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ABSTRACT 

Epilepsy is the 4th most common neurological disorder. It is associated with a high risk of 

progressive cognitive and psychosocial dysfunction and presents a great burden on 

socioeconomic and healthcare costs. Temporal lobe epilepsy (TLE) is the most common form of 

focal epilepsy in adults and focal cortical dysplasia (FCD) is the most common form of refractory 

epilepsy in children. Current treatments include anti-seizure medications (ASMs), surgical 

interventions, neurostimulation, and the ketogenic dietary therapy. One third of patients do not 

respond to ASMs and surgical intervention frequently fail due to incomplete focus delineation 

and resection. Current conventional diagnostic and prognostic tools have limited applications in 

children and patients with disabilities, and they do not capture the complexity of the underlying 

functional and structural neural networks responsible for the seizures. Thus, identification of 

reliable neuroimaging biomarkers that can predict the likelihood of disease progression, drug 

resistance, or severity of neurological and psychological consequences is imperative. The 

purpose of this dissertation research is to investigate and characterize structural white matter 

abnormalities in patients with focal epilepsies, in hopes of identifying critical biomarkers to 

progress clinical management. Data from the Epilepsy Connectome Project (ECP) and the 

University of Wisconsin Health Hospital and Clinics clinical functional magnetic resonance 

imaging (MRI) was utilized for our studies. First, this dissertation investigated diffusion weighted 

imaging (DWI) MRI microstructural differences in fractional anisotropy (FA), mean diffusivity 

(MD), and radial diffusivity (RD) of clinical FCD patients. Second, graph theoretic measures 

were used to assess ECP whole brain connectome network abnormalities in TLE patients. 

Additionally, neurocognitive impairment was correlated with DWI metrics of FA, MD, and RD, as 

well as with DWI connectivity networks in the ECP connectome. Lastly, we associated 

neighborhood deprivation with the ECP white matter connectome to elucidate the impact of 

community-level socioeconomic disadvantage with disease status. Our findings demonstrate 
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widespread white matter microstructural abnormalities in the FCD patients, as well as global 

decreased cross-sectional areas of white matter connectivity networks in TLE patients. 

Furthermore, cognitive impairment in patients was also correlated with aberrant white matter 

microstructure and network differences. Taken together, this dissertation research elucidated 

the white matter changes in FCD and TLE, providing additional insights into the underlying 

pathophysiology of both focal epilepsy diseases.
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CHAPTER 1 
 
 
INTRODUCTION 
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Epilepsy is the 4th most common neurological disorder, with a prevalence of over 3.4 

million in the USA and more than 46 million worldwide (1, 2). Clinically, it is defined by the 

International League Against Epilepsy as 1) having at least two unprovoked seizures within 

more than 24 hours apart, 2) one unprovoked seizure and a probability of further seizures 

similar to the general recurrence risk (at least 60%) after two unprovoked seizures, occurring 

over the next 10 years, and lastly 3) a diagnosis of an epilepsy syndrome (3). In addition, it is 

associated with a high risk in progressive cognitive and psychosocial dysfunction, and a great 

burden on socioeconomic and health-care costs (4-8). Current treatments include anti-seizure 

medications, surgical interventions, neurostimulation, and the ketogenic dietary therapy. Despite 

the myriad of anti-seizure medications available, 1/3 of the patients are considered drug 

resistant or refractory (intractable epilepsy) (9, 10). Surgical intervention offers seizure freedom 

in some patients with focal epilepsy; however, long-term surgical failures are common due to 

incomplete focus delineation and resection (11, 12). Conventional diagnostic tools using 

intracranial electrode recordings and task driven functional neuroimaging have limited 

applications in children and in patients with disabilities, which is prevalent in the epilepsy 

population. In addition, they do not capture the complexity of underlying functional and structural 

neural networks responsible for epilepsy. Thus, a neural circuit-based approach is indicated to 

provide a framework to investigate the influence of neural networks of focal epilepsy such as 

TLE in adults and FCD in children. Results and work from this thesis aim to characterize the 

structural and functional neuroplasticity with the goal of improving patient care for adult and 

pediatric patients with medically refractory focal epilepsy. 

 
Temporal Lobe Epilepsy: Background and MRI Considerations 
 

Temporal lobe epilepsy (TLE) is the most common form of focal epilepsy in adults (13). 

Often, TLE occurs in the form of mesial temporal lobe epilepsy secondary to a 

neurodegenerative process known as hippocampal sclerosis involving structures deep to the 
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temporal lobe including the hippocampus, parahippocampal gyrus, and the amygdala (14, 15). 

Other common etiologies may include infections, traumatic brain injuries, vascular anomalies, 

tumors, idiopathic, or cryptogenic (15). Although some patients with TLE undergo long-term 

remission, lifelong chronic TLE is debilitating and heavily associated with several cognitive, 

somatic, and psychiatric co-morbidities (5, 16, 17). Rapid cognitive impairment is also common, 

suggesting that its lifelong burden is associated with early brain and cognitive aging (18). While 

TLE surgery can reduce or control seizures in roughly 60%, patients with TLE still represents 

one of the largest proportions of those with intractable epilepsy (19, 20). 

Historically, TLE and other partial epilepsies have been considered as relatively focal 

processes involving an epileptogenic zone (21-23), which is the specific region or location from 

which a patient’s seizures arise. For decades, this concept has governed surgical management 

and the medical practice of drug-resistant partial epilepsy. However, in many cases, surgical 

resection of regions of seizure onset that was initially thought to be curative, is often met with 

seizure recurrence (11, 24, 25). Emerging evidence now illustrates through various EEG, 

structural, and functional MRI studies that TLE and other focal epilepsies may impact brain 

regions far beyond this epileptogenic focus (26-28), while providing evidence that TLE involves 

networks that is characterized by pathologies such as hyper-excitability and other seizure-

related neural plasticity (29-32).  

Early prediction of which patients will respond favorably to medications and whether they 

will respond favorably to surgery is imperative for the optimization of treatment and planning; 

however, current clinical methods for these predictions are inadequate (11, 24, 33). There are 

currently no reliable biomarkers that can predict the likelihood of disease progression, drug 

resistance, or to predict the severity of neurological or psychiatric consequences in patients with 

TLE. While previous studies have explored structural MRI biomarkers and fMRI connectivity 

studies (34-37), these studies were typically involved small patient samples and had highly 

variable results. This exposes that there is a fundamental lack of understanding of the 
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pathophysiological processes underlying epilepsy progression and remission, which impedes 

effective delivery of personalized medicine.  

With the advent and availability of powerful imaging techniques, we can now 

quantitatively characterize these structural connections between brain regions that make up 

these epileptic networks (16, 34, 38). This provides new potential approaches for elucidating not 

only the pathophysiology, but also for treating and predicting refractory epilepsy in TLE (19, 20). 

Lately, diffusion tensor imaging (DTI) technique has been utilized to garner insight into the 

structural integrity of white matter tracts and its microstructures of TLE patients, revealing white 

matter structural abnormalities beyond just the epileptogenic zone (39). 

Recent DTI studies have reported widespread bilateral reductions in fractional 

anisotropy (FA) and increases in mean and radial diffusivity (MD and RD) in subcortical white 

matter and was primarily related to reduce neurite density in TLE patients (40). Other studies 

have started to explore the interplay of focal seizure areas, such as the hippocampus, with its 

connectome-level effects using diffusion MRI connectomics, which their results revealed 

significant remodeling of connectome topology and structurally governed functional dynamics in 

TLE (41). While the concept of TLE as a network disorder is becoming widely accepted, there 

are few studies that have elucidated the structural connectome and the few that have typically 

involve small datasets. To our knowledge, no study has characterized the whole brain white 

matter connectome abnormalities in TLE patients compared to controls in a large scale and 

homogenous patient study.  

The Epilepsy Connectome Project (ECP) is a large-scale dataset collection project of 

connectivity measurements of patients with idiopathic TLE (42-46). It was the first to develop 

and validate noninvasive state-of-the-art structural and functional imaging methods for 

characterizing the whole-brain connectome in a large-scale and non-lesional TLE patient study 

(42-48). 

White matter connectome studies and DTI microstructural studies are both valuable 
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techniques for understanding the brain's white matter, but they serve different purposes and 

offer unique insights. In this dissertation, both studies are used in complement to gain a more 

comprehensive understanding of white matter structure and connectivity in the brain of patients 

with focal epilepsy. 

 

Focal Cortical Dysplasia: Background and MRI Considerations 

Focal cortical dysplasia (FCD) is a common form of intractable epilepsy in children (49). 

It is characterized by congenital malformations of the neocortex during development and is 

depicted by abnormal organizations in the cortical and subcortical regions (49). The prevalence 

of FCD is identified in up to 25% of patients with focal epilepsy (50) and 5% – 10% of patients 

with epilepsy also have FCD (51). Currently, the pathophysiology and etiology underlying FCD 

is unclear; however, previous studies indicated possible influence of environmental or genetic 

factors, infections, or perinatal injury (52). Because most patients with FCD do not respond to 

anti-seizure medications, surgery remains the predominant option of its treatment. Thus, in 

order to guide neurosurgical intervention, accurate and effective neuroimaging modalities are 

imperative to identify structural and functional irregularities and lesions (12, 53). 

Historically, magnetic resonance imaging (MRI), positron emission tomography (PET), 

and single-photon emission computed tomography (SPECT) have been used for assessing 

FCD and other epilepsies for diagnosis and evaluating surgical indications (54, 55). Although 

much emphasis has been previously dedicated to gray matter regions, white matter 

abnormalities have long been identified and appreciated for their role in seizure pathology (56). 

More recently, diffusion tensor imaging (DTI) tractography has shown great promise in 

identifying malformations of cortical development through reconstructing the white matter tracts 

(56, 57). Specifically, it is widely used at the clinical front and in research to characterize 

abnormalities in white matter integrity and structure. Previous studies demonstrated DTI as a 

non-invasive and effective imaging tool of the white matter tracts for pre-operative planning in 
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FCD patients specifically (49, 58). Other previous work has assessed DTI abnormalities in FCD 

patients regarding abnormal connectivity, myelination, and microstructure (49, 53, 54, 58). 

This thesis addresses the fundamental role of neural networks in the pathogenesis of 

FCD, through integration of advanced neuroimaging, clinical, and neuropsychological data that 

will inform insights into the structural and functional organization of epilepsy circuits. 

 

Structural White Matter Magnetic Resonance Imaging 

 Magnetic Resonance Imaging (MRI) is a noninvasive imaging modality that has 

revolutionized the field of medical imaging (59). It operates on the natural magnetic properties of 

different tissues in our bodies. By subjecting the body to strong magnetic fields and 

radiofrequency pulses, MRIs targets the abundant hydrogen atoms from water (H2O) and fat to 

generate detailed anatomical images (60). This thesis focuses on one important structural MRI 

technique: the diffusion weighted MRI. 

Diffusion Weight Imaging: Diffusion Tensor Imaging 

 Diffusion Tensor Imaging (DTI) is a specific type mathematical modeling of DWI and is a 

widely popular neuroimaging tool among clinicians and researchers in characterizing the 

structural white matter of human subjects (61). The fundamental principle of DTI is based on 

how water molecules diffuse differently within tissues, which reveal information on the tissue 

architecture, integrity, and type (61, 62). 

 The output of DTI metrics is represented by 4 mathematical quantifications, which infer 

the direction and extent of water diffusion in the white matter tracts. Fractional anisotropy (FA) 

measures the degree of anisotropy of water molecules (63). Isotropic water molecules diffuse 

freely in any direction; however, when water molecules are limited to diffusion within a tube 

(axon), diffusion only occurs across this tube. Thus, this diffusion is considered anisotropic. The 

degree of this anisotropy can be assessed to elucidate the white matter tracts’ axonal diameter, 
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fiber density, or myelin structure (63, 64). In the context of pathologies, a decreased FA of the 

white matter indicates increased isotropy of that tract, possibly due to reduced myelination or 

abnormal microstructural integrity.  

 There are three measures of DTI diffusivities that specifically measure the direction of 

molecule diffusion: mean diffusivity (MD), radial diffusivity (RD), and axial diffusivity (AD) (63). 

MD represents the average of the overall diffusion in all directions, RD represents diffusion of 

the two perpendicular directions in relation to the principal direction, and AD depicts the 

diffusion parallel to the principal direction, along the axonal tracts of the white matter (63). 

Typically, increased diffusivity measures indicate white matter structural abnormalities or 

compromise. 

Diffusion Weight Imaging: Connectome 

A DWI connectome focuses on mapping the axonal pathways, or tracts, that 

interconnect with different brain regions (65). The connectome approach provides a more global 

and detailed mapping of white matter networks, offering a more holistic perspective and insight 

into brain connectivity patterns. While DTI studies assesses the microstructural integrity of white 

matter tracts, DWI connectome studies connectome studies offer a much more comprehensive 

perspective of how white matter networks are structurally or anatomically connected (65). Thus, 

both studies are complementary in providing a comprehensive investigation into white matter 

abnormalities in neuropathological states, while the white matter connectome also carries 

functional implications (66-68). The integrity and efficiency of these pathways are crucial for the 

proper functioning of the brain, thus disruptions in white matter connectivity can provide insights 

into various neurological conditions and cognitive deficits.  

In a connectome study, brain region end points are known as a node, and the white 

matter tracts between them are represented as edges (48, 69). White matter connectome data 

can be interpreted and analyzed using graph theory techniques to reveal network properties, 
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such as hubs, modularity, and small-worldness (47, 66). Work from this thesis delves into 

another technique called threshold free network-based statistics (TFNBS) (70). While traditional 

network analysis often involve the application of a threshold to the connectivity data to create 

binary networks (where edges are either present or absent), which ultimately may lead to biases 

in network properties. Setting an arbitrary threshold can result in the loss of valuable information 

(70). TFNBS eliminates the need of an arbitrary threshold by binarizing the connectivity data, 

considering the full range of connectivity strengths. It assesses the statistical significance of 

each connection across the entire distribution of connectivity strengths, avoiding the need to 

select a single threshold (70). 

 

Thesis Summary 

Temporal lobe epilepsy (TLE) is the most common type of focal epilepsy in adults and Focal 

Cortical Dysplasia (FCD) is the most common type of focal epilepsy in children. They are both 

associated with the largest group with medically refractory seizures in their respective populations 

(13). It has been previously established that focal epilepsy is localized to a seizure focus region 

called the epileptogenic focus (22, 23). For decades, this concept has guided clinical and surgical 

practice in targeted resection and ablation of the region as treatment (11, 25). While initially 

effective in achieving seizure freedom, many patients later saw a recurrence in these seizures 

(11, 24, 25). In addition to this, recent EEG and neuroimaging studies now demonstrate that focal 

epilepsy may affect regions beyond the epileptogenic zone, implicating broad network 

abnormalities in focal epilepsies (26-28). 

Furthermore, despite the decades of research efforts, there is still a lack of reliable biomarkers 

that informs TLE and FCD disease progression, drug resistance, severity of cognitive and 

psychiatric co-morbidities, etc. The work in this thesis employs the Epilepsy Connectome Project 

(ECP), modeled after the Human Connectome Project (HCP), a large-scale multisite project 
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involving the University of Wisconsin Madison and the Medical College of Wisconsin (42-48). The 

ECP collected connectivity measurements in non-lesional TLE patients using diffusion-weighted 

magnetic resonance imaging (MRI) of structural connections. In addition, we also utilized the 

clinical fMRI FCD dataset from the University of Wisconsin Hospital Systems, which collected 

diffusion weighted MRI data as well as the structural neuroanatomical data. The goal of this 

proposal is to characterize the structural brain plasticity and identify novel biomarkers in 

focal epilepsy patients using state-of-the-art neuroimaging methods. Overall, we 

hypothesize that FCD and TLE patients will exhibit distinct and discrete aberrant white-

matter network connectivity and microstructure compared to that of healthy normal 

subjects.  

 
 
Specific Aims 

Aim 1: Characterize diffusion tensor imaging based white matter microstructural abnormalities in 

patients with focal epilepsy. 

Aim 2: Characterize diffusion-weighted MRI based white matter connectome abnormalities in 

patients with focal epilepsy. 

Aim 3: Investigate the impact of cognitive impairment on white matter structure and connectivity in 

patients with focal epilepsy. 

 

Ultimately, our studies have contributed to the overall understanding of the pathophysiology of 

focal epilepsy progression and remission, and provided more insight in identifying novel 

biomarkers that will hopefully inform novel clinical tools for diagnosis, formulate individualized 

management of patients via quantitative structural neuroimaging, improve prognosis, and 

provide tools for better pre-surgical planning. 



10 
 

CHAPTER 2 
 

Application of Data Harmonization and Tract-Based Spatial Statistics 

Reveals White Matter Structural Abnormalities in Pediatric Patients 

with Focal Cortical Dysplasia 

 

Daniel Y. Chu1,2, Nagesh Adluru1,3, Veena A. Nair1, Anusha Adluru1, Timothy Choi1, 

Alanna Kessler-Jones2,3, Kevin Dabbs2, Jiancheng Hou1, Bruce Hermann2, Vivek 

Prabhakaran1,2,4,5*, Raheel Ahmed6* 

 

1Department of Radiology, University of Wisconsin-Madison, 1111 Highland Avenue, Madison, 

WI 53705, United States 

2Department of Neurology, University of Wisconsin-Madison, 1111 Highland Avenue, Madison, 

WI 53705, United States 

3Waisman Center, University of Wisconsin-Madison, 1500 Highland Avenue, Madison, WI 

53705, United States 

4Department of Medical Physics, University of Wisconsin-Madison, 1111 Highland Avenue, 

Madison, WI 53705, United States 

5Department of Psychiatry, University of Wisconsin-Madison, 6001 Research Park Blvd, 

Madison, WI 53719, United States 

6Department of Neurological Surgery, University of Wisconsin-Madison, 600 Highland Avenue, 

Madison, WI 53792, United States 

 
*Co-principal authors 
 
Published in Epilepsy & Behavior. PMID: 37011527; PMCID: PMC10371876.



