface, as each 

node is penalized for being too far in the direction normal to the surface from its neighbors. 

This has an effect similar to curvature terms frequently employed in deformable surfaces, 

in that it prevents the surface from becoming too jagged. 

The third term in the energy functional is based on intensity. If we denote the volume 

intensity at position 𝑥0 by 𝐼(𝑥0), the intensity of the energy function is given by: 

𝐽J =
1
2𝑉 K(

(𝑇(𝑖) − 𝐼(𝑥0))4
8

09:

M 

where 𝑇(𝑖) is the target intensity value for the 𝑖<A vertex in the surface tessellation. The 

value of this term is computed differently in order to construct the gray/white interface as 

opposed to the pial surface. The surface deformation is then accomplished by minimizing 

an energy functional which is a weighted sum of these three terms: 
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𝐽 = 𝐽< + 𝜆"𝐽" + 𝜆J𝐽J 

where the coefficients 𝜆" and 𝜆J specify the relatively strength of the smoothness and 

regularization constraints vis-à-vis the intensity term. The gradient of this functional 

specifies the direction of movement for the tessellation. That is, the direction of movement 

of the 𝑘<A vertex is given by the negative of the directional derivative with respect to 𝑥E 

and is given by: 

−
𝜕𝐽
𝜕𝑥E

= 𝜆J(𝑇(𝑘) − 𝐼(𝑥E)∇𝐼(𝑥E) + ( )𝜆"𝑛(𝑘) ∙ 𝑥23
2∈67(E)

+ 𝑒>(𝑘) ∙ 𝑥2 + 𝑒:(𝑘) ∙ 𝑥2) 

where the volume gradient ∇𝐼(𝑥E) is computed using a Gaussian blurred (𝜎 = 1) version 

of the MRI volume. The software used 𝜆" = 0.25 and 𝜆J = 0.075 as default. 

2.1.7. Registration 

To relate and compare anatomical features or functional activations across subjects, it 

is necessary to establish a mapping that specifies a unique correspondence between each 

location in one brain and the corresponding location in another. Therefore, the refinement 

process from the previous step is followed by a process that registers the surface to a 

template surface provided by Freesurfer, which is the average of 40 subjects using a 

spherical averaging, that accurately aligns the sulcal and gyral features [14]. The procedure 

can be illustrated as follows. The reconstructed cortical surface of an individual subject is 

inflated to determine the large-scale folding patterns of the cortex and subsequently 

transformed into a sphere in a manner that minimizes metric distortion. The folding 

patterns of the individual are then aligned with an average folding pattern. The natural 

coordinate system of the average surface can then be used to index any point on any of the 
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surface representations of the individual.   

To establish a coordinate system for the surface, it is necessary to transform or project 

it into a parameterizable shape, as the parameterization then provides a natural coordinate 

system for the surface. The coordinate system proposed by the software uses a sphere for 

this purpose. Once the surface is inflated and transformed into a sphere, the patient’s 

surface and the template from the software can be aligned through the folding patterns [15]. 

The alignment of the folding patterns of the cortical surface is carried out by minimizing 

the mean squared difference between the average convexity across a set of subjects 

(denoted by 𝐶̅) and that of the individual (denoted by 𝐶) normalized by the variance of 

the convexity across subjects. Negative and positive values of 𝐶 indicate gyral and sulcal 

regions, respectively, the use of the variance of the convexity allows consistent folding 

patterns to have a greater effect on the alignment than more variable patterns. The average 

convexity over 𝑁 subjects is given by: 

𝐶̅(𝜑, 𝜃) =
1
𝑁(𝐶0(𝜑, 𝜃)

6

09:

 

An unbiased estimate of the variance is then: 

𝜎4(𝜑, 𝜃) =
1

𝑁 − 1((𝐶0(𝜑, 𝜃) − 𝐶̅(𝜑, 𝜃))4
6

09:

 

Finally, the alignment energy functional is: 

𝐽Z =
1
2𝑉((

𝐺\ ∗ (𝐶^ − 𝐶̅(𝜑(𝑣), 𝜃(𝑣)))
𝜎4(𝜑(𝑣), 𝜃(𝑣)) )4

8

^9:

 

Where 𝜑(𝑣) and 𝜃(𝑣) are the spherical (𝜑, 𝜃) coordinates of the 𝑣<A vertex, 𝑉 
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is the total number of vertices in the tessellation, 𝐺\ is a Gaussian kernel with standard 

deviation 𝛼  and ∗ denotes convolution. The alignment is performed in a multi-scale 

manner with 𝛼 initially large and gradually decreasing; the integration is asymptotic with 

scale. 

2.2. Feature Extraction form PET 

The pipeline implements an atlas of segmented cortical surfaces in anatomical regions. 

In this project, we used the Desikan-Killiany atlas (aparc.annot) [16], Destrieux atlas 

(aparc.a2009s. annot)[17] and Yeo2011 atlas (Yeo2011_7Networks_N1000 and 

Yeo2011_17Networks_N1000) [18] where the first two atlases are neuroanatomical, and 

the last two are functional. Each segmentation, named "parcellation" by Freesurfer, of the 

atlases above, can be considered as the region of interest (ROI) for the feature extraction. 

2.2.1. Atlas 

Desikan-Killiany atlas: 

In this atlas, 34 cortical regions were defined in each hemisphere by operators who 

were blind to participants' age, gender, and group status, which segments the surface of the 

cerebral cortex into gyral regions of interest [16]. The use of the "sulcal" method, which 

manually tracks from the depth of one sulcus to another to incorporate the gyrus within, is 

used to define most structures. The description of neuroanatomical ROI on volumetric MRI 

images are driven by multiple sources of information, including standard neuroanatomical 

conventions based on brain atlases and modifications to previously published definitions. 

This information is then used to define the ROI on the T1 image. These volume ROIs are 

then transposed onto the "expanded" cortical surface of each reconstructed brain and the 
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final anatomical markers are made using anatomical information about local curvature. 

