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Brain diffusion tensor imaging reveals altered connections and networks in epilepsy patients
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Introduction: Accumulating evidence shows that epilepsy is a disease caused by brain network dysfunction. This study explored changes in brain network structure in epilepsy patients based on graph analysis of diffusion tensor imaging data.

Methods: The brain structure networks of 42 healthy control individuals and 26 epilepsy patients were constructed. Using graph theory analysis, global and local network topology parameters of the brain structure network were calculated, and changes in global and local characteristics of the brain network in epilepsy patients were quantitatively analyzed.

Results: Compared with the healthy control group, the epilepsy patient group showed lower global efficiency, local efficiency, clustering coefficient, and a longer shortest path length. Both healthy control individuals and epilepsy patients showed small-world attributes, with no significant difference between groups. The epilepsy patient group showed lower nodal local efficiency and nodal clustering coefficient in the right olfactory cortex and right rectus and lower nodal degree centrality in the right olfactory cortex and the left paracentral lobular compared with the healthy control group. In addition, the epilepsy patient group showed a smaller fiber number of edges in specific regions of the frontal lobe, temporal lobe, and default mode network, indicating reduced connection strength.

Discussion: Epilepsy patients exhibited lower global and local brain network properties as well as reduced white matter fiber connectivity in key brain regions. These findings further support the idea that epilepsy is a brain network disorder.
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1. Introduction

Epilepsy is a brain function disorder caused by excessive discharge of neurons. Epilepsy patients often show neurological problems such as poor language ability, impaired memory, attention deficits, mental decline, and impaired executive function. Traditionally, the onset of epilepsy is believed to be due to electrical dysfunction. However, as brain regions work in coordination as a whole network, accumulating evidence indicates that epilepsy and other diseases of the central nervous system involve brain network dysfunction (Royer et al., 2022). In particular, numerous animal models and human experiments show that the cortical-subcortical network plays a crucial role in the propagation and behavioral manifestation of epilepsy (Bernhardt et al., 2015). How focal seizures spread to distant brain regions also suggests a link between brain network dysfunction and structural abnormalities (Chen et al., 2015). However, a complete understanding of the characteristics of the brain network in epilepsy requires further exploration.

The structural basis of the brain network is the connection of white matter fiber tracts across multiple functional brain regions (Posner et al., 2006). Diffusion tensor imaging (DTI) is a non-invasive magnetic resonance imaging (MRI) technique that provides information on the microstructural features of deep tissue in the living human brain. During the diffusion process, water molecules in myelinated nerve fibers show obvious directionality due to restriction of the myelin sheath (Konomi et al., 2012). Thus, DTI images enable observation of the fine structure of white matter that cannot be seen by MRI, allowing earlier and more sensitive detection of lesions, meeting the needs of auxiliary guidance for epilepsy surgery, and supporting investigations of the structural brain network and its role in cognitive dysfunction in epilepsy (Yao et al., 2018).

At present, the evaluation of complex structural brain networks is mainly based on graph theory, in which is the brain network transformed into nodes (i.e., cerebral gray matter areas) and links (i.e., white matter connections between the brain gray matter areas), and information processing and transmission properties of the network are measured through topological parameters (Mears and Pollard, 2016). Topological features of structural connections can intuitively describe complex brain networks and provide a new way to understand the healthy brain as well as brains with neuropathological changes (Ji et al., 2019). Multiple studies show that changes in brain DTI parameters are associated with the degree of clinical deficits in epilepsy patients (A Yassine et al., 2018). In addition, other studies conclude that changes in network topological parameters imply various types of abnormalities in structural connectivity in epilepsy patients (Liu et al., 2014). These findings confirm the close association between epilepsy patient dysfunction and structural changes in the brain, which are likely to affect information transmission pathways in the brain network.

Hub nodes, which are highly connected regions in the brain network that can be identified by graph theoretical approaches, play a central role in integrating and rapidly transmitting information with minimal energy cost (Bullmore and Sporns, 2009). These hub nodes increase the brain’s integrative capacity through their high connectivity, short neuronal pathways, and high centrality (Sporns, 2014). However, few studies have investigated hub node reorganization within subcortical structures in epilepsy (Mears and Pollard, 2016). Thus, network topology parameters require further study to more comprehensively characterize the brain network of epilepsy patients.