11 
 

Abstract 

Our study assessed diffusion tensor imaging (DTI) metrics of fractional anisotropy (FA), 

mean diffusivity (MD), and radial diffusivity (RD) in pediatric subjects with epilepsy secondary to 

Focal Cortical Dysplasia (FCD) to improve our understanding of structural network changes 

associated with FCD related epilepsy. We utilized a data harmonization (DH) approach to 

minimize confounding effects induced by MRI protocol differences. We also assessed 

correlations between DTI metrics and neurocognitive measures of fluid reasoning index (FRI), 

verbal comprehension index (VCI), and visuospatial index (VSI). Data (n=51) from 23 FCD 

patients and 28 typically developing controls (TD) scanned clinically on either 1.5T, 3T, or 3T-

wide-bore MRI were retrospectively analyzed. Tract-based spatial statistics (TBSS) with 

threshold-free cluster enhancement and permutation testing with 100,000 permutations were 

used for statistical analysis. To account for imaging protocol differences, we employed non-

parametric data harmonization prior to permutation testing. Our analysis demonstrates that DH 

effectively removed MRI protocol-based differences typical in clinical acquisitions, while 

preserving group differences in DTI metrics between FCD and TD subjects. Furthermore, DH 

strengthened the association between DTI metrics and neurocognitive indices. FA, MD, and RD 

metrics showed stronger correlation with FRI and VSI than VCI. Our results demonstrate that 

DH is an integral step to reduce the confounding effect of MRI protocol differences during 

analysis of white matter tracts and highlights biological differences between FCD and healthy 

control subjects. Characterization of white matter changes associated with FCD related epilepsy 

may better inform prognosis and treatment approaches.  
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Introduction 
 

Neuroimaging has enabled investigative analysis of brain networks yielding key insights 

into dynamics of neural network activity and an improved understanding of the structural and 

functional architecture of the brain. These analytical frameworks have been utilized for a broad 

range of clinical disorders including neurodegenerative (71, 72), neuropsychiatric, (73-75) and 

developmental disorders in adults and children (76, 77). Network analyses have also been 

leveraged to better understand the neurobiological basis of epilepsy, a chronic neurological 

disorder with high prevalence and public health burden (1). These findings have provided 

insights into the pathophysiological basis for disease generation and progression (54, 78, 79) 

and have improved our understanding of the network representation for neurocognitive and 

clinical phenotypes associated with epilepsy (56).  

The majority of these studies comprise of single center data cohorts (51, 58, 80, 81). 

Whereas multi center imaging data sets improve recruitment and reduce bias from single center 

recruitment, pooling data sets creates methodological constraints and impacts generalizability, 

due to underlying differences in image acquisition protocols and scanners utilized for 

neuroimaging. Harmonized analytical methods have been applied for image processing in 

multicenter epilepsy cohorts (82). However, few studies have directly examined the 

effectiveness of data harmonization in addressing image acquisition differences within 

neuroimaging datasets for epilepsy (83). We therefore addressed the role of data harmonization 

to minimize the effects of confounding factors introduced by differences in MRI scanning 

parameters. 

FCD is the most common etiology for medication refractory epilepsy in children and is 

identified in up to 25% of patients with focal epilepsy (50). Our primary aim was to determine the 

distributive neural network substrates for neurocognitive dysfunction, a principal co-morbidity for 

subjects with FCD related epilepsy. Our primary hypothesis was, that in epilepsy secondary to 

FCD, alterations within distributive structural network connectivity is associated with 
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neurocognitive dysfunction. We investigated white matter tract differences between pediatric 

subjects with medication refractory epilepsy secondary to FCD, in comparison to healthy 

controls, with respect to fractional anisotropy (FA), mean diffusivity (MD), and radial diffusivity 

(RD), using rigorous preprocessing techniques. Our secondary aim was to highlight the 

application of Combined association test (ComBat) method of data harmonization (84-86) on 

our data set of pediatric subjects with FCD. In addition to evaluating its effectiveness and 

robustness, we also hypothesized that application of ComBat harmonization would remove 

variations in DTI metrics between different MRI scanning parameters, while preserving the 

underlying biological variabilities. To emphasize and extend the real-world application of data 

harmonization, we utilized a real-world imaging dataset from a cohort of subjects undergoing 

routine clinical neuroimaging evaluation, as opposed to research scans obtained from 

homogenously curated healthy subjects. 

 
 
Methods 

Participants 

Twenty-three pediatric patients with a diagnosis of FCD (15 males and 8 females) and  

28 typically developing (TD) healthy controls (15 males and 13 females) were included in this 

study. The study inclusion criteria were children with epilepsy, aged 1-18 years with MR imaging 

evidence of a prototypical FCD lesion. The radiographic identification of FCD on MR imaging 

was based on characteristic features of cortical thickening, blurred grey-white matter junction, 

and abnormal signal intensity on T1 and T2 weighted images (87). Subjects with tandem 

radiographic lesions consistent with trauma, developmental or acquired conditions were 

excluded. The DTI scans for these FCD patients were performed between July 2013 and March 

2020 and included patients under the age of 18. The control group made up of a subset from 

previous studies (88). The inclusion criteria of control groups consisted of healthy normally 
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developing children under the age of 18. The exclusion criteria for the control group included no 

histories of initial precipitating event (simple of complex febrile seizures), no seizures, no 

neurological disease, no loss of consciousness >5min, and no family history of first-degree 

relative with epilepsy or febrile convulsions. This study was carried out under the approval of the 

Institutional Review Board of the School of Medicine and Public Health, University of Wisconsin 

Madison. 

MRI Image Acquisition and Data Preprocessing 
 

Participants were scanned on either 1.5 T, 3 T, or 3 T-wide bore whole-body commercial 

MRI scanner (Sigma GE Healthcare, Wisconsin) at the University of Wisconsin. The DTI 

acquisition parameters were as follows: all healthy controls and FCD patients were scanned 

either with b = 800 s • mm-2 or b = 1000 s • mm-2 depending on the scanner location, each with 

a unique set of gradient directions optimized for DTI axial acquisition with repetition time (TR) = 

9,000 ms, echo time (TE) = 76.6 ms, single average (NEX = 1), a reconstructed matrix size of 

256 × 256, in-plane resolution = 1 mm x 1 mm, FOV = 120 mm, 75 axial slices with no gap 

between slices, slice thickness = 3 mm, excitation flip angle α = 90°, and 56 gradient encoded 

directions.  

 All diffusion data was preprocessed with the MRTrix3 (89), FSL (90), and ANTS (91) 

following DESIGNER guidelines (92). The specific steps of DTI processing are as follows:  

(1) motion correction and distortion of eddy current; (2) correction of head-motion for gradient 

direction vectors; (3) extraction of brain mask and image registration; (4) estimation of diffusion 

tensors at each voxel; (5) calculation of FA, MD, RD maps from the diffusion tensor maps. 

Neuropsychological Testing 
 

The Wechsler Intelligence Scale for Children Fourth or Fifth Edition (WISC-IV and 

WISC-V) (93) was administered to patients with epilepsy secondary to FCD and three primary 

index scores were examined including the fluid reasoning index (FRI), verbal comprehension 
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index (VCI), and visual spatial index (VSI) (mean=100, standard deviation=15). These summary 

index scores represent neurocognitive abilities in discrete domains and are reproducible across 

the pediatric age group. VCI measures the ability to understand and retain verbal information 

(crystallized intelligence); VSI measures the ability to understand spatial relationships and FRI 

measures the ability to reason and create new links (fluid intelligence). Within the FCD group, 

FRI, VCI, and VSI indices were obtained from 16 participants. Neuropsychological tests were 

administered as part of clinical care. In order to understand their association with white matter 

structure in FCD, the three cognitive metrics were correlated with significant DTI findings of this 

study as described below. 

Statistical Analyses 

Tract based spatial statistics (TBSS) (94) in MNI space with threshold free cluster 

enhancement (TFCE) and permutation testing (95) with 100,000 permutations was used for 

statistical analysis, controlling for age and sex. TBSS is a well-established and widely used 

voxel wise whole-brain analysis method, that helps investigate skeleton voxels within white 

matter tracts, and identifies group-level differences in microstructural network properties. It 

generates statistically significant clusters, which can be anatomically labeled using a 

tractography atlas (94). Analysis of covariance (ANCOVA) was employed to investigate group 

differences on each DTI metric and the statistical threshold for significance was considered at p 

< 0.01 after family-wise error correcting for multiple comparisons. The family-wise error 

correction is performed by comparing the TFCE scores to the null distributions (generated using 

the permutations) of the max (across the white matter skeleton voxels) statistic of the TFCE 

score. 

The regional information of the statistically significant spatial clusters for each DTI metric 

was identified from the Johns Hopkin’s University (JHU) White Matter Tractography Atlas from 

FSL (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases) (96, 97). 
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Data Harmonization 

To account for DTI protocol differences, we employed non-parametric data 

harmonization using NeuroComBat (84) of the TBSS data in the MNI space prior to the 

permutation testing. NeuroComBat harmonization “combats the batch/protocol effects” by 

accounting for additive (on the bias) and multiplicative (on the variance) effects of the protocol 

on DTI outcomes using a linear model. These correction effects are the expected values of the 

empirically estimated Bayesian prior distributions either parametrically via Expectation 

Maximization or non-parametrically via importance sampling. Such a prior based approach is 

robust when there are small sample sizes per each protocol. 

 Data harmonization works by treating all protocols to preserve group effects. It moves all 

distributions to a common distribution that is equidistant to all distributions to achieve an 

unbiased mean distribution registration. Due to the lack of reference or ground truth, data 

harmonization is a reasonable approach in reducing biases from any particular protocol, which 

is akin to generating an unbiased population mean template image (reference frame/coordinate 

system) from a set of images (98, 99).  

  Specifically, data harmonization is based on a linear model with an offset/shift (𝛾!") and a 

slope/scale (𝛿!") as shown in the equation below for 𝑖th protocol, 𝑗th participant/scan, and 𝑣th voxel. 

 
𝑦!"# = 𝑐# + 𝑿!"𝜷# + 𝛾!# + 𝛿!#𝜖!"# 

 
 
where 𝑐" is the overall mean for 𝑦 for 𝑣th voxel. 𝑿!# is the design matrix of covariates of interest 

whose effects on 𝑣th voxel (𝜷") we would like to maintain. 𝜖!#"~𝑁𝑜𝑟𝑚𝑎𝑙(0,1) is the normal 

variability in the measurements without any protocol specific variability. The offset and slope 

variables are estimated using empirical Bayesian framework. This framework improves the 

variance of these estimates because it assumes these parameters are from a common 

distribution (per protocol) for all the voxels. That is, 𝛾!"~𝑁𝑜𝑟𝑚𝑎𝑙(𝑚𝑒𝑎𝑛! , 𝑣𝑎𝑟!) and 
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𝛿!"~𝐼𝑛𝑣𝑒𝑟𝑡𝑒𝑑𝐺𝑎𝑚𝑚𝑎(𝑠ℎ𝑎𝑝𝑒! , 𝑠𝑐𝑎𝑙𝑒!). These site-specific mean, variance, shape, and scale 

parameters are estimated non-parametrically. The information from all the voxels, not just the 

participants from a single protocol, is used in estimating the shift and scale parameters at each 

voxel. The term involving 𝜷𝒗 is added to the measures to preserve the effects of interest. 

  The distributions across voxels of the gamma and delta estimates for each protocol and 

DTI measure is illustrated in Supplementary Figure 1. Data from MR imaging protocols 2 and 

3 are shifted and scaled relatively more compared to that of MR imaging protocols 1 and 4. 

These shifts and scales are estimated such that the distributions of the measures from the 

different protocols align to a common distribution. Spatial maps of the shift and scale effects of 

data harmonization for each of the measure (FA, MD, RD) and the four protocols is shown in 

Supplementary Figure 2. We have also included probability density estimates of the bivariate 

distributions of the shift and scale effects shown in Supplementary Figure 3. Additionally, our 

group has developed an interactive R application with simulated measurements and protocol 

effects using this study’s parameters (https://nadluru.shinyapps.io/harmonization_demo/). A 

sample figure from this application is shown in Supplementary Figure 4. 

 

Results 

Participant Demographic Characteristics and Neuropsychological Scores 

Table 1 summarizes the participant demographics and scan parameters. Of the 51 

subjects participating in this study, 23 subjects are in the FCD group and 28 are in the TD 

healthy control group.  There were no age and sex differences between the 2 cohorts. The FCD 

lesion was localized to the left hemisphere in 14 subjects (n = 14; 61%) and to the right 

hemisphere in 9 subjects (n = 9; 39%). The FCD lesion was localized most frequently to the 

frontal (n=15, 65%) and temporal lobes (n=5, 22%) respectively.   

 We identified four different sets of DTI scanning protocols for our cohort. The first 
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parameter set (MRI Protocol 1) consists of imaging obtained on a 1.5T scanner, with 26 

volumes, 25 volumes over b > 0, and a b-value of 1000 s • mm-2. The second parameter set 

(MRI Protocol 2) consists of imaging obtained on a 3T scanner, with 26 volumes, 25 volumes 

over b > 0, and a b-value of 1000 s • mm-2. The third DTI parameter set (MRI Protocol 3) 

consists of imaging also obtained on a 3T scanner, but with 31 volumes, 30 of which are b > 0, 

and contains a b-value of 800 s • mm-2. Lastly, the fourth DTI parameter set (MRI Protocol 4) 

consists of imaging obtained on a 3T-wide bore scanner, with 41 volumes, 40 volumes over b > 

0, and a b-value of 800 s • mm-2. All TD controls were scanned with MRI Protocol 1. The FCD 

group contains 3 subjects scanned under MRI Protocol 1, 6 subjects with MRI Protocol 2, 6 

subjects in MRI Protocol 3, and 8 subjects in MRI Protocol 4. Mean WISC-IV and WISC-V index 

scores were FRI= 86 ± 15.39, VCI= 88 ± 15.76, and VSI= 87 ± 19.04 (Table 1). 
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  TD Controls FCD Patients 

Sample size 28 23 

Sex (M/F) 15/13 15/8 

Age (Years) 11.39 ± 2.38 β 11.06 ± 4.46 

# Subjects with MRI protocol 1: 
(1.5T; 26 volumes; 25 # of b > 0; b-value = 1000 s • mm-2) 

28 3 

# Subjects with MRI protocol 2: 
(3T; 26 volumes; 25 # of b > 0; b-value = 1000 s • mm-2) 

0 6 

# Subjects with MRI protocol 3: 
(3T; 31 volumes; 30 # of b > 0; b-value = 800 s • mm-2) 

0 6 

# Subjects with MRI protocol 4: 
(3Tw; 41 volumes; 40 # of b > 0; b-value = 800 s • mm-2) 

0 8 

Fluid Reasoning Index (FRI) score N/A 86 ± 15.39 

Verbal Comprehension Index (VCI) score N/A 88 ± 15.76 

Visual Spatial Index (VSI) score N/A 87 ± 19.04 

Lobar distribution of FCD lesions α   

Frontal  15 (65%) 

Temporal  5 (22%) 

Parietal  2 (7%) 

 
Table 1. Participant Demographics and Scanning Information. Demographic, DTI scanning 
protocol information, and neuropsychological scores for 51 subjects for the study cohort.  
α: 1 subject had multi lobar distribution 
β:There was no statistical differences in mean age between the two groups.  
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Data Harmonization 

Relative mean differences in FA, MD and RD indices across significantly different clusters, 

on FCD and TD group comparisons, were computed before and after data harmonization.  

Figure 1a illustrates the effect of data harmonization on group differences between FCD and 

TD groups focusing on relative mean differences in FA, MD, and RD across significantly 

different clusters. The effects of harmonization on each DTI index are illustrated for both FCD 

and TD groups (Figure 1b). Within significant FA clusters, data harmonization removed FA 

differences caused by protocol discrepancies while preserving significant FA group differences, 

resulting in expected reduction of median inter-group differences from -15% to -13%. Likewise, 

following data harmonization there was a significant decrease in inter-group differences 

between FCD and TD groups, from 10% to 8% for MD, and from 15% to 11% for RD measures 

respectively. This demonstrates that data harmonization can improve statistical power in 

detecting underlying, significant group differences in FA, MD and RD measures after adjusting 

for protocol-based differences. 
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Figure 1. Application of Data Harmonization towards comparison of FA, MD, and RD indices 
between FCD and TD groups. a) All 3 DTI indices exhibited reductions in group differences between 
FCD and TD as a result of ComBat data harmonization. For all 3 DTI indices, data harmonization 
removed FA, MD, and RD inter-group differences attributable to protocol differences while preserving 
intrinsic significant inter-group differences; b) The direct effect of data harmonization, while preserving for 
age, sex, and group effects, for each DTI protocol for FA (left panel), MD (middle panel), and RD (right 
panel) are shown in these plots for FCD and TD groups. Following data harmonization, distributions of 
DTI values across different MRI protocols are more aligned, as visible by the closer median values, 
indicating reduction of protocol-based differences in DTI group comparisons. 
 

Analysis of Diffusion Tensor Imaging Metrics 

There were 17 FA clusters that were significantly different between FCD and TD groups. 

FA was decreased in the FCD group (median decrease 13.3%; range 8.89% - 21.15%), in 

comparison to the TD cohort. There were 9 MD clusters that were significantly different between 

FCD and TD groups. MD was increased in the FCD group in comparison to the TD group 

(median increase 8.0%; range 5.43% - 16.05%). RD comparison between FCD and TD showed 

22 significantly different RD clusters. RD was increased in FCD group compared to the TD 

cohort (median increase 11.0%, range 5.59% - 21.91%). Figure 2 illustrates cluster level 

histograms and density plots for age and sex adjusted FA, MD, and RD values for 3 
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representative clusters respectively, that are significantly different on FCD and TD group 

comparison after harmonization. 