Destrieux atlas: 

The atlas uses the internationally recognized standard nomenclature and criteria to 

completely segment the cortical surface. The basic idea is to classify each vertex as sulcal 

or gyral through a computer-assisted manual segmentation, and then subdivide them into 

74 labels per hemisphere. Basing on the values of the local average curvature and average 

convexity obtained from the reconstructed cortical surface output from Freesurfer, the 

entire cortex is divided into sulcal cortex and gyral cortex. For most structures, the sulcal 

and the gyral can be separated basing on the boundary that represents the average convexity 

value. The boundary is drawn by the follow process: vertices with an average convexity 

value below a given threshold are considered to be sulcal, and vertices with a value equal 

to or greater than the threshold are considered to be gyral. This threshold is selected 

empirically to set the sulcal-gyral boundary close to the junction between the brain 

convexity and the outside of the sulcus on the T1 image [17]. Once the entire cortical 

surface is classified as gyral or sulcus-shaped, the atlas can draw the boundary between the 

continuous gyri and sulci directly on the inflated surface by hand. Once the cortical 

structure (gyral or sulcal) is defined by these lines and the boundaries of the revolving, it 

is associated with the label selected in the area name list. For some large structures, 

additional sub-separation is used. 

Yeo2011 atlas: 

In this atlas, data from 1,000 young healthy adults were recorded using surface-based 
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alignments [18]. All data was acquired on the Siemens 3T scanner in the same functional 

and structural sequences. A clustering method was used to identify and replicate a network 

of functionally coupled regions throughout the cerebral cortex. The results show that the 

local area network is limited to the sensory and motor cortex, as well as the distributed 

network of associated areas that form finger circuits. Within the sensory and motor cortex, 

functional connectivity follows topographic representations across adjacent areas. In the 

cortex, connectivity patterns often show sudden transitions between network boundaries, 

forming most parallel circuits. Freesurfer provides the segmentations that divide the 

cerebral cortex into 7 and 17 parcellations in each hemisphere. 

2.2.2. PET/MRI Registration 

To perform region-based analysis on PET data, the pipeline employs a mapping 

mechanism between the PET volume space and the high-resolution MRI space. The PET 

was registered to the MRI using the Boundary-based Registration (BBR) [19], which used 

a six degree-of-freedom linear transform. The BBR method considers the most salient 

registration cue to be the contrast across a tissue boundary. The novelty of BBR is that it 

treats the two images very differently. The reference image must have sufficient resolution 

and quality to extract surfaces that separate tissue types. The input image is then aligned to 

the reference by maximizing the intensity gradient across tissue boundaries. Intensity 

values in the anatomical image are not part of the cost function. If two or more input images 

must be aligned, they can each be separately aligned to the reference with BBR. The MRI 

segmentation was mapped into the PET space in a way that accounted for the tissue fraction 



17 
 

effect (TFE) [20]. The TFE is a type of PVE that occurs when multiple tissue types or ROIs 

occupy the same PET voxel [21]. Each PET voxel was divided into a uniform 3 × 3 × 3 

grid. Each grid point was mapped into the high-resolution MRI space to determine the ROI 

for that grid point. This was done for all 27 grid points. The tissue fraction for a given ROI 

at a PET voxel was computed as the number of grid points for that ROI in that voxel divided 

by 27. The TF at a given PET voxel for a given tissue type was computed by summing up 

the TFs for all ROIs of that tissue type in that voxel. To create a segmented volume in the 

PET space, each voxel was assigned to the ROI segment that had the highest TF at that 

voxel. Once the mapping mechanism between MEI and PET is built up, the region defined 

by the atlases using MRI could be mapped into PET volume space and each PET voxel 

labeled with the region to which it belongs, thus allowing a region-based study on PET 

data. 

 
Figure 2 The figure above shows the feature map generation process for a given atlas. In 
the case above, we used the Yeo_7 atlas as an example to illustrate the basic flow chart. 
The pipeline used MRI as input to generate the virtual cortical surface, which was 
segmented into several regions according to the template from a given atlas. Then the PET 
volume space was registered to the MRI space. Therefore, the segmented cortical regions 
could be mapped into the PET volume space. We can calculate the rSUV as the feature 
value for each region using the PET voxels within it and combine the features from all 

PET 

Registratio
n 

MRI 
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regions to form a feature map. The feature map on the right shows the information about a 
region in each row. The columns from left to right represent the row index, the ROI index, 
the name of the ROI, tissue class, number of PET voxels in the ROI, variance reduction 
factor for ROI, rSUV, and residual variance across voxels in the ROI. The tissue class helps 
us to locate the regions from subcortical gray matter and cortex. The rSUV is the feature 
of the corresponding ROI. 
 

Atlas name #subjects #features Image type 
#F after 

LASSO 

#F after CM #F after MI #F after 

Autoencoder 

Aparc 40 85 
AC 9 50 12 40 

NAC 13 14 10 40 

Aparc_2009 37 165 
AC 13 16 18 40 

NAC 3 43 29 40 

Yeo_7 43 31 
AC 7 2 26 40 

NAC 7 3 4 40 

Yeo_17 43 51 
AC 6 11 20 40 

NAC 9 10 31 40 

Table 1. Details for each atlas. #subjects indicates the total amount of data points that can 
be processed by Freesurfer without error using a given atlas. #features show how many 
features can a given atlas provide and #F after LASSO, #F after CM, #F after MI, and #F 
after Autoencoder show the amount of preserved features after LASSO, correlation matrix, 
mutual information, and autoencoder feature selection separately. 
 

2.2.3. PET Feature for Each Segmented Region 

For each region in a given atlas, we could use the average intensity of the PET voxels 

within this region and normalize it to generate the feature for this region. The PET data are 

then converted into the feature maps consisting of the relative standard uptake value (rSUV) 

for each ROI with tissue type of subcortical and gray matter. The rSUV is a dimensionless 

ratio used by nuclear medicine professionals to distinguish between “normal” and 

“abnormal” levels of uptake. It is calculated by dividing the ROI intensity by the intensity 

of the pons.  

𝑟𝑆𝑈𝑉 = 	
𝑅𝑂𝐼	𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦	

𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦	𝑜𝑓	𝑝𝑜𝑛𝑠 
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Using the pons to perform normalization for all data is because it is commonly applied, 

easy to identify, rarely consists of the epileptic seizure foci, and enables comparison across 

datasets in which the patients' brain volumes may be quite diverse. 