In this study, we constructed a structural brain network based on DTI and the fiber tract tracking method, calculated network topology parameters of the whole-brain network and local brain areas, quantitatively analyzed global and local network characteristics, and evaluated changes in the microstructure of the brain in epilepsy patients and healthy control individuals. The purpose of this project is to explore the microstructure changes of epilepsy patients, so as to further explore the potential pathophysiological changes in epilepsy and provide basis for early diagnosis.



2. Materials and methods


2.1. Participants

A total of 26 epilepsy patients and 42 healthy control individuals were recruited randomly from the Epilepsy Clinic of Suzhou Municipal Hospital from June 2018 to April 2022. Epilepsy patients with different seizure types are included, such as simple partial seizures, complex partial seizures and generalized seizures. All patients underwent standard clinical assessment, including detailed seizure history, neurological examination, neuropsychological assessment, standard and video-electroencephalography (EEG) evaluation, and brain MRI. Patients were included if they: (1) met the 2015 International League Against Epilepsy diagnostic criteria for epilepsy, (2) had an intelligence level sufficient to understand and complete the various scales employed in the study, (3) were 22–65 years old, and (4) agreed to participate in the study. Patients were excluded if they: (1) had severe blood system disease; heart, liver, or kidney dysfunction; tumors; thyroid dysfunction; or organ transplantation or (2) had obvious developmental delay, inability to cooperate, mental illness, or traumatic brain injury. The healthy control group consisted of 42 healthy volunteers matched on age and mean number of educational years. No healthy control individual had a history of significant medical, neurological, or psychiatric disorders. To avoid any confounding effects on cognition, all participants were assessed using the Mini-Mental State Examination (MMSE), Hamilton Anxiety Rating Scale (HAM-A), and Hamilton Depression Scale (HAMD-17).

The efficacy analysis was performed by using R language pwr package t-test. The sample size of the control group is 42, and the sample size of the epilepsy group is 26, α = 0.05, according to the pre-test study, it was found that the two groups of global efficiency d = 0.75, and power = 84.17% was calculated.

This study was approved by the ethics committee of Suzhou Municipal Hospital, an affiliated hospital of Nanjing Medical University (Ethical review No. K–2022–050–K01; Date of ethical review, March 10, 2022). All participants were right-handed and provided informed consent prior to the study.



2.2. Image acquisition

Diffusion tensor imaging data were obtained on a 3.0-Tesla MRI scanner (GE DISCOVERY MR750). Scanning was performed with participants in a supine position with their head fixed while awake with their eyes closed. A high-resolution structural image was acquired for each participant with a whole-brain T1-weighted scan (TR/TE = 2,300/2.98 ms, flip angle = 9°, slice thickness = 1.10 mm (no gap), field of view = 248 × 248 mm, matrix = 248 × 256) for spatial brain normalization. The structural map was screened by imaging staff with at least 10 years of experience, and participants with obvious intracranial organic lesions were excluded from further study.

All participants also underwent DTI to obtain data suitable for graph theoretical analysis. DTI data were acquired using spin-echo single-shot echo-planar pulse sequences with the following parameters: TR/TE = 5,400/93 ms, flip angle = 90°, field of view = 220 × 220 mm, slice thickness = 4 mm (no gap), matrix = 122 × 122, and b = 1,000 s/mm2. Diffusion gradients were applied in 30 different non-linear directions. Raw DTI image files were transferred from the scanner to a computer. All image acquisitions were performed using the same scanner by trained technicians. All the subjects were conscious during the examination.



2.3. Data pre-processing

Diffusion tensor imaging data were preprocessed using the Pipeline for Analyzing braiN Diffusion imAges (PANDA) toolkit (Cui et al., 2013) in MATLAB including the following steps: converting DICOM image files into NIfTI format, estimating the whole-brain mask, and performing eddy current and head motion corrections. Calculation of eddy current and head motion corrections was performed by applying an affine alignment of the diffusion-weighted images to b0 images using tFMRIB (FMRIB’s Software Library, FSL Diffusion Toolbox, version 5.0)1.