 

 
 
Figure 2. Graphical representation of differences in significant FA, MD, and RD Clusters between 
FCD and TD groups. The top 3 significant clusters with regions of the highest confidence of FA, MD, and 
RD are illustrated graphically in cluster-level histograms and density plots of the age and sex adjusted 
median. The significant FA clusters demonstrated a collective decrease among the 3 clusters in the FCD 
group when compared to the TD group. On the contrary, the significant MD and RD clusters both 
exhibited collective increase among the cluster age and sex adjusted measures. All 9 statistically 
significant clusters are shown for FCD and TD groups after data harmonization. Contrast 1 and 2 depict 
the directionality of the FCD median where contrast 1 exhibits a decrease in age and sex adjusted FA, 
MD, or RD and contrast 2 exhibits an increase in age and sex adjusted FA, MD, or RD. 
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Across statistically significant clusters of all harmonized FA, MD, and RD measures, 

there was a significant reduction in age and sex residualized anisotropy and a significant 

increase in diffusivity measures (Figure 3). The FA measure exhibited a decrease in median FA 

value from 0.53 in the TD group to 0.45 in the FCD group (15.1% reduction). The median MD 

value increased from 0.72 in the TD group to 0.76 in the FCD group (5.6% increase). Lastly, the 

median RD value increased from 0.50 to 0.57 (14% increase) between the FCD and TD groups 

respectively. 

 

 

              
 
Figure 3. Summary of DTI Index Comparison between FCD and TD following Data Harmonization. 
FA, MD, and RD DTI measures were assessed between TD and FCD groups following data 
harmonization. A significant decrease in FA was noted on comparison of FCD to the TD group. A 
significant increase in MD and RD measures was observed in the FCD group compared to the TD group. 
MD and RD are in units of μm2 • ms-1; FA does not have units. 
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Significant Cluster and Top White Matter Atlas Regions 

In order to identify differences between the FCD and TD cohorts at the white matter tract 

level, the JHU White Matter Tractography Atlas via FSL was queried for the 48 clusters that 

were significantly different on FA, MD, and RD comparisons between the 2 groups. The atlas 

query provides a percent confidence, which is the average probability that a cluster belongs in a 

specific, labeled white matter tract within the atlas. Supplementary Table 1 highlights the 

membership of DTI clusters for each metric in neuroanatomically labeled tracts according to the 

JHU White matter tractography atlas. The tracts are ranked by the average probability of 

membership.  

Forceps minor, the left superior longitudinal fasciculus (SLF-L), and right SLF (SLF-R) 

white matter tracts showed the highest overlap with significant FA clusters with percentage 

confidence values of 64.1%, 43.5% and 40.4% respectively. The SLF-L, left inferior front-

occipital fasciculus L (IFOF-L), and the left uncinate fasciculus (UF-L) were identified as the 

white matter tracts with the highest overlap with significant MD cluster with percentage 

confidence values of 62.2%, 52.3%, and 41.5% respectively. Lastly, the SLF-L, SLF-R, and 

IFOF-L white matter tracts were identified with the highest overlap with significant RD clusters 

with percentage confidence values of 71.3%, 46.6%, and 42% respectively. Figure 4 illustrates 

the white matter tract regions, in anatomical space, with the highest confidence percentage for 

each DTI metric. 
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Figure 4. Spatial representation for membership of significant clusters within white matter tracts: 
Sagittal, coronal, and axial views of the cluster with the highest percent confidence for FA (C15, top), MD 
(C12, middle) and RD (C20, bottom) measures. See also Supplementary Table 1. 
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Significant Cluster and Top White Matter Atlas Regions 

We tested the association between DTI metrics (FA, MD and RD) and neurocognitive 

scores (FRI, VCI, and VSI) using regression analyses, following data harmonization. Figure 5 

indicates the effect of data harmonization of DTI metrics to remove MRI parameter differences 

while preserving its association with neuropsychological indices. The harmonized and original 

findings for each DTI parameter are illustrated. Our results illustrate that following 

harmonization, the distributions and median DTI values for all NP indices, under each imaging 

protocol, are more aligned thus reducing the contribution of MRI protocol-based differences. 

Figure 6 depicts plots of summary findings for correlation coefficients between neurocognitive 

indices and DTI metrics for both harmonized and original data. Supplementary Table 2 details 

the quantitative values of these correlations.  
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Figure 5. Harmonization of DTI metrics removes MRI protocol-based differences while preserving 
associations with NP measures. Illustration of the direct effect of data harmonization on preserving 
associations between FA, MD, and RD indices and neuropsychological measures. Following 
harmonization, the distributions and the median DTI values for each imaging protocol are more aligned, 
thus reducing the protocol-based differences between DTI measures. 
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Figure 6. Correlations between pre and post data harmonization DTI indices with NP measures 
across significant clusters. Kernel density estimates (KDE) of the distributions of correlation coefficients 
between NP measures and DTI indices in clusters with p ≤	0.05 is displayed. The number of significant 
clusters and median values for each DTI index are depicted. Our analysis indicates that significant 
associations are evident in clusters with uncorrected p-values except for the association between FA and 
VSI, and FA and FRI. The KDE for FA and FRI for corrected p value is not shown because it has only two 
clusters. Representative associations can be viewed as linear models on the scatter plots in Fig. 7. The 
median values for each of the distribution are shown in Supplementary Table 2. 
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For FRI, there were 2 significant corrected FA cluster associations (harmonized median 

R-value of 0.67), 4 significant uncorrected MD cluster associations (harmonized median R-value 

of 0.07), and 51 significant uncorrected RD clusters (harmonized median R-value of -0.43). For 

VSI, there were 4 significant corrected FA cluster correlations (harmonized median R-value of 

0.59), 17 significant uncorrected MD clusters (harmonized median R-value of -0.49), and  

16 significant uncorrected RD clusters (harmonized median R-value of -0.51). Lastly, for VCI, 

there were 35 significant uncorrected FA cluster associations (harmonized median R-value of 

0.15) and 15 significant RD clusters (harmonized median R-value of -0.05). The harmonized 

correlations yielded stronger associations compared to the non-harmonized in almost all 

correlations. Figure 7 highlights the representative scatter plots of the top significant clusters of 

the associated white matter regions with the highest confidence for each DTI metric and 

cognitive index. The top JHU white matter tractography atlas regions of the significant DTI 

clusters and its association with FRI, VCI, and VSI are detailed in Supplementary Table 3 

along with their corresponding confidence percentage and their anatomical depictions are 

illustrated in Figure 8. 

Overall, FA is positively correlated with all neurocognitive measures (FRI, VCI, VSI), 

while MD and RD are negatively correlated with the neurocognitive measures. Data 

harmonization strengthened the association of each DTI metric with each neurocognitive index 

in almost all cases. The only associations that survived statistical correction were FA-FRI and 

FA-VSI. Harmonization improved the correlation of FA-FRI from 0.50 to 0.67 after 

harmonization. Harmonization of FA-VSI strengthened the correlation coefficient value from 

0.47 to 0.59. 
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Figure 7. Correlations of FA, MD, and RD with Neuropsychological Indices FRI, VCI, and VSI in 
representative statistically significant representative clusters from TBSS. These correspond to the 
clusters shown in Supplementary table 3. Contrast 1 depicts a positive trend and contrast 2 depicts a 
negative trend. 
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Figure 8. Top Correlated Regions of DTI Measures and Neurocognitive Factors: Anatomical axial 
depictions of top white matter regions found in significant clusters of DTI metrics correlated with FRI, VCI, 
and VSI. 
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Discussion 

Our study goal was to improve our understanding of white matter tract changes 

associated with childhood onset epilepsy secondary to FCD and whether these changes are 

associated with neurocognitive dysfunction. We investigated white matter tract differences 

between patients with epilepsy secondary to FCD and typically developing (TD) healthy controls 

with respect to fractional anisotropy (FA), mean diffusivity (MD), and radial diffusivity (RD) 

indices, using rigorous preprocessing techniques. Within a cohort of FCD epilepsy subjects, our 

results indicate, for the first time, that application of data harmonization, eliminates confounding 

variations in DTI metrics due to different MRI scanning parameters, while highlighting intrinsic 

biological variabilities in white matter tracts. To our knowledge, data harmonization has not been 

applied towards analysis of white matter tractography changes in FCD and their association with 

FCD-related cognitive comorbidities. 

The common step forward across research disciplines is the increasing demand for 

multi-site collaboration and NIH sanctioned sharing of datasets. Therefore, inter-scanner 

differences are a foreseeable and apparent obstacle in imaging studies. Data harmonization is a 

well-established and reliable method to address and eliminate these confounding 

methodological constraints to reveal true biological differences. Previous studies have evaluated 

the effectiveness of the Combined association test (ComBat) for data harmonization (84-86). In 

accordance with our results, Fortin et al. assessed the FA and MD DTI maps of 205 healthy 

participants and highlighted that ComBat preserved the biological variability and removed 

variations introduced by site and scanner differences (84). Zavaliangos-Petropulu et al. 

examined DTI metrics of 317 participants from the Alzheimer’s Disease Neuroimaging Initiative 

and found that ComBat harmonization was effective in pooling data from 47 different scanning 

sites to detect consistent and robust associations (100). Additionally, Beer et al. found that 

ComBat harmonization provided better detection of longitudinal cortical thickness changes 

compared to non-harmonized data, illustrating the utility of the ComBat technique extends 
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beyond DTI studies (101). Our results demonstrate that data harmonization is an impactful 

analytical approach for analyzing heterogenous clinical datasets, through adjustment of 

parameter differences, thereby highlighting underling biological differences. 

White Matter Structural Alterations 

Our results demonstrate that despite the presence of a focal radiographic FCD lesion, 

systematic analysis of DTI reveals widespread microstructural alterations in white matter tracts. 

Across statistically significant clusters, FA decreased, while MD and RD increased. These 

findings may indicate underlying abnormalities in myelination of white matter tracts, degradation 

of myelin and axonal membranes within existing axons, or the reduced density of myelinated 

axons (58). Similar changes in DTI metrics have been demonstrated in previous studies (56, 

102-107). 

Consistent with earlier results, our analysis demonstrated that the most significant 

regional FA reductions, with the highest confidence, occurred within forceps minor and superior 

longitudinal fasciculus (58). Forceps minor has been implicated in executive function and 

superior longitudinal fasciculus has been demonstrated to be involved in language processing 

(108). Kim et al. illustrated lower FA values within the superior longitudinal fasciculus, and at the 

inferior fronto-occipital fasciculus and inferior longitudinal fasciculus respectively (109). Our 

study FA findings concur with these results. Moreover, our MD and RD results showed a 

significant increase within these tracts (Figure 4). 

Voxel by voxel comparison of DTI, using statistical parametric mapping has 

demonstrated regional changes in anisotropy and diffusivity in subjects with malformations of 

cortical development (MCD) (80). These changes were often evident beyond the focal MCD 

lesion identifiable on anatomical MR imaging. The likely reasons for reduced anisotropy include 

presence of heterotopic grey matter tissue at the grey-white matter interface, microdysgenesis 

and altered myelination within white matter tracts (80). On the other hand, changes in diffusivity 

are attributable to reduced cell density due to neuronal cell loss secondary to maldevelopment 
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due to secondary gliosis from ongoing disease. Lee et al. demonstrated significant FA reduction 

within fibers in ipsilateral hemispheres together with reduction in subcortical fibers (79). 

Reduced FA within subcortical white matter regions has also been demonstrated (79, 110) often 

adjacent to the FCD lesion (87). These studies, however, differ in their image acquisition 

protocols, MR scanner resolution (58, 80) and subject populations as well as disease 

heterogeneity (79, 87). 

Few studies have explored FCD-associated white matter region correlations with 

increases in diffusivity MD and RD. However, DTI studies on TLE has well-documented 

evidence of significantly higher diffusivity in regions that are concordant with our study findings 

such as the uncinate fasciculus, the inferior fronto-occipital fasciculus, and the inferior 

longitudinal fasciculus (104).  

White Matter Tract Changes Associated with Neurocognitive Dysfunction 

Diffusion tensor imaging indices (FA, MD, RD) were more correlated with cognitive 

metrics of fluid reasoning (FRI) and visual spatial abilities (VS) than verbal comprehension 

(VCI), where the associations were minimal. We found MD to have moderately negative 

correlations with visuospatial indices. RD was also negatively correlated with fluid reasoning 

(FRI) and visual spatial ability (VSI). This directionality illustrates that decreased anisotropy and 

increased diffusivity are associated with lower cognitive scores. These results were expected 

and consistent with our hypothesis since increasing MD and RD (and decreasing FA) are 

indicative of decrement in structural integrity and white matter abnormalities. Our results further 

showed that FA was positively correlated with FRI and VSI.  

Importantly, data harmonization improved the statistical sensitivity to almost all DTI-

neuropsychological associations reflected in the increase in the magnitude of the correlation 

coefficients. Verbal comprehension yielded minimal associations with FA and RD. This is 

consistent with the fact that verbal comprehension is a receptive language function and is more 

likely to be affected with temporal localization of lesions. Within our study cohort, there was a 
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relatively low incidence (22%) of temporal localization for FCD lesions. The superior longitudinal 

fasciculus was the top JHU atlas region in all FA associations with neurocognitive indices, as 

well as MD with VSI, and RD with FRI. This finding, highlighting involvement of the SLF, is also 

consistent with the predominant frontal localization (65%) of FCD lesions within our cohort. 

Other top regions include forceps major (MD-FRI), inferior fronto-occipital fasciculus (RD-VCI), 

and anterior thalamic radiation (RD-VSI). 

 Currently, there is minimal literature exploring these specific neuropsychological factors 

in FCD and DTI specifically, though a previous study has reported impaired neuropsychological 

function in children with non-lesional localization-related epilepsy associated with white matter 

abnormalities (111).   In addition, some specific regions we found correlated with lower FA and 

high MD and RD included regions that are important for memory processing, such as the 

uncinate fasciculus and the anterior thalamic radiation (102). Thus, investigations into executive 

function and memory in FCD will be beneficial to further correlate white matter tracts with 

abnormal DTI metrics.  

Existing literature investigating the association of DTI metrics with neurocognitive indices 

is limited even in other neurocognitive disorders. Within a cohort of juvenile myoclonic epilepsy 

patients, a positive correlation was identified between structural connectivity indices and 

cognitive task performance (112). Madaan et al. reported a weak positive correlation between 

FA and VCI at the right uncinate fasciculus in children with mild traumatic brain injury (113). 

Suprano et al. utilized DTI to investigate the association between white matter microarchitecture 

and IQ scores in children and found that FA and axial diffusivity (AD) were significantly 

correlated with VCI in regions such as the forceps minor bundle of the corpus callosum and 

bilateral inferior fronto-occipital fasciculus (114).  

Limitations 

Our study cohort was limited to a modest sample size and precluded detailed analyses 

of specific subgroups based on lobar and hemispheric distribution of FCD lesions or verification 
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of FCD histological subtypes, based on histopathological analysis. These respective subgroups 

may have intrinsic biological network variations that can potentially impact interpretation of 

TBSS-based analysis of white matter differences between FCD subjects and healthy controls. 

The radiographic inclusion criteria of subjects with visible FCD lesions, did not take into account 

subjects with occult MR invisible FCD lesions. Our results demonstrate the presence of white 

matter structural alterations, but do not provide a causal etiology for the neurocognitive 

dysfunction that is evident in a significant proportion of FCD subjects. It is also unclear if the 

demonstrated changes are primarily related to cortical dysplasia or are secondary changes 

related to ongoing epilepsy or occur secondary to medication use. However, our current study 

demonstrated, that within a modest sample cohort, application of data harmonization effectively 

enabled correction for intra-site scanning parameter differences and allowed comparison of 

intrinsic biological differences between subjects with dysplasia and healthy controls.  

 Future studies utilizing whole brain connectome models, within larger cohorts, are 

planned to provide additional insights into network connectivity changes associated with cortical 

dysplasia and help elucidate the biological underpinnings of neuropsychological impairment, a 

major comorbidity of epilepsy (56, 88, 115).  

 

Conclusions 

Our results demonstrate the application of data harmonization on a heterogenous DTI 

imaging data set of subjects with epilepsy secondary to focal cortical dysplasia. Study results 

confirm the presence of widespread alterations in underlying white matter tracts in epilepsy that 

extend beyond the focal radiographic MR lesion. Data harmonization reduced the confounding 

effect induced by differences in MRI scanning parameters and highlighted underlying 

differences in white matter tracts between FCD subjects and normative healthy controls. Data 

harmonization also strengthened the association between DTI metrics and neurocognitive 

indices within the FCD cohort. Ongoing reproduction and validation of these structural 
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abnormalities in larger data sets will contribute towards a better understanding of the 

pathogenesis, prognosis and improved therapeutics for FCD related epilepsy. 
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Abstract 

Emerging evidence illustrates that temporal lobe epilepsy (TLE) involves network 

disruptions represented by hyper-excitability and other seizure-related neural plasticity. 

However, these associations are not well-characterized. Our study characterizes the whole 

brain white matter connectome abnormalities in TLE patients compared to healthy controls from 

the prospective Epilepsy Connectome Project (ECP) study. Furthermore, we assessed whether 

aberrant white-matter connections are differentially related to cognitive impairment and a history 

of focal-to-bilateral tonic-clonic (FBTC) seizures. Multi-shell connectome MRI data were pre-

processed using the DESIGNER guidelines. The IIT Destrieux gray matter atlas was used to 

derive the 162x162 structural connectivity matrices (SCMs) using MRTrix3. ComBat data 

harmonization was applied to harmonize the SCMs from pre and post scanner upgrade 

acquisitions. Threshold-free network-based statistics (TFNBS) was used for statistical analysis 

of the harmonized SCMs. Cognitive impairment status and FBTC seizure status were then 

correlated with these findings. We employed connectome measurements from 142 subjects, 

including 92 patients with TLE (36 males, mean age = 40.1 ± 11.7 years) and 50 healthy 

controls (25 males, mean age = 32.6 ± 10.2 years). Our analysis revealed overall significant 

decreases in cross-sectional area (CSA) of the white matter tract in TLE group compared to 

controls, indicating decreased white matter tract integrity and connectivity abnormalities in 

addition to apparent differences in graph theoretic measures of connectivity and network-based 

statistics. Focal and generalized cognitive impaired TLE patients showcased higher trend-level 

abnormalities in the white matter connectome via decreased CSA than those with no cognitive 

impairment. Patients with a positive FBTC seizure history also showed trend-level findings of 

association via decreased CSA. Widespread global aberrant white matter connectome changes 

were observed in TLE patients and further characterization of these changes may ultimately 

identify novel biomarkers and elucidate TLE’s impact on brain plasticity. 
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Introduction 

Epilepsy is the 4th most common neurological disorder, with a prevalence of over 3.4 

million in the USA and more than 46 million worldwide (1, 2). In adults, Temporal lobe epilepsy 

(TLE) is the most common form of focal epilepsy (13). Although some TLE patients undergo 

long-term remission, lifelong chronic TLE is debilitating and heavily associated with several 

cognitive, somatic, and psychiatric co-morbidities (16). Predicting which patients will respond 

favorably to surgery or anti-seizure medication is imperative for the optimization of treatment 

and planning; however, current methods for these predictions are inadequate. Currently, there 

are no reliable biomarkers for accurate assessment of treatment efficacy, disease progression, 

or the severity of neurological and psychiatric consequences in TLE patients. Previous literature 

with modest sample sizes reported variable results for MRI biomarkers, which expose a 

fundamental lack of understanding in the pathophysiological processes underlying epilepsy 

progression and remission (34-37). 