2.3. Feature Selection 

Using the method above, the feature map generated for a given patient should contain 

the same number of features as the number of parcellations, which is between 31 to 167 

features depending on the atlas. Since the amount of data needed for training often grows 

exponentially when the feature dimensionality increase, the classifiers are very prone to be 

overfitting consider the amount of training data we used. We applied LASSO (least 

absolute shrinkage and selection operator [22]), correlation matrix, mutual information, 

and autoencoder for feature selection and compared them using the ROC curves from the 

classifier trained by the features selected by them. Basing on the results, the LASSO was 

decided as the final feature selector. 

2.3.1. LASSO 

The LASSO method, which is the most popular sparse learning algorithm to reduce 

the feature dimensionality, performs feature selection by applying the feature vector 

regularization process where it set up a constraint on the sum of the absolute values of the 

weight parameters in a given classifier, which is achieved by involving a tuned penalty to 

an 𝑙: optimization problem.  

For a given value of tuning parameter 𝜆, LASSO solves the problem: 

min
r
'
1
𝑁(

(𝑦0 − 𝑥0s𝛽)4
6

09:

+ 𝜆(u𝛽2u
Z

29:

; 
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which can be convert into finding the solution to the 𝑙: optimization problem: 

min
r
K
1
𝑁(

(𝑦0 − 𝑥0s𝛽)4
6

09:

M 				𝑠𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜	(‖𝛽‖:

E

29:

≤ 𝑡 

Where 𝑡 is the upper bound for the sum of the coefficients, 𝑁 is the amount of 

training data, 𝑦0 is the response at observation 𝑖. 𝑥0 is data which is a vector of length 

𝑝 at observation 𝑖 . 𝜆 is a nonnegative regularization parameter and 𝛽  is the weight 

vector with length 𝑝 for the 𝑙: optimization problem, which can be used as the indicator 

for the feature selection process. The relation between 𝜆 and 𝑡 is a reverse relationship. 

Indeed as 𝑡  becomes infinity, the problem becomes an ordinary least square and 𝜆 

becomes 0. Vice versa as 𝑡 becomes 0, all coefficients shrink to 0 and 𝜆 goes to infinity. 

When we minimize the optimization problem some coefficients are shrank to zero, i.e. 

𝛽|2(𝜆) = 0, for some values of 𝑗 (depending on the value of the parameter 𝜆). In this way 

the features with coefficient equal to zero are excluded from the model. For this reason, 

LASSO is a powerful method for feature selection. For the LASSO method the constraint 

region is a diamond, therefore it has corners; this means that if the ellipses, on which the 

least squares error functions share the same value that increases when the ellipses goes 

larger, hits the corner, we will accept this corner to represent the weight vector 𝛽 since it 

has the minimum least square error. In this weight vector	𝛽, it has one coefficient 𝛽2 equal 

to zero. Following the same logic, in higher dimension, only a few coefficients in 𝛽 are 

nonzero after the regularization, and we can consider those features corresponding to these 

coefficients as major predictors and apply them in the classifiers.  
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2.3.2. Correlation Matrix 

The correlation coefficient is a statistical measure that calculates the strength of the 

relationship between the relative movements of two variables. More specifically, it is a 

measure of their linear dependence. The values range between -1.0 and 1.0. A calculated 

number greater than 1.0 or less than -1.0 means that there was an error in the correlation 

measurement. A correlation of -1.0 shows a perfect negative correlation, while a 

correlation of 1.0 shows a perfect positive correlation. A correlation of 0.0 shows no 

relationship between the movement of the two variables. 

If each variable has 𝑁 scalar observations, then the Pearson correlation coefficient 

is defined as: 

𝜌(𝐴, 𝐵) =
1

𝑁 − 1(�
𝐴0 − 𝜇�
𝜎�

� �
𝐵0 − 𝜇�
𝜎�

�
6

09:

 

Where 𝜇� and 𝜎� are the mean and standard deviation of 𝐴, respectively, and 𝜇� 

and 𝜎�  are the mean and standard deviation of 𝐵 . Alternatively, we can define the 

correlation coefficient in terms of covariance of 𝐴 and 𝐵: 

𝜌(𝐴, 𝐵) =
𝑐𝑜𝑣(𝐴, 𝐵)
𝜎�	𝜎�

 

The correlation coefficient matrix of two random variables is the matrix of correlation 

coefficients for each pairwise variable combination: 

𝑅 = �𝜌
(𝐴, 𝐴) 𝜌(𝐴, 𝐵)
𝜌(𝐵, 𝐴) 𝜌(𝐵, 𝐵)� 

Since 𝐴 and 𝐵 are always directly correlated to themselves, the diagonal entries are 

just 1, that is, 
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𝑅 = � 1 𝜌(𝐴, 𝐵)
𝜌(𝐵, 𝐴) 1 � 

For each atlas, we use the feature vector from it to generate a self-correlation matrix, 

which means 𝐴 and 𝐵 are both the same as the feature vector. As the example shown in 

the figure below, we generated a correlation matrix for a given feature vector and exam 

how each feature is dependent to others. We set a threshold and rule out all the feature pairs 

that have correlation coefficients higher than it, which allow us to eliminate those features 

that can be represented by each other and only keep those features that can’t be explained 

by the others, so that we can decrease the dimensionality of a given feature vector. We 

enumerated ninety-nine threshold values from 10�: to 1 to find out the one enabling the 

linear SVM to perform the best. The result of shrinking feature dimensionality for each 

atlas is shown in the table below: 