2.4. Construction of brain networks

Nodes and edges are the two basic elements of a network. In this study, each participant’s white matter structural network was constructed by defining the network’s nodes and edges. When the PANDA toolkit performs deterministic white matter fiber tracing of diffusion tensor data, the brain is divided into 90 regions that serve as nodes in the brain network, and the white matter fiber tracts connecting these nodes are considered edges. To define network nodes, individual T1-weighted images were non-linearly registered to the standard space using the PANDA toolkit to obtain the inverse transform T-1, which was then applied to the selected template to obtain 90 brain regions based on the Automated Anatomic Labeling-90 (AAL-90) Atlas (Tzourio-Mazoyer et al., 2002). The fiber assignment by continuous tracking (FACT) algorithm was used for deterministic fiber tracking in PANDA. The tracking of each fiber stopped when the deflection angle exceeded 45° or the fractional anisotropy value was <0.2. To avoid false-positive results, we kept only those fiber connections that existed in >80% of participants and had a fiber number of ≥3 (Shu et al., 2011).



2.5. Graph theory analysis

Calculation and statistical analysis of whole-brain and local-regional graph theoretic indicators were performed using Gretna software on the MATLAB platform.2 After setting the fiber number threshold to 3 (if the fiber network was ≥3, the edge connecting weight was set to 1; otherwise, it was set to 0), we built a binary network and then calculated various graph theory indicators.


2.5.1. Global network properties

Global network properties included the following measures:

Global efficiency (Eglobal) is the reciprocal average of the shortest path length of all paths between each pair of nodes in the entire network. This measure indicates the information transmission ability between nodes in the network. The shorter the shortest path length, the higher the global efficiency of the network, and the faster the speed of information transfer between nodes. The formula is as follows:
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where N represents the number of nodes, and dij represents the distance between node i and node j.

Local efficiency (Elocal) is the global efficiency of each sub-network Gi. This measure indicates the information transmission capability of nodes in the network. The formula is as follows:
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Clustering coefficient (Ci) is the ratio of the number of edges between other nodes directly connected to a node in the network to the maximum possible number of edges among these other nodes. This measure indicates the degree of groupization of the network. The formula is as follows:
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where Ei represents the number of edges between other nodes directly connected to node i, and ki represents the degree of connectivity of node i. ki (ki-1)/2 is the maximum number of connected edges of other nodes. It can be seen from the formula that Ci measures the grouping degree of the node.

Shortest path length (Lp) is the average of the shortest paths from a node to all other nodes in the network (Shah et al., 2017). The formula is as follows:
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where Li,j represents the shortest path between node i and node j. This measure indicates how tightly the network is connected.

A small-world network is a network model with a high clustering coefficient, similar to a regular network, as well as a short shortest path length, similar to a random network. The small-world property is measured by σ = λ/γ, where σ is defined by the clustering coefficient (Cp) and the shortest path length (Lp). A network is considered to have small-world properties when the network clustering coefficient Creal is greater than the random network clustering coefficient Crandom (γ = Creal/Crandom, γ > 1), when path length Lreal is equal to the random network path length Lrandom (λ = Lreal/Lrandom, λ≈1), or when σ = λ/γ > 1. Crandom is the average clustering coefficient of 500 random networks, and Lrandom is the average shortest path length of 500 random networks.



2.5.2. Node properties

Node properties included the following measures:

The global efficiency of node i (Eglob_i) measures the ability of node i to transmit information across the network. The formula is as follows:
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where Li,j represents the shortest node i path between and node j. The larger Eglob_i, the faster the information transmission between node i and other nodes.

The local efficiency of node i (Eloc_i) measures the compactness of a small network composed of nodes adjacent to node i. The formula is as follows:
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where Gi represents the sub-network composed of other nodes directly connected to node i, NGi is the total number of nodes in the sub-network, and Lj,k represents the shortest path between node j and node k.

Node degree centrality (Ki) is the number of edges that node i shares with other nodes in the network. The formula is as follows:
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This measure indicates the importance of a single node in the network.

Betweenness centrality [Nbc (i)] is the number of paths passing through a node that are part of the shortest paths between all other pairs of nodes in the entire network. The formula is as follows:

[image: image]

where δjk represents the number of shortest paths between any two nodes except node i in the connection network and δjk (i) is the number of paths passing through node i that are part of the shortest path between any two other nodes. This measures the importance of node i in the network.




2.6. Edge analysis

To further characterize changes in white matter structural connection strengths in specific brain regions, the network-based statistic approach was used as described by Zalesky et al. (2010).