Emerging evidence have demonstrated that TLE involves a series of networks that is 

characterized by pathologies such as hyper-excitability and other seizure-related neural 

plasticity (29-32). Recent DTI studies have reported widespread microstructural abnormalities in 

subcortical white matter and was primarily related to reduced neurite density in TLE patients 

(40), as well as microstructural abnormalities in the corpus callosum, cingulum, and external 

capsule (116). Other studies explored the interplay of focal seizure areas, such as the 

hippocampus, with its connectome-level effects using diffusion MRI connectomics, revealing 

significant remodeling of connectome topology and structurally governed functional dynamics in 

TLE (41). In contrast to DTI studies, DWI connectome studies map the entirety of white matter 

connections across the whole brain, providing a comprehensive overview of how different brain 

regions are structurally connected. Few studies have characterized the whole brain white matter 

connectome abnormalities in TLE patients compared to controls in a large-scale patient 

population.  
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The Epilepsy Connectome Project (ECP) is a large-scale dataset collection project of 

connectivity measurements of patients with sporadic TLE (43, 44, 47). In this present study, we 

utilized the ECP multi-shell connectome diffusion weighted MRI (ms-dMRI) data for the 

evaluation of structural connections and dynamic network interactions using graph theoretical 

descriptive analysis of topology to characterize the white matter connectome in TLE patients. 

Furthermore, we correlated the findings to cognitive impairment status and focal-to-bilateral 

tonic-clonic (FBTC) seizure history (previously known as generalized tonic-clonic seizures) in 

TLE patients. We hypothesize that TLE patients will reveal discrete white matter connectivity 

abnormalities in addition to apparent differences in graph theoretic measures of connectivity and 

network-based statistics compared to HCs. Ultimately, this study will identify novel MRI 

structural biomarkers and further substantiate the concept that TLE is a progressive network 

disorder, involving ongoing neural plasticity induced by seizure activity. 

 

Methods 
 
Participants 

Participants are from the ECP, a multisite collaborative research project between the 

University of Wisconsin Madison and the Medical College of Wisconsin (MCW) conducted 

between 2016 and 2018. This prospective study was approved by the institutional review board 

(IRB) at the MCW, and all participants provided written informed consent.  

The inclusion criteria for TLE patients required two of the following: 1) clinical semiology 

consistent with seizures of temporal lobe origin, 2) previous MRI consistent with mesial temporal 

sclerosis (MTS) or hippocampal atrophy, 3) EEG revealing temporal intermittent rhythmic delta 

or epileptiform activity over the temporal lobe(s), and 4) EEG monitoring video evidence of 

temporal lobe onset seizure. Diagnosis of TLE was overseen by epileptologists and potential 

cases were reviewed by the clinicians scrutinizing the previously mentioned clinical evidence 
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(structural brain MRI, interictal EEG, clinical semiology, and ictal-EEG monitoring for those who 

were admitted to epilepsy monitoring units), all available past and current medical records 

surrounding seizure care, management, and diagnosis. Contentious diagnoses were reviewed 

and discussed by all epileptologists of the study to reach a consensus. Patients were excluded if 

they had lesions other than MTS, active infectious, autoimmune, or inflammatory seizure 

etiology. Controls were healthy adults and exclusion criteria included history of learning 

disability, substance abuse, brain injury, psychiatric illnesses, and current vasoactive medication 

use. All participants had no MRI contraindications.  

The majority of studies utilizing the ECP participants have investigated the resting-state 

functional connectivity and cortical surface morphometry, and only one study explored the DWI 

by utilizing machine learning tools to determine intrinsic TLE structural connectome phenotypes 

(43, 44, 47). 

Data Acquisition 

MRI images were acquired on a 3T GE MR750 scanners (General Electric, Waukesha, 

WI) using a Nova 32-channel head coil. T1-weighted structural images were acquired using a 

3D gradient-echo pulse (MPRAGE) sequence (repetition time (TR) = 604 ms, echo time (TE) = 

2.516 ms, inversion time = 1060 ms, flip angle = 8°, field of view (FOV) = 25.6 cm, 0.8 mm 

isotropic). T2-weighted structural images were acquired using a 3D fast spin-echo (CUBE) 

sequence (TR = 2500 ms, TE = 94.398 ms, flip angle = 90°, FOV = 25.6 cm, 0.8 mm isotropic). 

Diffusion weighted MRI (dMRI) data were acquired using the high-angular resolution diffusion 

imaging (HARDI) approach (117). The ECP dMRI acquisition uses multiband EPI (118) with 

slide acceleration factor 3 that includes a total of 4 runs, with 2 runs with 75-directions each, and 

opposite phase encoding polarity (AP and PA), and 2 runs with 76 directions each. The DWI 

images had the additional acquisition parameters: alternating b = 1000 s/mm2 and b = 2000 

s/mm2, and 9 b = 0 volumes. 
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Data Processing and Statistical Analyses 

Modern tools from the emerging field of network neuroscience were used for detailed 

network analysis of the structural connectivity pathways for better understanding of the plasticity 

changes in patients with TLE. Network neuroscience methods were able to quantify the 

organization of structural connections as edges, providing insights into network communication 

efficiency patterns (119, 120). In addition, we used robust statistical techniques such as threshold 

free network-based statistics (TFNBS) for predictive modeling (70). Figure 1 provides an 

overview of the connectography reconstruction from connectome quality multi-shell DWI data. 

Preprocessing of the data followed DESIGNER guidelines, which included the removal or 

mitigation of artifacts such as noise, Gibb’s ringing, distortion due to eddy currents, B1-bias and 

EPI warping due to field inhomogeneities. The curated DWI data was deconvolved using 

constrained optimization with the shell and major tissue specific response functions to estimate 

fiber orientation distributions (FOD) at each voxel in the brain. Anatomical cortico-subcortical gray 

matter atlas regions identified using FreeSurfer reconstruction and parcellation of the gray matter 

are used to define the nodes in the neuronal networks. Underlying white matter fiber bundles 

connecting pairs of these nodes were used to define the edges. These networks can be 

represented using symmetric matrices, which encode the adjacency or connectedness of the 

nodes. The tractography was performed using tckgen command in MRtrix3. Fifteen million 

streamlines were generated by dynamic seeding in the whole brain using the FODs and a 

probabilistic algorithm (iFOD2) which performs second order integration over FODs. The step size 

was set to the default value of ½ the voxel size. The tract stopping criteria were also set to the 

defaults of 45° angular threshold for curving, minimum length of twice the voxel size, maximum 

length of 100 times the voxel size. The FOD amplitude cut off was set to 0.05. tcksift2 algorithm 

from MRtrix3 was used to filter the streamlines and compute the weights for each of the streamline 

that are used in computing the final edge weights in the networks. Fiber density estimates were 

heuristically shrunk based on the presence of gray matter using the fd_scale_gm option for 
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tcksift2. SIFT proportionality constant 𝜇 was also saved which is used to scale the network 

adjacency matrices. These networks can be represented using symmetric matrices, which encode 

the adjacency or connectedness of the nodes. 

Parametric data harmonization using neuroComBat (121) of the connectivity matrices 

was employed to account for the DV25 to DV26 change, a major software of the GE MR 

scanner. This included a change from sagittal to axial acquisition. Harmonization addressed the 

batch/protocol effects by accounting for additive (on the bias) and multiplicative (on the 

variance) effects of the scanner software and slice direction in acquisition on connectivity 

outcomes using a linear model by preserving group, age, and sex effects. These correction 

effects are the expected values of the empirically estimated Bayesian prior distributions either 

parametrically via Expectation Maximization or non-parametrically via importance sampling. 

Such a prior based approach is robust when there are small sample sizes per each protocol. 

Supplementary Figure 1 illustrates the effects of harmonization on the adjacency matrices 

(edge weights) before permutation testing. 
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Figure 1. Overview of the connectography reconstruction from connectome quality multi-shell DWI 
data. a-c) Preprocessing of the multi-shell data followed DESIGNER guidelines (92) which included the 
removal or mitigation of artifacts such as noise, Gibb’s ringing, distortion due to eddy currents, B1-bias and 
EPI wrapping due to field inhomogeneities using tools in FSL (90), ANTs (122), and MRTrix3 (89). d-e) The 
curated DWI data was deconvolved using constrained optimization with the shell and major tissue specific 
response functions to estimate fiber orientation distributions (FOD) at each voxel in the brain. f) Anatomical 
cortico-subcortical gray matter atlas regions identified using FreeSurfer reconstruction and parcellation of 
the gray matter used to define the nodes in the neuronal networks. g) Underlying white matter fiber bundles 
connecting pairs of these nodes were used to define the edges. These networks can be represented using 
symmetric matrices, which encode the adjacency or connectedness of the nodes. 

 

The resulting connectographs were fed into the TFNBS that are described in Figure 2. 

General linear modeling (GLM) generated statistic graphs from connectographs, which were 

thresholded to cluster the nodes (70). The product of the size and maximum of the clusters were 

summed across the thresholds to obtain threshold-free cluster enhanced statistic graphs. 

Permutation testing with 5000 permutations was used to obtain null distributions for each 

connection or the maximum across the connections. Comparing each connection in the 

unthresholded statistic graph with 1) max-null or 2) connection specific null results in family-wise 

error corrected or uncorrected p-value graphs respectively. Statistically significant results at p ≤ 

0.05 were reported. Age and sex were used as nuisance variables in the GLM. Results were 

then correlated with cognitive impairment status and patient history of FBTC seizures. 
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Figure 2. Overview of threshold-free network-based statistics (TFNBS). General linear modeling is 
used to get statistic graphs from connectographs. The statistic graphs are thresholded at different 
thresholds to cluster the nodes. The product of size and max of the clusters are summed across the 
thresholds to obtain threshold-free cluster enhanced statistic graph. The null distribution can be obtained 
for each connection or maximum across the connections using permutation testing. Comparing each 
connection in the unthresholded statistic graph with (1) max-null or (2) connection specific null, results in 
family wise error corrected or uncorrected p-value graphs respectively. 
 
 
 
Results 

Demographics of Study Participants 

Multi-shell DWI connectome data were collected from 142 participants including 92 TLE 

patients (36 males, mean age = 40.1 ± 11.7 years) and 50 HCs (25 males, mean age = 32.6 ± 

10.2 years) ranging from ages 18 to 60. The participant sociodemographic and clinical 

characteristics is shown in Table 1. The average years of education of the TLE patient group 
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and HC group is 14.6 ± 2.8 years and 16.1 ± 2.7 years respectively. The full-scale intelligence 

quotient (FSIQ) average score for the TLE group is 101.7 ± 13.8 and 113.4 ± 15.1 for HCs. In 

the TLE group, 62 patients have a positive FBTC seizure history, 21 patients have never 

experienced a FBTC seizure, and the remaining patients had an unknown FBTC history. 

Notable clinical characteristics of the TLE patients include 12.2 ± 20.3 mean lifetime FBTC 

seizures, mean age of seizure onset of 22.4 ± 14.2, mean disease duration of 18.0 ± 14.0, 

mean seizure frequency of 5.8 ± 10.6 per month, and mean number of anti-seizure medications 

of 1.77 ± 0.97. The seizure lateralization and diagnosis of TLE was determined by board-

certified neurologists, in accordance with criteria defined by the International League Against 

Epilepsy, based on a matrix of interictal scalp electroencephalography (EEG) or intracranial 

video-EEG telemetry, seizure semiology, and neuroimaging evaluation. Forty-eight TLE patients 

have left lateralized seizures, 22 with right seizure lateralization, 10 bilateral, and 12 are 

unknown. In terms of cognitive impairment, 9 TLE patients (12%) had generalized cognitive 

impairment, 25 patients (33.3%) had focal cognitive impairment, and 41 patients (54.7%) had no 

cognitive impairment. The remaining patients had unknown cognitive impairment statuses. From 

the list of eligible ECP participants, 32 participants were excluded due to missing DWI data, 

poor quality control data, missing participant variables, or low number of links on harmonization 

matrices. 
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 TLE Patients 
(n=92) 

Controls (HCs)  
(n=50) 

Age (mean ± SD) * 40.1 ± 11.7 32.6 ± 10.2 
Sex (M/F) 36/56 25/25 

Education (mean ± SD) * 14.6 ± 2.8 16.1 ± 2.7 
FSIQ (mean ± SD) * 101.7± 13.8 113.4 ± 15.1 

 FBTC (+/-) 62/21 N/A 
Number of lifetime FBTC (mean ± SD) 12.2 ± 20.3 N/A 

Age of Seizure Onset (mean ± SD) 22.4 ± 14.2 N/A 
Disease Duration (mean ± SD) 18.0 ± 14.0 N/A 

Seizure Frequency Per Month (mean ± SD) 5.8 ± 10.6 N/A 
# of ASMs 1.77 ± 0.97 N/A 

Seizure Lateralization (L/R/B/U) 45/19/10/18 N/A 
Generalized cognitive impairment (n;%) 9; 12% 47 

Focal cognitive impairment (n;%) 25; 33.3% 47 
No cognitive imparment (n;%) 41; 54.7% 47 

 
Table 1. Participant demographicsof 
 
Note. –TLE = temporal lobe epilepsy. HC = healthy controls. SD = standard deviation. FSIQ = full-scale 
intelligence quotient. FBTC = generalized tonic-clonic. ASMs = anti-seizure medications. L = left; R = 
right; B = bilateral; U = unknown. *Significantly different between TLE and HCs (p<0.05). 
 
 
Group Differences Between TLE vs. HC 

The overall reconstructed connectography matrix of corrected, uncorrected, and the 

directionalities of the white matter tract cross-sectional areas (CSA) were generated in a 

symmetric adjacency network matrix.  The IIT Destrieux gray matter atlas was used to drive the 

structural connectivity matrices of 162 x 162 nodes or edges originating from and organized into 

five regions of the brain: frontal, occipital, parietal, temporal lobes, and subcortical. The 

summary findings of both uncorrected and corrected number of significant connections or tracts 

(p ≤ 0.05) between the HC and TLE group is depicted in Figure 3. The dominant directionality is 

revealed as decreased CSA in TLE patients when compared to that of healthy controls in both 

corrected and uncorrected results.  Specifically after correction, TLE CSA is globally decreased 

across all brain regions when compared to HC CSA, inferring a general impact of TLE on the 
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DWI connectome via a reduction in white matter tract CSA. The top significant connections of 

decreased CSA in TLE patients have nodes between frontal-to-frontal tracts, frontal-to-parietal 

tracts, and frontal-to-temporal tracts. 

 A panel of 16 representative significant tract connections after multiple comparisons 

correction between TLE patients and HCs in the dominant directionality (decreased CSA) are 

more closely examined in Figure 4. The box plots in this figure describes these age and sex 

adjusted CSA differences between groups with the specific edges of these tracts displayed at 

the top of each graph. Our results showcase consistent significant reductions in TLE CSA 

across these 16 significant tracts when compared to HC CSA, indicating that these 16 

connections may have been impacted by TLE via a decrease in white matter CSA. 



52 
 

 

 
Figure 3. Summary Findings of TLE vs HC white matter connectome abnormalities. The white 
matter tracts are depicted by cross-sectional areas (CSA) in both directionalities. Overall, our results 
demonstrate that when comparing TLE vs HC DWI connectomes measures, decreased CSA is observed 
across the whole-brain in TLE patients, with the highest number of abnormal significant connections in 
the frontal-to-frontal region, the frontal-to-parietal region, and the frontal-to-temporal region. TLE = 
temporal lobe epilepsy; HC = healthy control; DWI = diffusion weighted imaging; CSA = cross-sectional 
area of the white matter. 
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Figure 4. Representative TLE vs. HC White Matter Connectome Tract Cross Sectional Areas. 
Illustrated here are 16 representative analyses after multiple comparisons correction of TLE vs. HC DWI 
connectome abnormalities. The results indicate that TLE patients exhibit lower white matter tract age and 
sex adjusted expected CSA when compared to HCs. The originating nodes and region locations are 
noted above each box plot. TLE = temporal lobe epilepsy; HC = healthy control; DWI = diffusion weighted 
imaging; CSA = cross-sectional area of the white matter. 
 

FBTC vs. non-FBTC in TLE Patients 

Next, we assessed the effect of FBTC seizures on CSA of the white matter connectome 

in TLE patients. The summary findings of the uncorrected and corrected number of significant 

tracts (p ≤ 0.05) between the TLE patients who had a FBTC seizure vs. TLE patients who have 

a negative FBTC seizure history are depicted in Figure 5. Our results indicate no survival after 
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significance after multiple comparisons correction; however, in the uncorrected results, the 

dominant contrast with the higher number of connections favors the direction where the FBTC 

group of TLE patients exhibited decreased CSA when compared to the non-FBTC group. These 

results demonstrate modest and trend-level findings of decreased CSA in the FBTC group of 

TLE patients compared to those who have never had a FBTC seizure. A much larger sample 

size will be needed to further elucidate whether FBTC seizures have a true impact on white 

matter connectome status and white matter tract integrity. 