 
Atlas_PET type Threshold SVM accuracy 

Aparc_ac 0.86 0.78 
Aparc_nac 0.77 0.80 

Aparc_2009_ac 0.63 0.76 
Aparc_2009_nac 0.84 0.70 

Yeo7_ac 0.43 0.67 
Yeo7_nac 0.48 0.68 
Yeo17_ac 0.69 0.74 
Yeo17_nac 0.76 0.74 

Table 2. We found the threshold for correlation coefficient to select features that enable 
the SVM to reach the highest accuracy. These thresholds would then be used to compare 
the performance between feature selectors.  
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Figure 3 The figure above is the visualization of the correlation matrix using the feature 
map of Desikan atlas. The x and y axis indicate the index of features. In order to visualize 
the matrix, each correlation coefficient is assigned with a corresponding color in the jet 
color map. The color changes from blue to red while the correlation coefficient changes 
from 0 to 1. The diagonal from upper left to lower right indicate the correlation coefficient 
for each feature with itself, which is one. 
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Figure 4 The feature vector shrinkage process using a different threshold foreach atlas. 
The x-axis represents the threshold in percentage for ruling out the highly correlated 
features. The y axis represents the dimensionality of a given feature vector. While the 
threshold is below 50%, the feature number for all atlas and PET data remains below 5. 
Once the threshold reaches over 50%, the dimensionalities of all feature vectors increase 
exponentially. When the threshold reached 100%, the feature vectors remain the original 
dimensionalities. One fact that could be noticed is that feature vectors from all atlases have 
higher dimensionality using AC PET instead of NAC PET under the same threshold. It 
indicates the choice of the PET input could influence the final feature selection results from 
this method, which is a drawback for the correlation matrix feature selection method since 
we need the feature selection method to perform equally regardless of the input. 
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Figure 5 The figure above indicates the accuracy of linear SVM classifiers trained with 
the features selected under different threshold. Each line represents the variation of the 
SVM using a given atlas and PET input. For each combination of atlas and PET input, we 
find the threshold that enables the SVM to reach the highest accuracy and use this threshold 
to select features for that case. For each line, the blue notations show the percentage of 
features used to train this classifier when it reached the highest accuracy. 
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Figure 6 The figure above is the accuracy variation of the linear SVM classifiers trained 
with various percentages of features according to the mutual information value. The Y-axis 
is the lateralization classification accuracy of SVM classifiers. The X-axis is the number 
of features used for training. With the threshold of mutual information value decreasing, 
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more features are used to train the classifier. Each line represents the classifier trained with 
features from a combination of atlas and PET input. We found the number of features that 
have the highest accuracy for each combination of atlas and PET input. For each line, the 
blue notations show the number of features used to train this classifier when it reached the 
highest accuracy. 
 

2.3.3. Mutual Information 

The mutual information (MI) of two random variables is a measure of the mutual 

dependence between the two variables. More specifically, it quantifies the “amount of 

information” obtained about one random variable through observing the other random 

variable. The concept of mutual information is intricately linked to that of entropy of a 

random variable, a fundamental notion in information theory that quantifies the expected 

“amount of information” held in a random variable. 

Not limited to real-value random variables and linear dependence like the correlation 

coefficient, MI is more general and determines how different the joint distribution of the 

pair (X,Y) is to the product of the marginal distributions of X and Y. MI is the expected 

value of the pointwise mutual information [23]. The formal definition of mutual 

information is given by: 

𝐼(𝑋0, 𝑌) = � � 𝑝(𝑥, 𝑦) log
𝑝(𝑥, 𝑦)
𝑝(𝑥)𝑝(𝑦) 𝑑𝑥𝑑𝑦���

 

Where 𝑋0 is the vector contains the 𝑖th feature component from all the patients. 𝑌 

is the label vector and 𝑝(𝑥, 𝑦) is the joint probability density function of 𝑋0 and 𝑌, and 

where 𝑝(𝑥) and 𝑝(𝑦) are the marginal density functions. If 𝑋0 and 𝑌 are completely 

unrelated (and therefore independent), then 𝑝(𝑥, 𝑦)  would equal 𝑝(𝑥)𝑝(𝑦) , and this 

integral would be zero. 
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When it comes to feature selection, we calculated the mutual information between the 

label 𝑌  and each feature 𝑋0 . Then, we rank the features basing on the 𝐼(𝑋0, 𝑌) and 

choose the features with the top k % of 𝐼(𝑋0, 𝑌) to train a linear SVM. We found the 

feature selection results that enable the SVM to reach the highest accuracy. The result is in 

the table below: 

Atlas_PET type # of feature SVM accuracy 
Aparc_ac 12 0.89 
Aparc_nac 10 0.80 

Aparc_2009_ac 18 0.86 
Aparc_2009_nac 29 0.83 

Yeo7_ac 26 0.79 
Yeo7_nac 4 0.74 
Yeo17_ac 20 0.85 
Yeo17_nac 31 0.75 

Table 3. Basing on the rank of mutual information, we found the number of features for 
each combination of atlas and PET input to select features that enable the SVM to reach 
the highest accuracy. These features would then be used to compare the performance 
between different feature selectors.  
 

2.3.4. Autoencoder 

An autoencoder is a type of artificial neural network used to learn efficient data coding. 

The aim of an autoencoder is to learn a representation (encoding) for a set of data, typically 

for dimensionality reduction, by training the network to replicate its input at its output. 

Along with the reduction side, a reconstructing side is learnt, where the autoencoder tries 

to generate from the reduced encoding a representation as close as possible to its original 

input. An autoencoder is composed of an encoder and a decoder. The encoder and decoder 

can have multiple layers, but considering the training data we have are limited, we only set 

them to contain only one layer in order to prevent overfitting. Training an autoencoder is 
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unsupervised in the sense that no label data is needed. The training process is still based on 

the optimization of a cost function. The cost function measures the error between the input 

𝑥 and its reconstruction at the output 𝑥�. 

If the input to an autoencoder is a vector 𝑥 ∈ ℝ��, then the encoder maps the vector 

𝑥 to another vector 𝑧 ∈ ℝ�(7) as follows: 

𝑧 = ℎ(:))𝑊(:)𝑥 + 𝑏(:)3 

Where the superscript (1) indicates the first layer. ℎ(:): ℝ�(7) → ℝ�(7) is a transfer 

function for the encoder, 𝑊(:) ∈ ℝ�(7)×�� is a weight matrix, and 𝑏(:) ∈ ℝ�(7) is a bias 

vector. Then, the decoder maps the encoded representation 𝑧 back into an estimate of the 

original input vector, 𝑥, as follows: 

𝑥� = ℎ(4))𝑊(4)𝑧 + 𝑏(4)3 

Where the superscript (2) indicates the first layer. ℎ(4): ℝ�� → ℝ��  is a transfer 

function for the encoder, 𝑊(4) ∈ ℝ��×�(7)  is a weight matrix, and 𝑏(4) ∈ ℝ�� is a bias 

vector. 
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Figure 7 The figure above shows the basic structure of an autoencoder. The layer L: is 
the input layer, each node x� represents the ith component of the input feature vector. The 
layer L4 is the hidden layer, each node represents the new extracted feature vector with 
less dimension, which is considered as the extracted feature used in our project. The layer 
L� represents the output layer which wouldn’t be used in this case. 
 