2.7. AutoPTX analysis

First, FSL software was used to preprocess the data of each subject, including head-motion eddy current correction, gradient direction correction, and obtain the brain range mask. Then the autoPtx tool was used to calculate index the dispersion, get the fractional anisotropy (FA) index, estimate the BedPostX direction distribution, and register the DTI space-standard space. Finally, fiber bundles were obtained by probabilistic fiber tracking. The average FA index value within the range of fiber bundle mask of each subject was extracted, and the two-sample T-test (using matlab code for statistics) was carried out for the two groups to obtain the p-value and corresponding T-value. The results were corrected by Bonferoni (p < 0.05).



2.8. Statistical analysis

Statistical analysis was performed using IBM SPSS statistics (version 22). Clinical data with a normal distribution are expressed as mean ± standard deviation and were analyzed using two-sample t-tests to test for differences between epilepsy patient and healthy control groups. Frequency data are expressed as rate and percentage and were analyzed using chi-square tests to test for differences between groups. A p-value < 0.05 was considered a statistically significant difference. Graph measurements were analyzed with ANCOVA to detect differences between epilepsy patient and healthy control groups over a wide range of thresholds. The false discovery rate (FDR) procedure was employed to correct for multiple comparisons in global and local network analyses.




3. Results


3.1. Demographic characteristics

There were no significant differences between epilepsy patient and healthy control groups in age, sex, educational level, or cognitive performance (Table 1).


TABLE 1    Demographic and clinical characteristics of participants.
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3.2. Global network properties

Compared with the healthy control group, the epilepsy patient group had lower global and local efficiency, a smaller clustering coefficient, and a longer shortest path length (p < 0.05, FDR-corrected) (Figure 1). Small-world attributes were significantly greater than one in both groups, with no significant differences in these attributes between groups (p > 0.05, FDR-corrected) (Table 2).
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FIGURE 1
Global network measures. Global efficiency (E the epileglobal), local efficiency (Elocal), and clustering coefficient (Cp) were significantly lower in epilepsy patient (EP) group than in the healthy control (HC) group. Shortest path length (Lp) was longer in the EP group than in the HC group. *p < 0.05, **p < 0.01, false discovery rate-corrected.



TABLE 2    Global network topological properties and small-world properties.
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3.3. Node properties

Compared with the healthy control group, the epilepsy patient group showed lower nodal degree centrality in the right olfactory cortex (OLF.R) and left paracentral lobule (PCL.L) as well as lower nodal local efficiency and smaller nodal clustering coefficients in the right olfactory cortex (OLF.R) and right rectus (REC.R) (p < 0.001, FDR-corrected) (Figure 2 and Table 3). No significant difference between groups was found for betweenness centrality (p > 0.05, FDR-corrected).


[image: image]

FIGURE 2
Local network measures of subcortical structures between healthy control (HC) and epilepsy patient (EP) groups, including nodal degree centrality, nodal local efficiency, and nodal clustering coefficient. The corresponding MRI graphic construction is below the box plot graphs. No significant main group effect was found for betweenness centrality. ***p < 0.001, false discovery rate-corrected. OLF.R, right olfactory cortex; PCL.L, left paracentral lobule; REC.R, right rectus.



TABLE 3    Local network properties.
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3.4. Edge analysis

Edge analysis was performed based on fiber number using two-sample t-tests with the network-based statistic correction method (edge p-value set to <0.01, component p-value set to <0.05, 5,000 permutations). This approach identified two subnetworks of reduced connectivity in epilepsy patients (p < 0.05, corrected for multiple comparisons). The circuit consisted of two edges connecting three regions. These edges connected the left precuneus (PCUN.L) to the right precuneus (PCUN.R) and the right precuneus (PCUN.R) to the right post cingulum (PCG.R). Compared with the healthy control group, the epilepsy patient group had a smaller fiber number (p = 0.017, FDR-corrected, Figure 3).


[image: image]

FIGURE 3
Brain network consisting of two edges connecting three different regions. The two pairs of regions exhibited significantly less connectivity in the epilepsy patient (EP) group than in the healthy control (HC) group (corrected p = 0.017, false discovery rate-corrected). PCUN.L, left precuneus; PCUN.R, right precuneus; PCG.R, right post cingulum.




3.5. AutoPTX analysis

The FA index (Bonferoni corrected) showed significant differences in three fiber bundles, which were the left Anterior thalamic radiation (atr_l), the right Anterior thalamic radiation (atr_r), and the Forceps minor (fmi). The FA value of the three fiber bundles in the epilepsy group was significantly lower than that in the healthy control group (p < 0.001) (Figure 4 and Table 4).