 

 

Figure 5. Summary Findings of FBTC vs. non-FBTC TLE Patients. Our results demonstrate that when 
comparing the DWI connectome of TLE patients with a positive history of FBTC seizures vs. those who 
never had a FBTC seizure, global decreased white matter tract CSA is observed in only the uncorrected 
analysis. Therefore, the differences appear to be modest and trend-level and will likely require a bigger 
sample size to confirm whether a positive FBTC seizure history has an impact in DWI connectome 
abnormalities. FBTC = generalized tonic-clonic; TLE = temporal lobe epilepsy; HC = healthy control; DWI 
= diffusion weighted imaging; CSA = cross-sectional area of the white matter. 
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Cognitive and Neuropsychological Considerations 

Subject cognitive profiles and selected neuropsychological test scores were analyzed to 

correlate clinical variable signatures with DTI connectome data. Cognitive profiles were divided 

into three clusters of focal cognitive impairment, generalized cognitive impairment, and no 

cognitive impairment based on a previous study (123). 

Our summary results of the uncorrected correlations of cognitive impairment and 

neuropsychological scores with the white matter connectome findings are illustrated in Figure 6. 

The focal cognitive impairment status and generalized cognitive impairment TLE patients 

yielded similar results exhibiting modest and trend-level findings of greater than 100 

connections, all of which exhibited decreased CSA when compared to HCs. The highest 

number of white-matter tract correlations are similarly found in the frontal-frontal, frontal-

temporal, and frontal-parietal regions. In TLE patients with no cognitive impairment, a smaller 

number of connections were revealed for decreased CSA when compared to HCs. In general, 

while all three cognitive statuses yielded decreased CSA in the TLE group compared to HCs, 

the cognitively impaired TLE groups demonstrated a modest trend where a higher number of 

significant tracts differences in the decreased CSA directionality compared to those who are not 

cognitively impaired, inferring that cognitive impairment may undermine the TLE white matter 

connectome structure and integrity. These clusters are further detailed in Supplementary 

Figures 2, 3, and 4 showing representative TLE with focal, generalized, and no cognitive 

impairment vs. HC respectively. 
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Figure 6. Summary of Cognitive Impairment Clusters in TLE Patients with White Matter 
Connectome Findings. The white matter connectome abnormalities of cognitive profiles were scrutinized 
in TLE vs. cognitively intact HCs. While these results did not survive correction, our uncorrected results 
demonstrated modest and trend-level findings in all 3 cognitive statuses in TLE patients vs. HC 
showcasing decreased white matter tract CSA as the dominant directionality. The clusters with cognitive 
impairments (both focal and generalized) reveal a greater number of significant abnormal white matter 
tract connections with decreased CSA compared to the cluster with no cognitive impairment. Similar to 
the TLE vs. HC whole brain analysis, the highest number of significant tracts are in the frontal-to-frontal 
region, the frontal-to-parietal region, and the frontal-to-temporal region across all cognitive profiles. A 
larger participant pool will be needed to confirm this trend. 
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Discussion 

The present study investigates the structural DWI-based differences in connectivity 

networks in the white-matter of TLE patients and healthy controls using graph theory metrics. 

We further examined whether these differences were associated with a history of FBTC 

seizures and cognitive impairment status. A large-scale dataset from the ECP was utilized for 

this study. Datasets from the ECP will be released via the Connectome Coordination Facility 

(CCF) established at the Washington University in St. Louis. The CCF will become the long-

term repository for the de-identified data and release at the earliest feasible time. Preprocessed 

DWI data are available from the senior author upon reasonable request. Associated scripts for 

data processing and analysis will be posted to GitHub upon publication of the manuscript. 

 Our study is one of the first few large-scale TLE DWI whole-brain connectome studies in 

characterizing white matter network connectivity abnormalities, and the ECP dataset is the first 

to provide connectome quality multi-shell DWI data with reverse phase encoded pair of 

acquisitions. The current investigation expands on our previous work in the lab on the ECP DWI 

dataset, revealing the association of patient neighborhood deprivation with white matter 

connectivity abnormalities (48), and showcasing that graph theory metrics were useful in 

predicting group membership, find intrinsic structural TLE phenotype differences, and associate 

results with cognitive and clinical measures via support vector machine analyses (47). Other 

previous literature exploring the TLE white matter connectome have revealed remodeling of 

connectome topology and structurally governed functional dynamics in 44 patients (41) and 

comparisons of connectome fingerprint to post-surgical seizure outcomes in 52 patients (124), 

and betweenness centrality analysis predicted post-surgical outcomes from pre-surgical 

evaluations in 47 patients (125). 

Global connectome white matter networks of TLE vs. HC 

Our study employs TFNBS, which is a direct extension of the threshold free cluster 
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enhancement (TFCE) used in tract based spatial statistics (TBSS) for correcting family-wise 

errors in multiple comparisons. The extension is based on the fact that for networks the 

neighborhood is determined by adjacency matrices and not the regular spatial 3D lattice. This 

gives unique advantages in that spatially non-local connections in the brain are considered 

when discerning statistically significant patterns. TFNBS is also unique when compared to the 

extensively used graph theoretic measures such as modularity, betweenness-centrality etc. 

TFNBS provides family-wise error corrected statistics at each of the connection level (i.e., it can 

provide statistical significance using the local network properties) while the graph theoretic 

measures provide statistics of the global network properties. The local approach offered by 

TFNBS is complementary to the global approach offered by graph theoretic measures and 

offers spatially specific biological interpretations that are not derivable using global approaches. 

Our results highlight that global analysis of the white matter connectome differences 

between TLE patients and HCs reveal 97 significant connections after statistical correction with 

widespread reductions in TLE CSA. The top regions where the edges originate from, with the 

most significant tracts belong to the frontal to frontal, frontal to temporal, frontal to parietal, and 

temporal to parietal regions. Through these results, it is evident that TLE has impacted the 

connectivity networks of white matter, especially in the frontal and temporal regions of the brain. 

Recent studies have emphasized the importance of using whole-brain structural connectomes 

for understanding TLE and predicting seizure outcomes (66-68). In turn, our study investigated 

graph theoretic measures of ms-dMRI. Our results revealed widespread and global decreased 

CSA in TLE compared to healthy controls, which demonstrates its potential as a neuroimaging 

biomarker to identify and characterize TLE. 

The Effect of FBTC History 

Patients with FBTC seizures are more prone to cognitive impairment, premature 

mortality, psychiatric disorders and are at risk of several other disorders (126). These seizures 

may be severe, rapid, and involve the bilateral cortical, subcortical, and brainstem networks in 
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the brain. It is surprising that there is very limited literature on structural connectome 

associations with FBTC seizures. Therefore, we assessed the impact of FBTC seizures on the 

white matter connectome observed how the white matter network is affected in TLE patients 

with a history of FBTC seizures compared to TLE patients who never had a FBTC seizure. Our 

results indicate modest and trend-level differences in uncorrected significant tracts, none 

surviving multiple comparisons correction. The uncorrected results do demonstrate that overall, 

the FBTC group had decreased CSA when compared to the non-FBTC group. The majority of 

these tracts originated from frontal regions with the top edges stemming from frontal to frontal, 

frontal to parietal, and frontal to temporal. Future studies should reassess using a larger sample 

set. 

Cognitive Impairment Status 

Our study indicates that focal and generalized cognitive impairment showed very similar 

modest and trend-level associations with white matter connectome findings when compared to 

HCs. In comparison to the group with no cognitive impairment, both cognitively impaired groups 

have more than twice the number of significant tracts with decreased CSA. Interestingly, the 

number of significant connections is very similar between the focal and the generalized 

cognitively impaired groups. All groups had a greater number of significant tracts in the direction 

where CSA is decreased when compared to the controls, as opposed to increased CSA when 

compared to controls in the cognitive impairment clusters. A larger sample of cognitive impaired 

TLE patients can further clarify these findings. 

Existing literature on DTI-based white matter connectomics of TLE patients have 

highlighted abnormalities in language and memory. Firstly, Kaestner et al. demonstrated that 

the structural connectome model was superior to models based on white matter microstructural 

or clinical features in predicting language impairment (127). Similarly, Munsell et al. showed that 

Boston Naming Test scores, a proxy for language performance, could be predicted using a 

model based on combined eigenvector node centrality (128). Network-based superficial white 
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matter analyses have shown abnormalities in graph theory metrics, such as decreased global 

efficiency, in language and memory-impaired subjects (129). Structural network topology 

revealed increased characteristic path length in a subgroup of TLE patients with the most 

pronounced cognitive impairments across multiple domains including memory and verbal 

comprehension (116). Altogether along with our results, it is evident that graph theoretic 

characterization of the white matter connectome serves as a useful biomarker for cognitive 

impairment in TLE. Future studies should identify additional biomarkers that are needed to 

discriminate between focal vs. generalized cognitive impairment. 

Limitations 

The sample size was modest for the cognitively impaired TLE patient analyses, so a 

future study with a greater number of participants will be beneficial to provide adequate power to 

the analysis. While there are some significant differences between the control and TLE group; 

however, our analyses corrected for the effect of age. The ECP, which aims to understand 

phenotypical heterogeneity in the more general population of TLE, contains a more 

representative sample of TLE patients than typically investigated in surgical series, only a 

subset of participants (35%) thus underwent the gold standard of ictal monitoring. Future studies 

may scrutinize the laterality effects in a completely ictally monitored cohort, but such cases may 

capture mostly the severe end of the epilepsy spectrum and is deemed unrepresentative of the 

general population of TLE. One pervasive problem in the study of TLE is the underlying 

heterogeneity of the disease and the lack of a definitive gold standard for diagnosis. Even with 

the best tools available, most patients with bitemporal lobe epilepsy required 41.6 days of EEG 

monitoring to detect such bilateral seizures, and some may require up to one year (130). Thus, 

we can never be sure of a “definitive” seizure laterality and TLE diagnosis. Additionally, drastic 

limiting of participant selection results in its own type of selection bias where results may be 

questionably extrapolated to the representative and less complicated TLE patient. The purpose 

of the ECP was to get a cross-sectional sampling of patients with TLE defined in the typically 
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clinical and pragmatic method with the help and oversight of epileptologists.  
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Abstract 

Social determinants of health, including the effects of neighborhood disadvantage, impact 

epilepsy prevalence, treatment, and outcomes. This study characterized the association between 

aberrant white matter connectivity in temporal lobe epilepsy (TLE) and disadvantage using a US 

census-based neighborhood disadvantage metric, the Area Deprivation Index (ADI), derived from 

measures of income, education, employment, and housing quality. Participants including 74 TLE 

patients (47 male, mean age=39.2) and 45 healthy controls (27 male, mean age=31.9) from the 

Epilepsy Connectome Project were classified into ADI-defined low and high disadvantage groups. 

Graph theoretic metrics were applied to multi-shell connectome diffusion weighted imaging (DWI) 

measurements in order to derive 162 x 162 structural connectivity matrices (SCMs). The SCMs 

were harmonized using neuroCombat to account for interscanner differences. Threshold-free 

network-based statistics were used for analysis and findings were correlated with ADI quintile 

metrics. A decrease in cross-sectional areas (CSA) indicate reduced white matter integrity. Sex 

and age-adjusted CSA in TLE groups were significantly reduced compared to controls regardless 

of disadvantage status, revealing discrete aberrant white matter tract connectivity abnormalities 

in addition to apparent differences in graph measures of connectivity and network-based 

statistics. When comparing broadly defined disadvantaged TLE groups, differences were at trend-

level. Sensitivity analyses of ADI quintile extremes revealed significantly lower CSA in the most 

compared to least disadvantaged TLE group. Our findings demonstrate: 1) the general impact of 

TLE on DWI connectome status is larger than the association with neighborhood disadvantage; 

however, 2) neighborhood disadvantage, indexed by ADI, revealed modest relationships to white 

matter structure and integrity on sensitivity analysis in TLE.  Further studies are needed to explore 

this relationship and determine if the white matter relationship with ADI is driven by social drift or 

environmental influences on brain development. Understanding the etiology and course of the 

disadvantage-brain integrity relationship may serve to inform care, management, and policy for 

patients. 
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Introduction 

Social determinants of health, defined as the conditions in the environment in which 

persons are born, work, and live in, have been identified as having a significant effect on overall 

health and well-being (131) and implicated in several health disparities and inequities that 

continue to contribute disproportionately to the prevalence, care, and outcomes of several 

disease states (132). While research has explored metrics of socioeconomic status (SES) at the 

individual level (133-135), studies on the neighborhood-level disadvantage may provide 

contextual evidence to the conditions of their residential environment and its impact on health 

outcomes. These conditions may include the level of poverty, housing inequality, healthcare 

access, income, and level of education for each geographical region of interest. The area 

deprivation index (ADI) is one such measure of socioeconomic and neighborhood disadvantage 

that incorporates metrics of poverty level, housing, education level, and employment status 

based on zip codes of US neighborhoods (136). The ADI was created by the Health Resources 

and Services Administration and encapsulates the multifaceted nature of disparities at the 

community-level (136, 137). 

In the context of epilepsy, interest is growing regarding how the framework of the social 

determinants of health and neighborhood disadvantage may impact its incidence, care, and 

outcomes. There is recognition in the importance of studying the effects of disparities in 

epilepsy, the existing literature demonstrates that socioeconomic deprivation increases the 

incidence and prevalence of epilepsy in both adults and children (138-141). A recent study 

utilizing the ADI metric, found that disadvantaged neighborhoods distinctly lacked access to 

level IV epilepsy centers (142),indicating the striking geographic influence on access and the 

quality of care considering that their availability has been described as essential to the proper 

management of epilepsy (143). Altogether, these studies contribute to the important work 

necessary to understand how disparities, such as neighborhood disadvantage, impact patients 
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with epilepsy. Further elucidation of these factors are imperative to inform and implement policy 

changes to address these disparities. 

Temporal lobe epilepsy (TLE) is the most common form of focal epilepsy in adults, and 

recent diffusion tensor imaging (DTI) studies have consistently demonstrated abnormalities in 

white matter structure and connectivity (13, 116, 144, 145). Advanced neuroimaging studies can 

now evaluate these dynamic white matter networks and their interactions via multi-shell 

connectome diffusion-weighted MRI (67, 127, 129, 144, 146, 147). Currently, no studies have 

examined the impact and associations of neighborhood disadvantage on TLE white matter 

integrity in general and connectome status in particular. Identifying MRI structural biomarkers 

and their correlation with neighborhood disadvantage will further the understanding of how 

disparities may impact patients with epilepsy. 

In the present study, we characterize the presence and degree of aberrant white matter 

connectivity in TLE patients compared to healthy controls (HCs) as a function of disadvantage 

using the US census-based neighborhood disadvantage metric, the ADI. We examine its 

association with diffusion weighted MRI findings from the Epilepsy Connectome Project (ECP) 

(43, 44, 46), a multi-institutional large-scale and homogenous patient study. We hypothesize 

that patients residing in disadvantaged neighborhoods as indexed by ADI are associated with 

aberrant white matter integrity and network in their DWI connectome status compared to 

patients from non-disadvantaged neighborhoods and healthy controls. Furthermore, we 

hypothesize that this effect will occur in the context of a generally adverse impact of TLE on 

DWI connectome status compared to healthy controls. 

 
Methods 
 
Study Participants 
 

Multi-shell connectome diffusion weighted MRI measurements were employed from 119 
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participants, including 74 patients with TLE (29 males, mean age = 39.28 ± 11.71 years) and 45 

healthy controls (23 males, mean age = 31.87 ± 10.14 years) from ages 18 to 60. All TLE 

patients and healthy controls were participants in the ECP, a multisite collaborative research 

project between the Medical College of Wisconsin (MCW) and the University of Wisconsin 

Madison (UW-Madison). All TLE patient and healthy control data were collected between March 

2016 and December 2018. 

The inclusion criteria for TLE patients required two of the following: 1) clinical semiology 

consistent with seizures of temporal lobe origin, 2) previous MRI consistent with mesial temporal 

sclerosis or hippocampal atrophy, 3) EEG revealing temporal intermittent rhythmic delta or 

epileptiform activity over the temporal lobe(s), and 4) EEG monitoring video evidence of 

temporal lobe onset seizure. Patients were excluded if they had lesions other than mesial 

temporal sclerosis (focal dysplasias and focal atrophy of other regions of the temporal lobe were 

excluded), active infectious, autoimmune, or inflammatory seizure etiology. Healthy controls 

were between the ages of 18 and 60. Exclusion criteria for the healthy controls included: 

Edinburgh Laterality (Handedness) Quotient less than +50; primary language other than 

English; history of any learning disability, brain injury or illness, substance abuse, or major 

psychiatric disorders (major depression, bipolar disorder, or schizophrenia); current use of 

vasoactive medications; and any medical contraindications to MRI.  

Standard Protocol Approvals, Registrations, and Patient Consents 
 

The ECP was reviewed and approved by the institutional review board (IRB) at the 

MCW, and all participants provided written informed consent. All experiments were performed in 

accordance with established guidelines and regulations. 

Data Acquisitions 
 

Magnetic resonance images were acquired on a 3T General Electric 750 scanners 

(Waukesha, WI) using a 32-channel head coil. T1-weighted structural images were acquired 
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with an MPRAGE sequencing the following parameters (repetition time (TR) = 604 ms, echo 

time (TE) = 2.516 ms, inversion time = 1060 ms, flip angle = 8°, field of view (FOV) = 205.6 cm, 

0.8 mm isotropic). DWI was acquired using multiband echo planar imaging (EPI) with slide 

acceleration factor 3 that included a total of 4 runs, with 2 runs with 75-directions each, and 

opposite phase encoding polarity (AP and PA), and 2 runs with 76 directions each. The DWI 

images had the additional acquisition parameters: alternating b = 1000 s/mm2 and b = 2000 

s/mm2, and 9 b = 0 volumes. 