For the feature selection purpose, we use the feature vectors from each atlas as the 

input and training the autoencoder. Then we keep the encoder network and discard the 

decoder network, so that we can get a feature extractor that is capable to generate a 

representation of the input. We tried several combinations of the number of layers in the 

encoder and decoder and the nodes within each layer. The tests were performed on all 

combinations of atlases and PET input. The figure below is the example of using Desikan 

atlas and AC PET. The autoencoder with 1 hidden layer and 40 nodes in it performed better 

than the other network structure. 
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Figure 8 The figure above shows the ROC curve of linear SVM classifiers trained with the 
features selected by autoencoders that used the Desikan atlas and AC PET. We tried six 
kinds of network structure, 1 hidden layer with 5, 10, 20, 40 nodes respectively, 2 hidden 
layers with 40 nodes in the first layer and 20 nodes in the second layer, and 3 hidden layers 
with 20 nodes in the first layer, 20 nodes in the second layer, and 5 nodes in the third layer. 
As the AUC values are shown above, the structure with one hidden layer and 40 nodes can 
generate the extracted feature vector that enables the SVM to reach the highest AUC value. 
With the number of nodes in the first hidden layer decreasing, the dimensionality of 
features dropped with the cost of losing classification accuracy. With the depth of the 
structure increasing and the parameters in the network growing, the autoencoder tends to 
be lack fitting considering the limited training data. 
 

2.3.5. Comparation 

In the sections above, we found out the best feature selection plan for each feature 

selection method to deal with every combination of atlas and PET input. We then tested 

how the feature selection methods perform when using various classifiers. For each one of 
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the eight combinations of atlas and PET input, we used the features selected by four feature 

selection methods to train the same type of classifier. Each test was performed using linear 

SVM, KNN with k=5, and the gaussian Naïve Bayes model. We keep the ROC curve for 

the classifiers and compared their AUC to find out which feature selection method 

performs universally better than the others. The AUC results are shown in the chart below: 

 

Feature selection 
method AUC for SVM AUC for KNN AUC for NB 

LASSO 0.84 0.79 0.56 

Correlation Matrix 0.71 0.70 0.60 

Mutual 
Information 0.76 0.66 0.57 

Autoencoder 0.62 0.69 0.65 

Table 4. The table above shows the performance comparison of four feature selection 
methods using several kinds of classifiers. It is clear that the SVM and KNN classification 
models reached significantly higher AUC value while using the features selected by 
LASSO compared to the other feature selection methods. Even though the LASSO didn't 
reach the highest score while using the Naïve Bayes model, the low average AUC of the 
Naïve Bayes model undermines the negative influence of this result on LASSO. 
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Figure 9 We use the ROC curves from using Desikan atlas and AC PET as an example to 
demonstrate the conclusion. As the chart and the ROC curves shown above, the LASSO 
feature selection method has a higher AUC value when using SVM and KNN. Considering 
the average AUC value of all feature selection methods using the Naïve Bayes model is 
lower than the ones of SVM and KNN, and the difference of AUC between four feature 
selection methods is not significant, we choose the LASSO feature selection method as the 
final feature selector.  
 
2.4. Machine Learning Method 

We tested three models, support vector machine, k-nearest neighbor, and Naïve Bayes 

for classification both on lateralization and localization. Each model was tested under 

several sets of parameters, and we ranked them by the frequency of a model under a given 

set of parameters getting higher accuracy than the other sets through all test runs. The 

model with the highest rank was considered as the representation of its corresponding 
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model. 

2.4.1. Support Vector Machine 

In machine learning, support vector machines (SVM) are supervised learning models 

with associated learning algorithms that analyze data used for classification and regression 

analysis [24]. Given a set of training examples, each marked as belonging to one or the 

other of two categories, an SVM training algorithm builds a model that assigns new 

examples to one category or the other, making it a non-probabilistic binary linear 

classifier (although methods such as Platt scalingexist to use SVM in a probabilistic 

classification setting). An SVM model is a representation of the examples as points in space, 

mapped so that the examples of the separate categories are divided by a clear gap that is as 

wide as possible. New examples are then mapped into that same space and predicted to 

belong to a category based on the side of the gap on which they fall. In addition to 

performing linear classification, SVMs can efficiently perform a non-linear classification 

using what is called the kernel trick, implicitly mapping their inputs into high-dimensional 

feature spaces. 

The factors related to SVM are the kernel function, kernel scale. Six sets of factors 

were tested. The Linear SVM has a linear kernel with kernel scale equal to one. The 

Quadratic SVM and Cubic SVM use a polynomial kernel with kernel scale equal to one 

and polynomial order as two and three respectively. The fine Gaussian SVM, the medium 

Gaussian SVM, and the coarse Gaussian SVM apply gaussian kernel with kernel scale 

equal to 1.6, 6.5 and 26 separately.  
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2.4.2. K-Nearest Neighbor 

The k-nearest neighbor algorithm (KNN) is a non-parametric method used 

for classification. The input consists of the k closest training examples in the feature space, 

and the output is a class membership [25]. An object is classified by a plurality vote of its 

neighbors, with the object being assigned to the class most common among its k nearest 

neighbors (k is a positive integer, typically small). If k = 1, then the object is simply 

assigned to the class of that single nearest neighbor. 

The factors that define the KNN model are the number of neighbors, the distance 

calculation method, and the weight for each neighbor related to the distance. For each 

training data point, the weighted KNN model counts the ten nearest neighbors of it based 

on Euclidean distance with the weights of 1/(square of distance). The other model didn't 

involve weight. The fine KNN, the medium KNN, and the coarse KNN use the Euclidean 

distance method and the number of nearest neighbors to find like 1, 10, and 100 separately. 

The cosine KNN and the cubic KNN apply ten as the number of nearest neighbors with 

cosine and Minkowski distance function, respectively.  