[image: image]

FIGURE 4
The figure above shows the position of the three fibers. The red is atr_l. The green is atr_r. The blue is fmi.



TABLE 4    AutoPTX analysis.

[image: Table 4]




4. Discussion

Epilepsy is a brain function disorder caused by the excessive discharge of neurons. Recently, a study has shown that long-term and recurrent seizures can lead to changes in the topological properties of the whole or local brain regions (Park et al., 2019). Our study explored changes in DTI network characteristics of the entire brain and specific brain regions in epilepsy patients. We found that brain networks in epilepsy patients show changes in network structure and information transfer capacity.

In the comparison of global properties, we found that the brains of epilepsy patients showed significantly smaller clustering coefficients, longer shortest path lengths, and lower local and global efficiencies. These changes are reflective of an abnormal topology network and are consistent with those of Jiang et al. (2017). Global efficiency represents the ability of information conversion and transmission across brain nodes, with lower global efficiency suggesting a decline in node function throughout the brain. The increase in shortest path length indicates that information transferred from one node to another must pass through a larger number of links, suggesting a decreased tightness of network connections (Fang et al., 2022). As shorter path lengths ensure effective and convenient communication between brain regions (Shah et al., 2017), an increased shortest path length would inevitably lead to a decrease in global efficiency.

Small-world networks combine the topological advantages of regular and random networks, ensuring efficiency of information transfer at local and global levels (Hu et al., 2015). Our findings indicate that the brain network of epilepsy patients has small-world properties, consistent with the results of previous studies (Nemzer et al., 2020; Shigemoto et al., 2021). We also found no significant difference in small-world properties between epilepsy patients and healthy control individuals, thereby the small-world characteristics of the brain in epilepsy patients maintained, indicating that information transmitted between brain regions in epilepsy patients can occur through new optimal paths, reflecting the brain’s ability to separate and integrate information (Zhu et al., 2021).

Critical nodes play important roles in the transmission of information across the brain network by determining the integration efficiency of neural information in the network and the stability of network structure (Fransson and Thompson, 2020). In the present study, we found the same trend for local network features measured at key nodes as for the whole-brain network. This phenomenon implies that some selected key nodes have consistent transmission capabilities (Wu et al., 2013). The nodal local efficiency and nodal clustering coefficient in the epilepsy patient group were lower than those in the healthy control group, indicating reduced information transmission ability in the local brain areas. Also, nodal degree centrality in the epilepsy patient group was lower than that in the healthy control group, reflecting the functional decline of local brain regions in the whole network. In our study, nodes with these significant differences (e.g., olfactory cortex, paracentral lobule, rectus gyrus) were distributed in the frontal lobe, temporal lobe, and default mode network. The default mode network is involved in many functions such as emotion, cognition, and self-awareness maintenance (Svob et al., 2016), and frontal, temporal, and subcortical networks are critical for emotional regulation and cognitive function. Based on these findings, we speculate that the reduced efficiency of these brain regions in transmitting information is due to the destructive effects of the repeated epileptiform activities on the functional coordination of emotional/memory/cognitive-related networks (Tong et al., 2019), resulting in emotional, memory and cognitive dysfunction.

Anatomical connections between the olfactory cortex and other brain regions have been revealed by microscopic imaging and tracer studies, and macroscopic anatomical imaging demonstrates changes in the olfactory cortex in epilepsy (Sarnat and Flores-Sarnat, 2016; Menassa et al., 2017; Young et al., 2019), consistent with our findings. Moreover, expression of the epilepsy-related molecule DKK-1 was first induced in neurons of the olfactory cortex in an in vivo epilepsy model, which may explain the susceptibility of the olfactory cortex (Busceti et al., 2007). EEG analysis shows abnormal electrical activity originating from the right rectus in some epilepsy cases (Zhang et al., 2019). Thus, further studies of network connections in the right rectus region will help increase our understanding of the diffusion of electrical activity and clinical phenotypes in epilepsy. When the paracentral lobule is involved, the threshold of epilepsy in this area is low and can spread to a wider epileptogenic area (Hu et al., 2017). However, the underlying mechanism requires further exploration, and the analysis of network properties in the paracentral lobule may contribute to the unveiling of this phenomenon.