Data Processing and Statistical Analyses 
 

Modern tools from the emerging field of network neuroscience were used for detailed 

network analysis of the structural connectivity pathways for better understanding of the plasticity 

changes in patients with TLE. These graph theoretical methods quantified the organization of 

structural connections as edges, providing insights into network communication efficiency 

patterns (66, 68, 119, 120, 148). Threshold free network-based statistics (TFNBS) were used for 

predictive modeling (70). Figure 1 provides an overview of the connectography reconstruction 

from connectome quality multi-shell diffusion weighted imaging (DWI) data. Preprocessing of 

the data followed DESIGNER guidelines (92) which included the removal or mitigation of 

artifacts such as noise, Gibb’s ringing, distortion due to eddy currents, B1-bias and EPI wrapping 

due to field inhomogeneities using tools in FSL (90), ANTs (122), and MRTrix3 (89). The 

curated DWI data was deconvolved using constrained optimization with the shell and major 

tissue specific response functions to estimate fiber orientation distributions (FOD) at each voxel 

in the brain. Anatomical cortico-subcortical gray matter atlas regions identified using FreeSurfer 

reconstruction and parcellation of the gray matter used to define the nodes in the neuronal 

networks. Underlying white matter fiber bundles connecting pairs of these nodes were used to 

define the edges. These networks can be represented using symmetric matrices, which encode 

the adjacency or connectedness of the nodes.  
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Figure 1. Overview of the connectography reconstruction from connectome quality multi-shell DWI 
data. a-c) Preprocessing of the multi-shell data followed DESIGNER guidelines (92) which included the 
removal or mitigation of artifacts such as noise, Gibb’s ringing, distortion due to eddy currents, B1-bias and 
EPI wrapping due to field inhomogeneities using tools in FSL (90), ANTs (122), and MRTrix3 (89). d-e) The 
curated DWI data was deconvolved using constrained optimization with the shell and major tissue specific 
response functions to estimate fiber orientation distributions (FOD) at each voxel in the brain. f) Anatomical 
cortico-subcortical gray matter atlas regions identified using FreeSurfer reconstruction and parcellation of 
the gray matter used to define the nodes in the neuronal networks. g) Underlying white matter fiber bundles 
connecting pairs of these nodes were used to define the edges. These networks can be represented using 
symmetric matrices, which encode the adjacency or connectedness of the nodes. 

 

Tractography was performed using the tckgen command in MRtrix3. Fifteen million 

streamlines were generated by dynamic seeding in the whole brain using the FODs and a 

probabilistic algorithm (iFOD2) which performed second order integration over FODs. The step 

size was set to the default value of ½ the voxel size. The tract stopping criteria were also set to 

the defaults of 45° angular threshold for curving, minimum length of twice the voxel size, 

maximum length of 100 times the voxel size. The FOD amplitude cut off was set to 0.05. The 

tcksift2 algorithm from MRtrix3 was used to filter the streamlines and compute the weights for 

each of the streamlines used in computing the final edge weights in the networks. Fiber density 

estimates were heuristically shrunk based on the presence of gray matter using the 

fd_scale_gm option for tcksift2. The spherical-deconvolution informed filtering of tractograms 

(SIFT) proportionality constant 𝜇 was also saved, which is used to scale the network adjacency 

matrices. These networks can be represented using symmetric matrices, which encode the 

adjacency or connectedness of the nodes. The edge weights in the networks represent cross-

sectional areas (CSA) of the fiber bundles connecting pairs of regions/nodes. The CSA of a 

bundle of white matter fiber tracts is defined as the total sum of the iteratively optimized weights 

that represent the fidelity of fiber tracts compared to the measured diffusion signal. This 

optimization process represents a “semi-global” approach for tractography based connectivity 

estimation that takes into account the whole brain tractography and the local voxel level 

consistency between tracts passing through the voxel and the apparent fiber density estimated 

from the FOD within the voxel. This approach enables improved quantitative comparison of 
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connectivity between different regions as well as between different subjects in a study and can 

thus give a “metric” for comparing connectivity estimates in statistical analysis and thus enable 

more reliable directionality of the results. 

To account for the DV25 to DV26, a major software of the GE MR scanner, which also 

included a change from sagittal to axial acquisition, parametric data harmonization using 

neuroComBat (121) of the connectivity matrices was employed. NeuroComBat harmonization 

“combats the batch/protocol effects” by accounting for additive (on the bias) and multiplicative 

(on the variance) effects of the scanner software and slice direction in acquisition on 

connectivity outcomes using a linear model by preserving group, age, and sex effects. These 

correction effects are the expected values of the empirically estimated Bayesian prior 

distributions either parametrically via Expectation Maximization or non-parametrically via 

importance sampling. Such a prior based approach is robust when there are small sample sizes 

per each protocol. Supplementary Figure S1 illustrates the effects of harmonization on the 

adjacency matrices (edge weights) before permutation testing. 

The resulting harmonized connectographs were fed into the threshold free network-

based statistics (TFNBS) described in Figure 2. General linear modeling (GLM) generated 

statistic graphs from connectographs, which were thresholded to cluster the nodes (70). The 

product of the size and maximum of the clusters were summed across the thresholds to obtain 

threshold free cluster enhanced statistic graphs. Permutation testing with 5000 permutations 

was used to obtain null distributions for each connection or the maximum across the 

connections. Comparing each connection in the unthresholded statistic graph with 1) max-null, 

or 2) connection specific null resulted in family-wise error corrected or uncorrected p-value 

graphs respectively. SNR differences between DWI acquisition protocols can cause biases, but 

the SNR was good enough to reasonably estimate the shift and scale effects. 

 Altogether, these methods took advantage of the precision offered by connectome 

quality multi-band ms-dMRI in reconstructing the network representations of the brain (149-
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152). Statistically significant results at p ≤ 0.05 (uncorrected and corrected) are reported via 

white matter tract CSA. Age and sex represented nuisance variables in the GLM. 

 

 

 

 

 
 
Figure 2. Overview of threshold free network-based statistics (TFNBS). General linear modeling is 
used to get a statistic graph from connectographs. The statistic graph is thresholded at different thresholds 
to cluster the nodes. The product of size and max of the clusters are summed across the different thresholds 
to obtain threshold free cluster enhanced (TFCE) statistic graph. That is 𝑇𝐹𝐶𝐸(𝑐𝑙𝑢𝑠𝑡𝑒𝑟, 𝐸, 𝐻) =
3 𝑠𝑖𝑧𝑒(𝑡)! ×max(𝑡)"#$%&'(#)*+,)

#$%-.(#)*+,) , where 𝐸 tunes the influence of cluster size or extent, and 𝐻 tunes the 
influence of cluster max or height. The null distribution of TFCE values can be obtained for each connection 
or maximum across the connections (max-null) using permutation testing. Comparing each connection in 
the unthresholded statistic graph with (1) max-null or (2) connection specific null, results in family wise error 
corrected or uncorrected p-value graphs respectively. 
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Neighborhood Disadvantage 
 

We examined the association between the ADI and multi-shell connectome diffusion 

weighted MRI measurements. The ADI uses American Community Survey (ACS) Five Year 

Estimates in its construction. For example, the 2018 ADI used the ACS data for 2018, which is a 

5-year average of ACS data obtained from 2014-2018 (137). This window corresponds well with 

the timeframe for the current TLE and control sample (March 2016 to December 2018). Please 

also see https://www.neighborhoodatlas.medicine.wisc.edu/. 

The ADI uses 17 US Census-based indicators to characterize socioeconomic disparities 

via census block groups based on zip codes. The metrics encompass measures of income, 

education, employment status, housing quality, access to health care resources, and other 

factors. The full list of ADI indicators has been presented previously in open-access publications 

(137, 153). Similar to comparable investigations, the distributions of census block group ADI 

scores of the TLE and control participants were grouped into quintiles from 1 to 5 based on 

Wisconsin statewide distributions (153, 154). A higher ADI indicates more disadvantage with the 

5th quintile signifying the most disadvantaged neighborhoods and the 1st quintile score indicating 

the least disadvantaged neighborhoods. 

The distribution of participants across ADI quintiles was uneven with some quintiles 

containing small number of participants. To maximize sample size for disadvantage 

assessment, ADI quintiles 1 and 2 were combined to reflect participants residing in less 

disadvantaged neighborhoods and ADI quintiles 4 and 5 were combined to reflect participants 

residing in the most disadvantaged areas, omitting the small number of participants in quintile 3 

which was neither advantaged nor disadvantaged. Table 1 summarizes the ADI grouping and 

basic participant demographics. Subsequent sensitivity analyses directly compared the ADI 

extremes of quintile 1 (least disadvantaged group) to quintile 5 (most disadvantaged group).  
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Groups TLE Low 

Disadvantage 
(Quintiles 1+2) 

TLE High 
Disadvantage 
(Quintiles 4+5) 

HC Low 
Disadvantage 
(Quintiles 1+2) 

HC High 
Disadvantage 
(Quintiles 4+5) 

N 47 27 32 13 

Male/Female 18/29 11/16 16/16 7/6 

Mean Age 39.7 ± 11.51 37.7 ± 11.68 33.5 ± 9.91 28.0 ± 5.82 

Educationa,b,c  
(Years) 

15.75 ± 2.83 13.37 ± 2.20 16.81 ± 2.72 14.86 ± 2.75 

Raced,e,f 

(W/B/A/NA/O) 
 

44/1/1/1/0 
 

23/1/0/1/2 
 

26/0/3/3/0 
 

9/1/1/2/0 
Age of Epilepsy 
Onsetg (Years) 

22.31 ± 13.46 23.16 ± 15.76 - - 

Disease Durationh 
(Years) 

17.45 ± 13.25 15.99 ± 14.55 - - 

# of ASMsi 1.49 ± 0.93 2.15 ± 0.95 - - 

Frequency of 
Seizuresj (# 
seizures per 

month) 

4.43 ± 9.26 8.17 ± 13.04 - - 

Seizure 
Lateralizationk 

(L/R/Bi/U) 

 
21/11/5/10 

 
18/4/2/3 

 
- 

 
- 

 
W, White; B, Black; A, Asian; NA, Native American; O, other; L, left; R, right; Bi, bilateral; U, unknown. 
 
a Significantly different between TLE low disadvantage and TLE high disadvantage (p=0.000332) 
b No significant group differences between TLE low disadvantage and HC low disadvantage (p=0.098) 
c No significant group differences between TLE high disadvantage and HC high disadvantage (p=0.056) 
d No significant group differences between TLE low disadvantage and TLE high disadvantage (p=0.34) 
e No significant group differences between TLE low disadvantage and HC low disadvantage (p=0.29) 
f No significant group differences between TLE high disadvantage and HC high disadvantage (p=0.27) 
g No significant group differences between TLE low disadvantage and TLE high disadvantage (p=0.81) 
h No significant group differences between TLE low disadvantage and TLE high disadvantage (p=0.68) 
i Significantly different between TLE low disadvantage and TLE high disadvantage (p=0.005) 
j No significant group differences between TLE low disadvantage and TLE high disadvantage (p=0.17) 
k No significant group differences between TLE low disadvantage and TLE high disadvantage (p=0.33) 
 
Table 1. Participant Sociodemographic and Clinical Characteristics 

 

Data Availability Statement 
 

Datasets from the ECP will be released via the Connectome Coordination Facility (CCF) 

established at the Washington University in St. Louis. The CCF will become the long-term 
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repository for the de-identified data and release at the earliest feasible time. Preprocessed DWI 

data are available from the senior author upon reasonable request. Associated scripts for data 

processing and analysis will be posted to GitHub upon publication of the manuscript. 

 
Results 
 
Demographics of Study Participants 
 

Multi-shell DWI connectome data were collected from 119 participants including 74 TLE 

patients (29 males, mean age = 39.28 ± 11.71 years) and 45 HCs (23 males, mean age = 31.87 

± 10.14 years) ranging from ages 18 to 60. Initially, the ECP contained 174 participants with 120 

TLE patients and 54 HCs. Supplementary Figure S2 illustrates the study further exclusionary 

workflow of participants with missing DWI data, residential addresses needed for ADI indexing, 

and participants with ADI quintile score of 3. Participant sociodemographic and clinical 

characteristics are provided in Table 1. The more disadvantaged group (quintiles 4 and 5) 

contained 40 participants, 27 with TLE and 13 HCs. The less disadvantaged group (quintiles 1 

and 2) contained 79 total participants, 47 with TLE and 32 HCs.  

Association of Neighborhood-Level Disadvantage with Diffusion Weighted Connectome 
 

The IIT Destrieux gray matter atlas was used to derive the structural connectivity 

matrices of 162 x 162 nodes or edges originating from and organized into five cortical regions: 

frontal, occipital, parietal, temporal, and subcortical. The summary relationship between ADI and 

DWI connectome abnormalities is illustrated in Figure 3. As noted, quintiles 4 and 5 represent 

the more disadvantaged group and quintiles 1 and 2 represent the less disadvantaged. The age 

and sex-adjusted CSA was analyzed as a measure of structural integrity of the white matter 

tract connectome and the significant number of connections were reported for both corrected 

and uncorrected results. The two-way interaction analyses demonstrates significant differences 

via decreased CSA when comparing less disadvantaged TLE groups to more disadvantaged 
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HC groups (Figure 3a), and widespread and enhanced significant differences via decreased 

CSA when comparing more disadvantaged TLE vs. less disadvantaged HC groups (Figure 3b). 

The corrected results comparing the more versus less disadvantaged TLE groups (Figure 3c) 

revealed trend level differences (p<0.10). The uncorrected results demonstrated a significantly 

decreased number of connections (decreasing CSA) in the more compared to less 

disadvantaged TLE group (Figure 3c). Moreover, the more disadvantaged TLE group also 

exhibited a significantly greater number of abnormal connections (lower CSA) compared to the 

more disadvantaged HCs after correction (Figure 3d). For the disadvantaged TLE group the 

majority of abnormal connections involved edges originating from the frontal lobe to other 

cortical and subcortical regions. Similarly, the less disadvantaged TLE group also demonstrated 

abnormal connections, albeit fewer, via decreased CSA compared to the less disadvantaged 

HC group (Figure 3e). Altogether, results from figures 3b and 3c demonstrate a general impact 

of epilepsy on the DWI connectome. Figure 3f shows one increased CSA connection in the 

frontal to parietal between in the disadvantaged HC group when compared to the non-

disadvantaged HC group. 
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Figure 3. Summary of Area Deprivation Index and its Association with White Matter Connectome 
Abnormalities in TLE Patients. a) The less disadvantaged TLE group showcases four significant 
differences compared to more disadvantaged HC group via decreased CSA. b) The more disadvantaged 
TLE group demonstrates enhanced differences when compared to less disadvantaged HC group via 
decreased CSA. c) The more disadvantaged and less disadvantaged ADI TLE groups exhibit white matter 
structural abnormality reflected by lower CSA across all analyses only within the uncorrected results. Thus, 
the differences appear to be modest and trend-level and will likely require bigger sample sizes. d) The more 
disadvantaged population of the TLE vs. HC demonstrates more enhanced and pronounced differences in 
the disadvantaged TLE when compared to the disadvantaged HCs via decreased CSA, suggesting a 
general impact of epilepsy. For TLE patients with upper ADI, the majority of the abnormal connectivities 
involve edges from frontal lobe and other regions. e) The less disadvantaged population of the TLE vs. HC 
shows similar, but fewer differences via decreased CSA compared to the more disadvantaged TLE vs. 
more disadvantaged HC. f) The more disadvantaged population of HC vs. less disadvantage) HC group 
shows one significant corrected white matter abnormality via increased CSA in the frontal to parietal region, 
likely due to noise due to effect size. CSA = cross-sectional area of the white matter. 

 

Figure 4 presents a representative uncorrected white matter connectome CSA association 

showing that more disadvantaged TLE patients exhibited significantly lower white matter tract age 

and sex-adjusted expected CSA compared the less disadvantaged TLE group. Similarly, 

Supplementary Figure S3 and Supplementary Figure S4 provide representative corrected white 

matter connectome CSA association comparing more disadvantaged TLE vs. HC and less 

disadvantaged TLE vs. HC respectively. These figures also demonstrate the consistently reduced 

age and sex-adjusted expected CSA in TLE compared to HC. Permutation testing with 5000 

permutations was used to correct for multiple comparisons by generating the null distribution of max-

statistics.
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Figure 4. Representative Less Disadvantaged TLE vs. More Disadvantaged TLE ADI Analyses. 
Depicted are 16 representative analyses showing less disadvantaged ADI TLE patients vs. more 
disadvantaged TLE patients. The results indicate that TLE patients who are more disadvantaged exhibit 
lower white matter tract age and sex adjusted expected CSA when compared to those who are less 
disadvantaged. The originating nodes and region locations are noted above each box plot. Lower = less 
disadvantaged ADI groups; Upper = more disadvantaged ADI groups; CSA = cross-sectional area of the 
white matter. 