2.4.3. Naïve Bayes 

Naive Bayes methods are a set of supervised learning algorithms based on applying 

Bayes’ theorem with the “naive” assumption of conditional independence between every 

pair of features given the value of the class variable [26]. Bayes’ theorem states the 

following relationship, given class variable 𝑦 and dependent feature vector 𝑥: through 𝑥", : 

𝑃(𝑦	|	𝑥:, … , 𝑥") =
𝑃(𝑦)𝑃(𝑥:, … , 𝑥"	|	𝑦)

𝑃(𝑥:, … , 𝑥")
 

Using the naive conditional independence assumption that: 
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𝑃(𝑥0	|	𝑦, 𝑥:, … , 𝑥0�:, 𝑥0�:, … , 𝑥") = 𝑃(𝑥0	|	𝑦) 

for all i, this relationship is simplified to: 

𝑃(𝑦	|	𝑥:, … , 𝑥") =
𝑃(𝑦)∏ 𝑃(𝑥0	|	𝑦)"

09:

𝑃(𝑥:, … , 𝑥")
 

Since 𝑃(𝑥:, … , 𝑥") is constant given the input, we can use the following classification 

rule based on the maximum likelihood method: 

𝑦� = argmax
£
𝑃(𝑦)¤𝑃(𝑥0	|	𝑦)

"

09:

 

The naïve Bayes models are defined by the date distribution modeling method and the 

kernel smoother type. The gaussian Naïve Bayes model uses the normal distribution to 

model the data. The gaussian, box, Epanechnikov and triangle kernel bayes model apply 

kernel smoothing density estimate to model the data and use the gaussian, box, 

Epanechnikov and triangular function as kernel smoother. 

2.5. Data 
2.5.1. Data Acquisition 

The MRI and PET data is from the George Washington University hospital Epilepsy 

Surgery database. These are 46 patients that were all seen at GW for epilepsy. We have the 

information for lateralization and localization from the non-invasive EEG monitoring due 

to the patient's admission at the Epilepsy Monitoring Unit at the hospital. The clinical MRI 

sequences were acquired  using standard 3T MRI scanners (TE = 0.00 ms, TR = 29.00 

ms, TI = 0.00 ms, flip angle = 0.00 degree matrix = 512	 × 	512	 × 	192 ) including T-1 

weighted images, T-2 weighted images, and fluid-attenuated inversion recovery (FLAIR) 

images, which combined together to generate the virtual cortical surface. The size of PET 
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sequences, either attenuation corrected (AC) or nonattenuation corrected (NAC), is 

256	 × 	256	 × 	47 with a voxel size of 1.17	 × 	1.17	 × 	3.27 mm. 

2.5.2. Label 

All the patients were assigned with two sets of independent labels for literalization 

and localization separately. For lateralization classification, the data were labeled as left 

versus right versus bilateral. The bilateral is resulted from lesions spreading on both sides 

of the brain, which isn't our case of foci, or unclear lateralization status, which makes data 

labeled as unsuitable for the classification. For localization classification, the data were 

labeled as temporal, which is the most common area where seizures start in teens and 

adults, versus extra-temporal, which means the seizure focal is outside of the temporal lobe, 

originating in the frontal, parietal or occipital lobes, or even more than one lobe.  

The two photons that are produced in the decay of positron-emitting radionuclide must 

be detected during the predetermined time window to be counted as a true coincidence 

event. Most of the photons are, however, lost because of their absorption in the body, 

depending on the size of the body in the field of view. This loss of detection of true 

coincidence events is called attenuation. Attenuation increases image noise, image artifacts, 

and image distortion. Without attenuation correction, significant artifacts which may occur 

on whole-body PET scans include: (1) prominent activity at body surface edges due to 

relative lack of attenuation at the surfaces compared to deeper structures, (2) distorted 

appearance of areas of intense activity (e.g. urinary bladder) due to variable degrees of 

attenuation in various directions of activity originating from these areas, and (3) diffuse, 
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relatively increased activity in tissues of relatively low attenuation (e.g. lungs). Therefore, 

attenuation correction of data is necessary for accurate qualitative (i.e., visually normal, 

increased, or decreased) and quantitative (i.e., standardized uptake values or SUVs) 

measurements of FDG activity. In PET/CT x-rays from a CT scan are used to construct an 

attenuation map of density differences throughout the body that can then be used to correct 

for the absorption of the photons emitted from FDG decay. Attenuation is much more likely 

in the center of the body, and therefore non-attenuation-corrected images will show 

diffusely lower-level activity deep in the body compared to the skin surface. The 

attenuation correction process essentially "adds counts back" into areas that are more 

attenuated due to their being deeper or being surrounded by relatively dense structures. 

Similarly, it essentially "subtracts counts" from areas that are attenuated much less than all 

other tissues (e.g., lungs and body surfaces). Both attenuation-corrected and non-

attenuation-corrected data sets are provided for review, and both should be examined by 

the interpreter. Reviewing both data sets sometimes allows confirmation of an abnormality 

or confirmation of the benignity of a process that might have been incorrectly assessed 

based on a review of one set alone. 

To validate the influence of the PET scan types, we involved both attenuation-

corrected (AC) and nonattenuation-corrected (NAC) PET data from each patient.  

2.5.3. Data Balancing 

Since the data distribution of five extra-temporal data points versus thirty-six temporal 

data points is highly imbalanced and would lead to problems such as overfitting, a popular 
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over-sampling method named SMOTE (Synthetic Minority Over-sampling Technique [27]) 

was involved. The SMOTE generate synthetic examples in a less application-specific 

manner, by operating in “feature space” rather than “data space”. Since random 

oversampling applies a strategy of simply copying samples to increase a small number of 

samples, it is easy to generate a model over-fitting problem, that is, the information learned 

by the model is too specific and not generalized, and the basic idea of the SMOTE 

algorithm is to generate artificial samples to the data set based on the minority samples. 

The procedures are as following: (i) For each sample 𝑥  in the minority class, the 

Euclidean distances from all samples in that class are calculated to obtain its k-nearest 

neighbor. (ii) Randomly pick 𝑁 samples from k neighbors where 𝑁 is determined based 

on the sample imbalance ratio. For instance, if the amount of over-sampling needed is 

200%, only two neighbors form the five nearest neighbors are chosen and one sample is 

generated in the direction of each. (iii) For each selected neighbor 𝑥̈ , generate a new 

sample with the original sample 𝑥 according to the following formula: 

𝑥"©ª = 𝑥 + 𝑟𝑎𝑛𝑑	(0,1) 	× 	(𝑥 − 𝑥̈) 

Which means the synthetic samples are generated in the following way: take the 

difference between the feature vector under consideration and its nearest neighbor. 