In recent years, we have recognized that epilepsy affects the white matter network of the brain, which is typically characterized by the loss of white matter microstructure and the interruption of network connection (Hatton et al., 2020). In this study, we found that the number of connections between the right PCG and bilateral PCUN was significantly smaller in the epilepsy patient group than in the healthy control group. Functionally, the PCUN is associated with many high-level cognitive functions such as episodic memory and self-related information processing, whereas the PCG is associated with visual information transfer. A decrease in fiber connections in these regions will directly lead to dysfunction of their conduction pathways (Xu et al., 2021), which will further lead to a decline in learning, memory, cognition, and other abilities. A study of functional MRI (fMRI) in epilepsy patients shows an abnormal functional connection between the PCG/PCUN and the whole brain (McGill et al., 2012), which is mutually supportive of our results. A study based on EEG-fMRI found that epileptiform discharges are accompanied by functional responses in the precuneus (Fahoum et al., 2012), suggesting that the precuneus plays a role in the propagation of epileptic discharges. The present study suggests that the structural integrity of white matter fibers in the precuneus may be disrupted during epileptiform discharges, which may be responsible for a decline in the function of fiber connections in key brain regions.

Consistent with some previous results, our results suggest that the FA value of epilepsy patients decreases (Gong et al., 2017). FA value is used to measure the ability of directional diffusion of water molecules in tissues. The damage of white matter fiber structure in epileptic patients reduces the anisotropy of water molecule dispersion, leading to the decrease of FA value (Xu et al., 2018). In our study, the white matter fibers involved in epileptic patients include the left and right anterior thalamic radiation and forceps minor. The anterior thalamic radiation and their interconnecting fibers, which are important components of an extended hippocampal circuit for episodic memory, pass through the temporal lobe and are affected in epileptic syndromes (Gharaylou et al., 2019). The forceps minor is located at the knee of the corpus callosum and is responsible for connecting the anterior frontal lobes of both hemispheres. Partial epileptic activity in the cerebral hemisphere can cause global epilepsy because it can spread to the contralateral hemisphere through the corpus callosum (Du et al., 2014). The lesions of the aforementioned fiber tracts involve commissural fibers and projection fibers, providing a pathophysiological basis for the accompanying affective disorders, impaired cognitive functions, and motor-related symptoms in epileptic patients.

Diffusion tensor imaging has been widely used in the study of central nervous systems diseases such as acute ischemic cerebral infarction, brain tumors, and multiple sclerosis (Lampinen et al., 2020). The advantage of DTI in studying epilepsy is that it can effectively detect epilepsy lesions that cannot be detected by conventional MRI, reveal the underlying pathophysiology of epilepsy, and provide more information to aid the diagnosis and surgical treatment of epilepsy.

There are also some limitations of this study. First, the sample size was relatively small. Therefore, the results must be regarded as preliminary results. In addition, due to the small sample size of this study, no further intragroup comparison was conducted among epileptic patients in this study. Some studies have shown that there is no significant difference in white matter microstructural damage among different epilepsy subgroups (Focke et al., 2014). Larger sample sizes are needed for verification by future studies, including those aiming to characterize the features of DTI connections in different epilepsy subtypes (Stasenko et al., 2022). Although we confirmed changes in brain network function in epilepsy patients at the cross-sectional level, longitudinal follow-up is still required to reveal changes in brain network function with progression of the disease. Second, although using the same scanner with the same parameters and same operators helps improve the objectivity of our findings, additional sequences in the opposite reading direction are still necessary. We will continue to improve the quality of our research in the next stage, including the use of TOPUP correction through additional reverse sequence scans.

In conclusion, the results of this study suggest that whole-brain structural network analysis by DTI imaging is a feasible method that can be further used to investigate abnormal structural connectivity associated with epilepsy comorbidities. However, as different research methods are irreplaceable, the combination of DTI, fMRI, EEG, and animal experiments may be an ideal research model for clarifying the characteristics and pathogenesis of epilepsy. Inhibiting or disrupting epileptogenic networks could also be a novel approach for treating epilepsy in the future.
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OLF.R, right olfactory cortex; PCL.L, left paracentral lobule; REC.R, right rectus. t-values were obtained from two-sample ¢-tests. False discovery rate correction was applied to correct for
multiple comparisons.
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the forceps minor. The two groups did two-sample T-test (matlab code was used), and the
p-value and corresponding ¢-value were obtained. The results were corrected by Bonferoni
(p < 0.001). False discovery rate correction was applied to correct for multiple comparisons.