 

Sensitivity Analysis of Neighborhood-Level Disadvantage with Diffusion Weighted 

Connectome 

Figure 5 depicts the results of the sensitivity analysis limited to the extreme ADI quintile 

groups (quintile 1 vs. quintile 5). After correction, the more disadvantaged compared to less 

disadvantaged TLE group (Figure 5a) demonstrated significantly decreased age and sex-
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adjusted CSA involving edges from the temporal to parietal regions and the temporal to occipital 

regions. Additionally, the more disadvantaged TLE patients demonstrated significantly more 

abnormalities compared to the more disadvantaged HCs (Figure 5b) via decreased CSA across 

the whole-brain with the highest number of connections involving edges in frontal to frontal, 

frontal to parietal, and frontal to temporal. The less disadvantaged TLE group compared to the 

less disadvantaged HC group (Figure 5c) also has fewer differences when compared to more 

disadvantaged counterparts with widespread decreased CSA in the uncorrected analysis and 

two connections after correction in the temporal to subcortical and parietal to subcortical 

regions. However, there is also one connection with increased CSA in the parietal to temporal 

region. When comparing the most disadvantaged to the least disadvantaged HCs, white matter 

tracts exhibit increased CSA globally (Figure 5d). 
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Figure 5. Sensitivity Analysis of Area Deprivation Index and its Association with White Matter 
Connectome Abnormalities in TLE Patients. The quintile extremes of the most disadvantaged group was 
compared to the least disadvantaged ADI group for these sensitivity analyses. a) The most disadvantaged 
ADI TLE exhibited white matter structural abnormality reflected by lower CSA when compared to least 
disadvantaged ADI TLE group. This sensitivity analysis showcases that more disadvantaged TLE patients 
did have significant abnormal white matter structure and connectivity compared to the least disadvantaged, 
especially of the tracts in the temporal to occipital and temporal to parietal regions. b) The most 
disadvantaged population of the TLE vs. HC demonstrate pronounced differences in the disadvantaged 
TLE when compared to the disadvantaged HCs. c) The less disadvantaged population of the TLE vs. HC 
shows similar, but fewer differences via decreased CSA compared to the most disadvantaged TLE vs. most 
disadvantaged HC and one difference via increased CSA. d) The more disadvantaged population of HC 
vs. less disadvantaged HC group shows a more pronounced effect from Figure 3D via increased CSA 
differences across the whole brain. CSA = cross-sectional area of the white matter. 
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Discussion 

This study investigated the relationship between a geospatial metric of neighborhood 

disadvantage (ADI) and white matter integrity assessed by multi-shell connectome DWI data 

and graph theory analyses. While previous studies have predominantly addressed whether and 

how disparities impact seizure management and outcomes (138), here we extend the inquiry of 

neighborhood-level disadvantage to its association with white matter connectivity and structure 

by means of connectome DWI and graph theory analysis.  

Sociodemographic and Clinical Variables of ECP Participants 
 

In summary of Table 1, the only significant clinical variable group differences that was 

found between low and high disadvantage TLE groups was the number of ASM, where the high 

disadvantage TLE group had a significantly higher number of ASMs. All other epilepsy 

measures investigated exhibited no significant group differences between low and high 

disadvantage including mean age of epilepsy onset, mean disease duration, frequency of 

seizures per month, and seizure lateralization. The greater number of ASMs in the high 

disadvantage group may infer a more complicated and difficult epilepsy course, although 

caution is indicated given challenges to such a view. A recent study reported that clinical 

markers of epilepsy severity were only marginally associated with drug load (155) and that 

patients seem to accumulate drugs due to the chronicity of epilepsy. Overall, the drug load 

remained largely unexplained. The findings nevertheless call for scrutinizing multidrug therapies 

in patients with long-lasting epilepsies.  

There were no significant racial/ethnic group differences between TLE low disadvantage 

vs. TLE high disadvantage, TLE low disadvantage vs. HC low disadvantage, or TLE high 

disadvantage vs. HC high disadvantage. For education, there were no significant differences 

between TLE low disadvantage vs HC low disadvantage and TLE high disadvantage vs HC high 
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disadvantage; however, there was a significant difference between TLE low disadvantage vs 

TLE high disadvantage showing that high disadvantaged group had fewer mean years of 

education compared to the low disadvantaged group. This is probably expected due to the that 

education is a metric encompassing 3 of the 17 census variables that the ADI captures (137). 

Neighborhood Disadvantage Association in TLE with Diffusion Weighted Connectome 

The findings illustrate associations between discrete white matter tract abnormalities and 

increased disadvantage as indexed by the ADI. Specifically, CSA was decreased within the 

more disadvantaged compared to less disadvantaged TLE group. While the initial corrected 

results were at trend level (Figure 3c), corrected sensitivity analyses of the ADI quintile extreme 

groups revealed significantly decreased CSA in the most compared to the least disadvantaged 

ADI group (Figure 5a). These analyses expand the understanding of deprivation effects in TLE 

which to date have focused on epilepsy incidence/prevalence, care and outcomes—to a 

reflection of the impact of ADI on brain health, specifically white matter integrity. Our sensitivity 

analysis revealed two significant connection differences reflected in decreased CSA in the 

edges within the temporal to parietal and temporal to occipital regions (Figure 5a). 

In addition, the findings also inform the more general impact of TLE on white matter 

health through findings demonstrating that even the low (and high) disadvantage TLE 

participants exhibited more white matter abnormality compared to both the low (and high) 

disadvantaged controls respectively, reflected in the decreased age and sex adjusted expected 

CSA in the disadvantaged TLE groups compared to their respective control groups (Figure 3d 

and 3e). Consistent with expectations based on the existing DTI literature, these findings 

indicate that TLE exerts a general adverse impact on DWI connectome status regardless of 

neighborhood adversity (144, 147). Furthermore, two-way interaction analyses demonstrating 

both ADI and TLE diagnoses impact shows that more disadvantaged TLE groups had 

widespread significant connections that exhibited decreased white matter CSA (Figure 3b), 

while less disadvantaged TLE group still showed four significant differences with decreased 
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CSA when compared to the more disadvantaged HC group (Figure 3a). These findings are 

consistent with the general notion that TLE is a network disorder involving regions beyond the 

epileptogenic zone, evidenced by aberrant white matter tracts with nodes originating from 

widespread regions of the brain, while providing some evidence that ADI may be associated 

and further contribute with white matter structural abnormalities.  

Specifically, previous literature on TLE structural connectome and white matter 

connectome reported notable reduced distant connectivity across several brain regions (144). 

Bonilha et al. (2015) showcased the valuable utility of the structural brain connectome in 

assessing TLE seizure outcomes after temporal lobectomy (67). Additionally, several studies 

have demonstrated the impact of the white matter connectome as a predictive biomarker of 

language, cognitive dysfunction, and memory impairment in TLE (127, 129, 146). The present 

study is the first to assess the association of neighborhood disadvantage as a function of ADI on 

the white matter connectome in TLE. 

While the field of neighborhood disadvantage research is growing, there is still limited 

existing literature across several disease states particularly within epilepsy. Given the identified 

enhanced network abnormalities in high disadvantage TLE participants, it could be anticipated 

that these network abnormalities may mediate salient cognitive and/or behavioral abnormalities 

in TLE. Further areas open for investigation include ADI’s relationship with cognition or potential 

behavioral complications, such as depression or anxiety, in epilepsy. 

Neighborhood Disadvantage in Other Populations 

Previous studies have linked ADI to outcomes in other populations. Boorgu et al (2022) 

reported an association between higher ADI and poorer neurological outcomes in a multi-center 

study of MS patients (156). Higher ADI (greater disadvantage) has also been associated with 

progression to dementia and cognitive decline as well as lower cerebral and hippocampal 

volume in cognitively unimpaired adults (153, 154, 157). In cognitively aging individuals, higher 

ADI has been linked with poorer performance on tests of executive function, verbal learning, 
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and memory (158). In typically developing youth, Rakesh et al (2021) found ADI to be 

associated with lower resting state functional connectivity both within and between networks 

such as the default mode, auditory, ventral attention networks in the adolescent brain (159). 

If the assessment of neighborhood disadvantage is extended to include measures other 

than ADI, additional studies highlight associations with numerous neurological conditions. Pase 

et al (2022) reported that better memory and lower dementia risk scores were correlated with 

less neighborhood disadvantage in the Australian Healthy Brain Project cohort (160). In 

addition, greater disadvantage has been associated with primary pathological features of AD 

including neurofibrillary tangles and amyloid plaques (161). In young adults, Bell et al (2021) 

utilized a very similar model to ADI found that neighborhood disadvantage based on census 

block groups was negatively correlated with quantitative anisotropy on DTI, suggesting that 

white matter microstructure disruptions were more prevalent in adults with lower SES (162). 

Neighborhood disadvantage has also been associated with a higher risk of incident ischemic 

stroke in white individuals (163). There are plethora of studies linking neighborhood 

disadvantage with significant correlations to various neurological disorders and findings suggest 

that socioeconomic factors may play a role in the development and adaptation of the human 

brain. 

Clinical Implications 

Understanding the relationship of geospatial metrics of neighborhood disadvantages as 

a risk indicator and its impact on epilepsy may inform proper care, treatment delivery, and policy 

for underserved and disadvantaged patients. The ADI metric of neighborhood disadvantage 

captures additional variables that many of the individual level measures do not in existing 

literature. Further investigation of neighborhood-level deprivation effects on white matter 

integrity may advance understanding of the network abnormalities that underlie cognitive and 

behavioral comorbidities of epilepsy. The present study highlights evidence of a relationship 

between high neighborhood disadvantage and aberrant white matter tract structure and 
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connectivity in TLE patients. Disadvantage information for patients is readily attainable using 

only the patients’ residential address (137). Thus, the accessibility of this information can serve 

as a meaningful tool for clinicians for decision making for disadvantaged patients and public 

health officials for policies aimed at reducing disparities for at-risk populations (137). 

Limitations and Future Directions 

This study has limitations. First, our sample size was modest within some ADI groups. 

Larger participant pools will provide greater power to detect statistical significance such as in 

the trends observed here. Second, this investigation was cross-sectional and prospective 

studies examining ADI associations with white-matter connectomes and other measures of 

brain integrity are essential to gain insight into the origin and progression of identified 

compromised brain integrity over time. Third, the ADI is composed of 17 census metrics from 

four categories and the relative explanatory power of these metrics and categories, as well as 

the comparative explanatory power of ADI compared to traditional clinical epilepsy variables 

(e.g., age of onset, laterality of TLE, antiseizure medication effects) on connectome status will 

be informative going forward. Fourth, the ADI is based on the participants’ current area of 

residence. Why (e.g., independent or reflective of social drift) and how the duration of exposure 

to disadvantage on brain integrity requires examination. Finally, it should be remembered that 

the ADI is a reflection of advantage/disadvantage within a geographic area reflected by zip 

code. There may be variation across individuals within any target geographic area. 

While the association reported here is provocative, establishing a causal link requires 

further work.  Social and environmental factors could affect epilepsy progression/severity and 

influence the risk of associated comorbidities including cognitive, academic and psychiatric 

complications. This could occur through multiple mechanisms including but not limited to a lack 

of access to quality medical care, increased exposure to pollutants and toxins, poor nutrition, 

increased stress, and many other well-known limitations inherent in disadvantaged areas. Thus, 

work to identify causal factor(s) and their modifiability will require much work. Conversely, the 
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direction of causality could include the so-called “social drift model” where known complications 

of epilepsy (e.g., decreased education, unemployment, depressed income, psychiatric 

comorbidity) could lead to life in disadvantaged neighborhoods.  These need not be mutually 

exclusive as some but not all patients could follow one of the two pathways. But again it is 

important to note that epilepsy has been found to be more prevalent among individuals in lower 

(more disadvantaged) socio-economic groups, independent of social drift and other known 

epilepsy risk factors (139, 140, 164). 

Challenges to understanding the underlying causal links may be mitigated in a study with 

a large sample size that investigates the longitudinal changes of neighborhood indexes in 

relation to epilepsy onset, but the causal link may still be difficult to establish as some epilepsy 

patients have a strong family history that may predispose them not only to the genetics of the 

illness but also degraded neighborhood indexes. 

Finally, while we focus here on disadvantage in human populations, an arguably relevant 

and important literature is that concerned with advantaged or enriched environments in animal 

populations. This longstanding highly developed literature has extended into epilepsy, 

demonstrating that antecedent exposure to enriched environments slows the development of 

epilepsy after an initial insult, and favorably modifies severity, course and associated 

comorbidities, including animal models of TLE as reviewed by Löscher and Stafstrom (2023) 

(165). The effects of environmental enrichment may affect the behavior of animals before, 

during, and after the induction of epilepsy. These effects have been observed in a variety of 

experimental models including chemoconvulsant-induced status epilepticus leading to chronic 

epilepsy, kindling, and mutant models. The favorable influences of environmental enrichment 

include reduced seizure frequency and progression, modification of circuit functions and 

plasticity, and reduction of anatomic alterations associated with repeated seizures (166). 

Findings that environment can impact many core features of experimental epilepsy is intriguing 

and arguably supports the general thesis that investigation of advantaged and in our case 
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disadvantaged environments in humans with epilepsy is an important path to pursue. 
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CHAPTER 5 
 

 
DISCUSSION 
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Of the 3.4 million patients with epilepsy in the United States, over 35% will be deemed 

intractable and fail to achieve adequate seizure control with anti-seizure medications (10, 167). 

Patients with focal epilepsy represent a significant proportion of those with intractable epilepsy 

and are associated with high risks of cognitive and psychosocial co-morbidities (19, 20). Other 

management include surgical intervention, neurostimulation, and ketogenic dietary therapy. 

Epilepsy surgery can offer seizure freedom in only half of the patient population, but commonly 

fail due to incomplete focus delineation and resection. 

Current methods in predicting the clinical course of medication or surgical treatment of 

focal epilepsies are inadequate. There are no reliable biomarkers that can currently predict 

disease progression, drug resistance, or the severity of cognitive and psychiatric comorbidities 

in patients with focal epilepsy. Therefore, work from this thesis strives to identify biomarker 

candidates via structural MRIs. Specifically this work characterized white matter microstructural 

abnormalities via DTI and the whole brain white matter connectivity networks via DWI 

connectome of patients with focal epilepsies. Our datasets included the clinical FCD patients 

and ECP TLE patients; both datasets are clinically representative demonstrating phenotypical 

heterogeneity in the general population of their respective disease states. 

Diffusion Tensor Imaging Microstructural Abnormalities 

Chapter 2 investigated white matter tract changes associated with childhood onset focal 

epilepsy secondary to FCD and were associated with neurocognitive dysfunction. We 

investigated white matter tract microstructural differences between patients with epilepsy 

secondary to FCD and typically developing (TD) healthy controls with respect to fractional 

anisotropy (FA), mean diffusivity (MD), and radial diffusivity (RD) indices, using rigorous 

preprocessing techniques. Furthermore, the study applies data harmonization via ComBat to 

eliminate methodological constraints, such as differences in DTI scanning parameters, to reveal 

true biological differences. Results demonstrated widespread microstructural alterations in white 
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matter tracts depicted by decreased FA, and increased diffusivities MD and RD across 

statistically significant clusters. Data harmonization was impactful for analyzing heterogenous 

clinical datasets, through adjustment of parameter differences, thereby highlighting underlying 

biological differences. Consistent with previous literature (109), FA reductions were most 

prominent in forceps minor, implicated in executive function, and the superior longitudinal 

fasciculus, involved in language processing. Additionally, MD and RD results revealed 

significant increases within these same tracts, giving further evidence of its abnormalities in our 

FCD cohort. While few studies have explored FCD-associated white matter region correlations 

with increases in MD and RD, DTI studies have well-documented evidence of significantly 

higher diffusivity in regions that are concordant with our study findings including the uncinate 

fasciculus, the inferior fronto-occipital fasciculus, and the inferior longitudinal fasciculus (104). 

White Matter Connectome Network Abnormalities 

Chapter 3 and 4 characterized the global white matter connectome abnormalities in 

patients with TLE of the whole brain, and associated TLE white matter connectome findings with 

neighborhood deprivation via ADI, respectively. Our study is the first large-scale TLE DWI 

connectome study providing connectome quality multi-shell DWI data with reverse phase 

encoded pair of acquisitions. This study employed TFNBS, a local approach offered by TFNBS 

is complementary to the global approach offered by graph theoretic measures and offer spatially 

specific biological interpretations. Our results highlighted that global analysis of the white matter 

connectome differences between TLE patients and HCs reveal 97 significant connections after 

statistical correction with widespread reductions in TLE CSA. The top aberrant edges originate 

from frontal to frontal, frontal to temporal, frontal to parietal, and temporal to parietal regions. 

Furthermore, this study showcased modest and trend-level differences in white matter 

connectome between TLE patients with a history of FBTC seizures vs. those who never had a 

FBTC seizure. The uncorrected results do demonstrate that overall, the FBTC group had 

decreased CSA when compared to the non-FBTC group but did not survive multiple 



92 
 

comparisons correction.  

Chapter 4 investigated the relationship between a geospatial metric of neighborhood 

disadvantage (AD) and white matter network connectivity assessed by multi-shell connectome 

DWI data and graph theory analyses. The findings illustrate associations between discrete white 

matter tract abnormalities and increased disadvantage as indexed by the ADI. Specifically, CSA 

was decreased within the more disadvantaged compared to less disadvantaged TLE group. 

While the initial corrected results were at trend level, corrected sensitivity analyses of the ADI 

quintile extreme groups revealed significantly decreased CSA in the most compared to the least 

disadvantaged ADI group. These analyses expand the understanding of deprivation effects in 

TLE which to date have focused on epilepsy incidence/prevalence, care and outcomes—to a 

reflection of the impact of ADI on brain health, specifically white matter integrity. Our sensitivity 

analysis revealed two significant connection differences reflected in decreased CSA in the 

edges within the temporal to parietal and temporal to occipital regions. Importantly, the findings 

also inform the more general impact of TLE on white matter health through findings 

demonstrating that both low and high disadvantage TLE participants showcased more white 

matter abnormalities compared to both the low (and high) disadvantaged controls respectively, 

reflect in the decreased age and sex adjusted expected CSA in the disadvantaged TLE groups 

compared to their respective control groups. Consistent with expectations based on the existing 

DTI literature, these findings indicate that TLE exerts a general adverse impact on DWI 

connectome status regardless of neighborhood adversity (144, 147). Furthermore, two-way 

interaction analyses demonstrating both ADI and TLE diagnoses impact shows that more 

disadvantaged TLE groups had widespread significant connections that exhibited decreased 

white matter CSA, while less disadvantaged TLE group still showed four significant differences 

with decreased CSA when compared to the more disadvantaged HC group. These findings are 

consistent with the general notion that TLE is a network disorder involving regions beyond the 

epileptogenic zone, evidenced by aberrant white matter tracts with nodes originating from 
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widespread regions of the brain, while providing some evidence that ADI may be associated 

and further contribute with white matter structural abnormalities.  

Neurocognitive Association in Focal Epilepsies 

In Chapter 2, white matter microstructural changes (via FA, MD, and RD) were 

associated with neurocognitive dysfunction. Study participants took assessments with cognitive 

metrics including fluid reasoning index (FRI), visual spatial index (VSI), and verbal 

comprehension index (VCI). Our results found MD to have moderately negative correlations with 

VSI. RD was also negatively correlated with FRI and VSI. Lastly, FA was positively correlated 

with FRI and VSI.  These directionalities illustrate that decreased anisotropy and increased 

diffusivity are associated with lower cognitive scores, which is consistent with our hypothesis as 

increasing MD and RD (and decreasing FA) are indicative of aberrant structural integrity. 