Multiply this difference by a random number between 0 and 1, and add it to the feature 

vector under consideration. This causes the selection of a random point along the line 

segment between two specific features. (iv) Involve all newly generated data points into 

the original data set. 
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Chapter 3 – Results 
 
 
 

The experiments were applied to test the performance of several combinations of 

atlases, classifiers, and PET scan types (Attenuation-Corrected vs. Nonattenuation-

Corrected) related to the prediction of focal lateralization and localization.  

3.1 Statistical Results of Classifiers 

The criteria for the classifiers was the validation accuracy under 5-fold cross-

validation. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
#	𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦	𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑	𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠

#	𝑎𝑙𝑙	𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠  

For the experiments either on lateralization or localization, the combinations for four 

atlases and seventeen classifiers with Attenuation-Corrected (AC) and Nonattenuation-

Corrected (NAC) PET data, 136 cases in total, were tested. Each case was tested five times 

with different data partitioning for cross-validation. We statistically analyzed the accuracy 

for each classifier in all the test runs and picked the one with higher accuracy in most cases 

to represent the model it belongs to. 

For lateralization, Linear SVM, Cosine KNN and Gaussian NB had the highest 

accuracy in 67%, 37.5% and 53% of all the test runs separately, which made them the 

representations for their model since they had higher classification accuracy in the most 

case then the other classifiers belonging to their corresponding models. For localization, 

Fine Gaussian SVM, Coarse KNN, and Box Kernel NB represented their corresponding 

models since they had the highest accuracy in 86%, 91%, and 95% test runs.  
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3.2 Lateralization 

Since the lateralization problem focuses meanly on the classification respect to the 

focal location in the left hemisphere versus right hemisphere and the data labeled as 

bilateral can be considered as unsuitable data for this task, the ability of each classification 

model for unsuitable data detection would be important before the lateralization prediction. 

We consider the data labeled as left or right as a group and use the SVM, KNN, and NB 

model to classify with the label "left or right" versus "bilateral." The results are shown in 

figure 9 below, where the blue, orange, and gray represent for SVM, KNN, and NB 

separately. 

 
Figure 10 Unsuitable data detection performance comparison for all classifiers respected 
to classifying Left or Right versus Bilateral using AC PET grouping by the atlas. The 
horizontal and vertical axis represents the name of the atlas and classification accuracy rate. 
Each bar in the box chart represents the statistical results for a given classifier using a given 
atlas. The cross indicates the average, and the horizontal lines from top to bottom indicate 
the maximum, the 75% percentile, the medium, the 25% percentile, and the minimum. This 
result indicates that all the classifiers can accurately detect whether the input data is suitable 
for the following lateralization classification. 
 

Figure 10 shows the results by using AC PET for all classifiers and atlases as an 
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example. The results show that all classifiers using any atlas have greater than 75% 

accuracy on average for unsuitable input detection. The highest average accuracy reached 

91% using SVM with yeo2011_17Networks atlas on NAC PET data. 

 
Figure 11 The performance comparison using data labeled as Left and Right. The setting 
for the box chart above is the same as the one in figure 1. Results from using both AC and 
NAC PET were shown above and labeled by the end of the atlases name. For future 
convenience, we take abbreviations for each atlas. aparc, aparc_2009, yeo_7, and yeo_17 
represent the Desikan_Killiany, Destrieux, Yeo2011_7Network, and Yeo2011_17Network, 
respectively. 
 

Figure 11 shows the results for the performance comparison for classifiers with 

several combinations of atlases and PET data type. The comparison between the AC and 

NAC PET shows that all the combinations of classifiers and atlases are prone to have lower 

accuracy when using NAC PET since the average accuracy decreased from AC to NAC in 

seven over twelve (three classifiers, four atlases) of cases, which may be caused by the 

noise introduced in NAC PET scan. From the atlases’ performance perspective, the results 

from classifiers using either AC or NAC PET are more stable when using functional atlas 
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(yeo_7 and yeo_17) comparing to neuroanatomical atlas (aparc and aparc_2009) and two 

over three of all classifiers reached highest scores when using yeo_7 atlas, which indicates 

functional atlases perform better on PET data then neuroanatomical atlases. The “no free 

lunch” theorem [28] indicates no classifier could perform better than others in all cases. 

Therefore, the classifier selection has to be based on their performance in specific 

experiments. In our case, SVM performed better than the other two in most cases, yet NB 

usually was worse than the others. The best score SVM reached is 88.2% with yeo_7 atlas 

and AC PET scan.  

 

Atlas/PET AUC for SVM AUC for KNN AUC for NB 
Aparc_ac 0.93 0.84 0.78 
Aparc_nac 0.80 0.80 0.50 

Aparc_2009_ac 0.80 0.77 0.80 
Aparc_2009_nac 0.85 0.83 0.83 

Yeo7_ac 0.96 0.83 0.75 
Yeo7_nac 0.85 0.80 0.71 
Yeo17_ac 0.87 0.79 0.77 
Yeo17_nac 0.86 0.77 0.60 

Average 0.86 0.80 0.71 
Table 5. The table above shows the AUC values for each classifier with a combination of 
atlas and PET input. As the result has shown, SVM has a higher average AUC using a 
different combination of Atlas and PET input compared to the other two classifiers. 
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Figure 12 We also compared the ROC curves of three classifiers using several 
combinations of atlas and PET input. The results are shown below, in which the AUC 
values confirmed the results we have above. It is clear that the AUC values of SVM in all 
combinations of atlases and PET input is higher than the ones of the KNN and Naïve Bayes 
model, and the SVM using Yeo_7 and AC PET have the highest AUC value. 
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Figure 13 The figure above shows the two classification strategies used in the lateralization 
classification. The atlas used in this example is Yeo_7. The left flow chart shows the 
strategy that combines the features from the left and right hemispheres together to train the 
classifier. The right flow chart shows the process that is using the features from each 
hemisphere to train a classifier separately, and then predict the lateralization by combining 
the results from those two classifiers together. 
 

For experiment purposes, we test another classification strategy for lateralization. In 

the process above, we trained the classifiers using the features from the left hemisphere 

and right hemisphere at one time, which caused the feature vectors' dimensionalities are 

relatively high. Since the segmentation for left and right hemisphere are symmetrical in all 

atlases, we tried to build up another classification strategy that divides the feature map of 

the whole brain into the feature maps for each hemisphere respectively, and uses those 

feature map to train the classifiers for each hemisphere separately regarding whether the 

current hemisphere contains seizure foci. If the classification results show that the left 
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hemisphere contains the seizure foci yet the right doesn’t, then the final lateralization 

prediction for this given patient is left seizure foci, and vice versa. If the classification 

results from both hemispheres contain the seizure foci, then the final prediction is bilateral. 

To test this strategy, we separate the feature maps into left and right, and trained the SVM, 

KNN, and Naïve Bayes model separately. The results show that the accuracy of the 

classifiers for each hemisphere is relatively high, yet the final predictions of lateralization 

are relatively low. The results are understandable since we need both classifiers to predict 

the right results so that we can get the right final lateralization.  

Atlas/PET type 
SVM KNN Naïve Nayes 

left right final left right final left right final 

Aparc_ac 0.812 0.779 0.620 0.710 0.741 0.508 0.672 0.721 0.456 

Aparc_nac 0.676 0.619 0.523 0.642 0.714 0.614 0.676 0.585 0.419 

Aparc_2009_ac 0.813 0.684 0.531 0.640 0.678 0.391 0.713 0.718 0.538 

Aparc_2009_nac 0.726 0.786 0.653 0.753 0.713 0.606 0.793 0.786 0.686 

Yeo7_ac 0.764 0.710 0.561 0.615 0.669 0.400 0.702 0.677 0.523 

Yeo7_nac 0.765 0.715 0.625 0.678 0.657 0.508 0.623 0.628 0.454 

Yeo17_ac 0.760 0.615 0.528 0.575 0.628 0.347 0.682 0.665 0.437 

Yeo17_nac 0.685 0.761 0.590 0.704 0.738 0.647 0.709 0.704 0.561 

Table 6. The table above shows the accuracy for each classifier using different 
combination of atlas and PET input via 5-fold cross-validation. We can clearly draw the 
conclusion that the classification strategy involving two classifiers is not feasible. 
 

3.3 Localization 

The localization classification was started by using SMOTE to augment the original 

data set, in which extra-temporal data were greatly under-represented, by generating twelve 

synthetic extra-temporal data points. The original dataset was separated into four subsets, 

each of which consists of one original extra-temporal point and nine temporal points. 
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Before testing several combinations of classifiers and atlases, using the augmented data set, 

we selected one subset as the testing group and the others as the training group. Five-fold 

cross-validation was applied to train all the classifiers using the training group and the 

accuracy of them was calculated using the corresponding testing group. The procedure 

above was repeated four times, in each of which a different subset was used as the testing 

group. 

 
Figure 14 The figure above shows the training process for localization. Since we have 36 
temporal patients and four extra-temporal patients, we separated the original dataset into 
for groups, each of which contains one extra-temporal datapoint and randomly selected 
nine temporal data points. The following procedure would be iterated four times: in one 
iteration, we choose one group as a validation group and combine the other three groups 
together as a training group to perform SMOTE data balancing, which enables the training 
group to have 27 temporal data points and nine extra-temporal data points. Using the 
balanced training group to train a given classifier and using the validation group to get the 
accuracy of this classifier under the real data. Each iteration used a different one from those 
four groups, and the training accuracy for a given classifier is the average of the four 
accuracies from validation. 
 

Figure 14 validates the conclusion from section 4.2, functional atlases performed more 
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stable than the neuroanatomical ones, yet KNN had higher accuracy in most cases. 91% 

accuracy was reached by KNN using yeo_7 atlas and AC PET data. Compared to 

lateralization classification results, all classifiers generally have smaller variance and 

higher average accuracy rate. 

 

Figure 15 The performance comparison between classifiers and atlases using AC and NAC 
PET respect to temporal versus extra-temporal. The setting for the box chart is the same as 
the figure 2. The dot from each bar in the chart above indicate the outliers which is large 
than the 75% percentile plus 1.5 times of interquartile range or smaller than the 25% 
percentile minus 1.5 times of interquartile range. The outliers in the chart above indicate 
that the accuracy results from all classifiers and atlases are highly clustered so that a few 
relatively high or low accuracy could be considered as outliers, which indicates most 
classifiers using different atlases and PET have high possibilities to classify the localization 
with a high accuracy rate. 
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Figure 16 The ROC curves of the three classifiers were compared using combinations of 
atlas and PET input. As the results above have shown, the AUC values confirmed the 
results we have above. Yet it can show from the AUC results that all classifiers have 
significantly AUC values, which indicates that the imbalanced temporal and extra-
temporal data could cause the classifiers to be overfitting. 
 

Atlas/PET AUC for SVM AUC for KNN AUC for NB 
Aparc_ac 0.99 0.91 0.87 

Aparc_nac 0.98 0.89 0.98 
Aparc_2009_ac 0.99 0.98 0.99 

Aparc_2009_nac 0.99 0.95 0.85 
Yeo7_ac 0.80 0.87 0.78 

Yeo7_nac 0.95 0.92 0.91 
Yeo17_ac 0.98 0.91 0.89 

Yeo17_nac 0.98 0.99 0.88 
Average 0.96 0.93 0.89 

Table 7. The table above shows the AUC values for each classifier with a combination of 
atlas and PET input. As the result above shown, SVM has a higher average AUC using 
different combinations of Atlas and PET input compared to the other two classifiers.  
 

3.4 Conclusion 

We have demonstrated that a quantitative method using PET along with a surface-
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based brain model generated from MRI, combined with machine learning classifiers and 

feature selection strategy to deal with the high dimensionality of anatomic segmentation 

model, can achieve classifications for seizure foci lateralization and localization with over 

80% accuracy.  

This method can substantially provide additional information to the epilepsy 

specialists while the MRI scan couldn’t show the diagnostic evidence, which is helpful 

both to decrease the delay between diagnosis and surgery and the pre-surgical analysis for 

the foci location. This has significant potential for improving the cure probability and life 

quality of the patients with drug-resistant epilepsy. 
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