Currently, there is minimal literature exploring these specific neuropsychological factors in FCD 

and DTI specifically, though a previous study has reported impaired neuropsychological function 

in children with non-lesional localization-related epilepsy associated with white matter 

abnormalities (111).   In addition, some specific regions we found correlated with lower FA and 

high MD and RD included regions that are important for memory processing, such as the 

uncinate fasciculus and the anterior thalamic radiation (102). Thus, investigations into executive 

function and memory in FCD will be beneficial to further correlate white matter tracts with 

abnormal DTI metrics. 

In Chapter 3, our study assessed cognitive impairment status with white matter 

connectome status in TLE patients. Results indicate that focal and generalized cognitive 

impairment showed very similar modest and trend-level associations with white matter 

connectome findings when compared to controls. In comparison to the no cognitive impairment 

group of TLE patients, both cognitively impaired TLE groups exhibited more than twice the 

number of significant tracts with decreased CSA. Existing literature on DTI-based white matter 

connectomics of TLE patients have highlighted abnormalities in language and memory. Firstly, 
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Kaestner et al. demonstrated that the structural connectome model was superior to models 

based on white matter microstructural or clinical features in predicting language impairment 

(127). Similarly, Munsell et al. showed that Boston Naming Test scores, a proxy for language 

performance, could be predicted using a model based on combined eigenvector node centrality 

(128). Network-based superficial white matter analyses have shown abnormalities in graph 

theory metrics, such as decreased global efficiency, in language and memory-impaired subjects 

(129). Structural network topology revealed increased characteristic path length in a subgroup 

of TLE patients with the most pronounced cognitive impairments across multiple domains 

including memory and verbal comprehension (116). Altogether along with our results, it is 

evident that graph theoretic characterization of the white matter connectome serves as a useful 

biomarker for cognitive impairment in TLE. Future studies should identify additional biomarkers 

that are needed to discriminate between focal vs. generalized cognitive impairment. 

Limitations and Future Directions 

The FCD study was limited to a modest sample size and precluded detailed analyses of 

specific subgroups based on lobar hemispheric distribution of FCD lesions or verification of FCD 

histological subtypes based on histopathological analysis. Thus, these subgroups may have 

intrinsic biological network variations that can potentially impact interpretation of TBSS-based 

analysis between FCD and control white matter microstructure differences. Our results did not 

provide. Causal etiology for the neurocognitive dysfunction that was observed in a significant 

proportion of FCD patients. It is also unclear whether changes were primarily related to the 

cortical dysplasia or are secondary due to changes of ongoing epilepsy or medication use. 

 The ECP DWI connectome study had several limitations. The sample size was modest 

for the cognitively impaired TLE patient analyses, so a future study with a greater number of 

participants will be beneficial to provide adequate power to the analysis. While there are some 

significant differences between the control and TLE group; however, our analyses corrected for 
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the effect of age. The ECP, which aims to understand phenotypical heterogeneity in the more 

general population of TLE, contains a more representative sample of TLE patients than typically 

investigated in surgical series, only a subset of participants (35%) thus underwent the gold 

standard of ictal monitoring. Future studies may scrutinize the laterality effects in a completely 

ictally monitored cohort, but such cases may capture mostly the severe end of the epilepsy 

spectrum and is deemed unrepresentative of the general population of TLE. One pervasive 

problem in the study of TLE is the underlying heterogeneity of the disease and the lack of a 

definitive gold standard for diagnosis. Even with the best tools available, most patients with 

bitemporal lobe epilepsy required 41.6 days of EEG monitoring to detect such bilateral seizures, 

and some may require up to one year (130). Thus, we can never be sure of a “definitive” seizure 

laterality and TLE diagnosis. Additionally, drastic limiting of participant selection results in its 

own type of selection bias where results may be questionably extrapolated to the representative 

and less complicated TLE patient. The purpose of the ECP was to get a cross-sectional 

sampling of patients with TLE defined in the typically clinical and pragmatic method with the 

help and oversight of epileptologists. 

The ECP DWI ADI study also has limitations. The sample size was modest within some 

ADI groups. Larger participant pools will provide greater power to detect statistical significance 

such as in the trends observed here. Second, this investigation was cross-sectional and 

prospective studies examining ADI associations with white-matter connectomes and other 

measures of brain integrity are essential to gain insight into the origin and progression of 

identified compromised brain integrity over time. Third, the ADI is composed of 17 census 

metrics from four categories and the relative explanatory power of these metrics and categories, 

as well as the comparative explanatory power of ADI compared to traditional clinical epilepsy 

variables (e.g., age of onset, laterality of TLE, antiseizure medication effects) on connectome 

status will be informative going forward. Fourth, the ADI is based on the participants’ current 

area of residence. Why (e.g., independent or reflective of social drift) and how the duration of 
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exposure to disadvantage on brain integrity requires examination. Finally, it should be 

remembered that the ADI is a reflection of advantage/disadvantage within a geographic area 

reflected by zip code. There may be variation across individuals within any target geographic 

area. Challenges to understanding the underlying causal links may be mitigated in a study with 

a large sample size that investigates the longitudinal changes of neighborhood indexes in 

relation to epilepsy onset, but the causal link may still be difficult to establish as some epilepsy 

patients have a strong family history that may predispose them not only to the genetics of the 

illness but also degraded neighborhood indexes. 

Conclusions 

 Taken together, this dissertation contributes to the understanding of the underlying 

structural white matter plasticity in patients with focal epilepsy and further substantiates the 

concept that TLE is a progressive network disorder involving ongoing neural plasticity induced 

by seizure activity. Both the TLE and FCD datasets comprise of a heterogeneous but clinically 

representative group of patients, with the goal of understanding phenotypic heterogeneity in the 

more general populations as opposed to the refractory or surgical cases. Through novel 

methods of data harmonization and TFNBS, we elucidated aberrant white matter differences in 

microstructure and integrity, as well as abnormalities in white matter network connectivity. We 

also correlated cognitive impairment with these measures, implicating that cognition is an 

integral component of epilepsy burden. Furthermore, we establish that patients with more 

neighborhood disadvantage, using the area deprivation index, are correlated with greater 

abnormalities in white matter connectivity, indicating that socioeconomic disparities must be 

accounted in terms of clinical management and care. The work outlined in this dissertation lays 

the foundation for many future experiments. Future resting-state fMRI studies elucidating the 

functional networks can be correlated with the white matter structural connectome findings. 

Furthermore, surface based cortical morphometry studies incorporating gyrification, sulcal 

depth, fractal dimensionality, gray matter volume, and cortical thickness can provide additional 
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structural insights into focal epilepsy plasticity, as well as surface-based connectome studies. 

Understanding the etiology, the pathophysiology, and the structural plasticity of the focal 

epileptic brain may serve to inform care, management, and policy for our patients.



98 
 

 
APPENDICES 
 

 
Appendices A – C 

 
 
 



99 
 

 
 
Appendix A 
 
 
Supplemental Materials for Chapter 2: 
 

Application of Data Harmonization and Tract-Based Spatial Statistics 

Reveals White Matter Structural Abnormalities in Pediatric Patients with 

Focal Cortical Dysplasia 

 

Supplemental Tables 2.1-2.3 

Supplemental Figures 2.1-2.4 
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DTI Measure Cluster 

# 
JHU White Matter Tractography Atlas Confidence (%) 

FA C15 Forceps minor (Fm) 64.125 

FA C19 Superior longitudinal fasciculus L (SLF-L) 43.533 

FA C21 Superior longitudinal fasciculus R (SLF-R) 40.383 

MD C12 Superior longitudinal fasciculus L (SLF-L) 62.185 

MD C5 Inferior fronto-occipital fasciculus L (IFOF-L) 52.333 

MD C7 Uncinate fasciculus L (UF-L) 41.500 

RD C20 Superior longitudinal fasciculus L (SLF-L) 71.333 

RD C21 Superior longitudinal fasciculus R (SLF-R) 46.571 

RD C11 Inferior fronto-occipital fasciculus L (IFOF-L) 42.000 

 
Supplementary Table 1. Representative statistically significant clusters with group differences. 
The membership of these clusters in neuroanatomically labeled tracts according to the JHU White Matter 
Tractography Atlas is shown ranked by the average probability of the membership. 
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DTI Metric Cognitive 

Indices 
Corrected vs. 

Uncorrected p value 
Harmonized vs. 

Original DTI 
Correlation 
Coefficient 

FA FRI Corrected Harmonized 0.67 
FA FRI Corrected Original 0.5 
FA VCI Uncorrected Harmonized 0.15 
FA VCI Uncorrected Original 0.32 
FA VSI Corrected Harmonized 0.59 
FA VSI Corrected Original 0.47 
MD FRI Uncorrected Harmonized 0.07 
MD FRI Uncorrected Original 0.05 
MD VSI Uncorrected Harmonized -0.49 
MD VSI Uncorrected Original -0.18 
RD FRI Uncorrected Harmonized -0.43 
RD FRI Uncorrected Original -0.31 
RD VCI Uncorrected Harmonized -0.05 
RD VCI Uncorrected Original 0.02 
RD VSI Uncorrected Harmonized -0.51 
RD VSI Uncorrected Original -0.36 

 
 
Supplementary Table 2. Neuropsychological testing correlations with DTI metrics. This table details 
the harmonized and original median correlation coefficients of associations of neuropsychological testing 
of FRI, VCI, and VSI with each DTI metric (FA, MD, and RD). Correlation between cognitive function and 
FA-FRI and FA-VSI respectively, survived multiple comparisons correction.  The other correlations are 
included to demonstrate trend-level relationships between cognitive function and individual DTI indices. 
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DTI 

Measure 
Cognitive 

Index 
Cluster # JHU White Matter Atlas 

Tractography 
Confidence 

(%) 
FA FRI C02 Superior longitudinal fasciculus R 45.42 

FA VCI C81 Superior longitudinal fasciculus L 69.90 

FA VSI C04 Superior longitudinal fasciculus R 43.76 

MD FRI C6 Forceps major 15.00 

MD VSI C31 Superior longitudinal fasciculus R 67.70 

RD FRI C69 Superior longitudinal fasciculus R 44.00 

RD VCI C12 Inferior fronto-occipital fasciculus R 54.50 

RD VSI C30 Anterior thalamic radiation R 37.67 

 
Supplementary Table 3. Representative statistically significant clusters with association with 
neuropsychological index measures. The membership of these clusters in neuroanatomically labeled 
tracts according to the JHU White Matter Tractography Atlas is shown ranked by the average probability 
of the membership.
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Supplementary Figure 1. Distributions of Offset/Shift/gamma and slope/scale/delta parameters 
estimated at each voxel for each protocol and DTI measure. Data from MR imaging protocols 2 and 3 
is visualized to shift and scale relatively more compared to that of MR imaging protocols 1 and 4. These 
shifts and scales are estimated such that the distributions of the measures from the different protocols 
align to a common distribution (similar to images being aligned to an unbiased population average). 
Differences in DTI include MRI field strength (1.5T vs. 3T vs. 3T-weighted), b-values (800 s · mm-2 vs. 
1000 s · mm-2), number of volumes (26 vs. 31 vs. 41) and number greater than b>0 (25 vs. 30 vs. 40). 
Please also see Supplementary Figure 4. 
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Supplementary Figure 2. Axial slices showing the shift and scale effects estimated for each of the DTI 
measures (FA, MD, RD) and each of the four protocols. Since the harmonization was performed on the 
data from the skeleton voxels of the white matter (pre-processing step in the tract based spatial statistics 
(TBSS)), the effects are shown for those voxels. Similar to the box plots in Supplementary Figure 1, we 
can observe that data from MRI protocols 2 and 3 get shifted and scaled relatively more compared to MRI 
protocols 1 and 4. We can also observe that for protocol 1 there are shifts in both directions (>0 and <0) 
across the voxels for FA, more so compared to the other protocols and measures. This pattern can also 
be observed in Supplementary Figure 3 (second column, first and third rows). 
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Supplementary Figure 3. Probability density plots for the bivariate distribution of shift (additive) and 
scale (multiplicative) effects estimated from data harmonization. The plots are shown for each of the DTI 
measures and the protocol. The no effect contour lines are shown in green. We can observe that the 
effects are bigger for protocols 2 and 3 and more so for MD and RD. 
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Supplementary Figure 4. Simulated data harmonization and protocol effects. 
To help provide a graphic illustration of the approach, we have developed an interactive R application 
(https://nadluru.shinyapps.io/harmonization_demo/) with simulated measurements and protocol effects 
with a setup of groups and protocols similar to that in the study. The figure illustrates distributions of 
measures for two groups with and without protocol (no protocol/pure) effects simulated with setup 
modeled after the present study. Harmonized data are shown using dashed lines and measured (non-
harmonized) data are shown using dotted lines. The median values are shown using vertical lines. The 
black dashed vertical line shows the median across the protocols. 
  
We can observe that the harmonization aligns the distributions from different protocols to a common one, 
as can be seen by black median line aligning with the other dashed medians as closely as possible while 
maintaining the group effect of interest. 
 
We can also observe, as can be seen by the gap between red and blue median lines, the group effect 
being maintained while protocol effects get normalized by harmonization.  
Users of this simulated R application can select different parameters, like the number of voxels, 
participants, mean and variance of the groups, the protocol effects and see the effect of those on the 
harmonization output.
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Appendix B 
 
 
 
Supplemental Materials for Chapter 3: 

Characterizing White Matter Connectome Abnormalities in Temporal Lobe 

Epilepsy Patients Using Threshold-Free Network-Based Statistics 

 
 
 
Supplemental Figures 3.1-3.4 
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Supplementary Figure 1. Pre and Post Data Harmonization. The distributions of the log-transformed 
edge weights (fiber bundle capacities) before and after the software update (from DV25 to DV26). We can 
notice that the data harmonization aligns the two distributions to a common distribution as evidenced by 
the aligned quantiles. 
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Supplementary Figure 2. Representative TLE with Focal Cognitive Impairment vs. HC White Matter 
Connectome Tract Cross Sectional Areas. Illustrated here are 16 representative analyses after multiple 
comparisons correction of TLE with focal cognitive impairment vs. HC DWI connectome abnormalities. 
The results indicate that TLE patients with focal cognitive impairment exhibit lower white matter tract age 
and sex adjusted expected CSA when compared to HCs. The originating nodes and region locations are 
noted above each box plot. TLE = temporal lobe epilepsy; HC = healthy control; DWI = diffusion weighted 
imaging; CSA = cross-sectional area of the white matter. 
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Supplementary Figure 3. Representative TLE with Generalized Cognitive Impairment vs. HC White 
Matter Connectome Tract Cross Sectional Areas. Illustrated here are 16 representative analyses after 
multiple comparisons correction of TLE with generalized cognitive impairment vs. HC DWI connectome 
abnormalities. The results indicate that TLE patients with generalized cognitive impairment exhibit lower 
white matter tract age and sex adjusted expected CSA when compared to HCs. The originating nodes 
and region locations are noted above each box plot. TLE = temporal lobe epilepsy; HC = healthy control; 
DWI = diffusion weighted imaging; CSA = cross-sectional area of the white matter.
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Supplementary Figure 4. Representative TLE with No Cognitive Improvement vs. HC White Matter 
Connectome Tract Cross Sectional Areas. Illustrated here are 16 representative analyses after multiple 
comparisons correction of TLE who are cognitively intact vs. HC DWI connectome abnormalities. The 
results indicate that TLE patients with no cognitive impairment exhibit lower white matter tract age and 
sex adjusted expected CSA when compared to HCs. The originating nodes and region locations are 
noted above each box plot. TLE = temporal lobe epilepsy; HC = healthy control; DWI = diffusion weighted 
imaging; CSA = cross-sectional area of the white matter. 
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Appendix C 
 

 
Supplemental Materials for Chapter 4: 

Association of Neighborhood Deprivation with White Matter Connectome 

Abnormalities in Temporal Lobe Epilepsy 

 
Supplemental Figures 4.1-4.4 
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Supplementary Figure S1. Pre and Post Data Harmonization. The distributions of the log-transformed 
edge weights (fiber bundle capacities) before and after the software update (from DV25 to DV26). We can 
notice that the data harmonization aligns the two distributions to a common distribution as evidenced by 
the aligned quantiles. 
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Supplementary Figure S2. Flowchart of patient inclusion and exclusion of the ECP DWI connectome 
study. UW-Madison = University of Wisconsin Madison, MCW = Medical College of Wisconsin, ECP = 
epilepsy connectome project, TLE = temporal lobe epilepsy, HC = healthy controls, DWI = diffusion 
weighted imaging. 
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Supplementary Figure S3. Representative More Disadvantaged TLE vs. More Disadvantaged HC ADI 
Analyses. Depicted are 16 representative corrected analyses showing upper (more disadvantaged) ADI 
TLE patients vs. upper (more disadvantaged) HC patients. The results indicate that TLE patients who are 
more disadvantaged exhibit significantly lower white matter tract age and sex adjusted expected CSA when 
compared HCs in the same ADI group. The originating nodes and region locations are identified above 
each box plot. Lower = less disadvantaged ADI groups; Upper = more disadvantaged ADI groups; CSA = 
cross-sectional area of the white matter. 
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Supplementary Figure S4. Representative Less Disadvantaged TLE vs. Less Disadvantaged HC ADI 
Analyses. Depicted are 2 corrected analyses showing lower (less disadvantaged) ADI TLE patients vs. 
lower (less disadvantaged) HC patients. The results indicate that TLE patients who are less disadvantaged 
exhibit significantly lower white matter tract age and sex adjusted expected CSA when compared to HC of 
the same ADI category. The originating nodes and region locations are identified above each box plot. 
Lower = less disadvantaged ADI groups; Upper = more disadvantaged ADI groups; CSA = cross-sectional 
area 
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