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Functional Network Alterations as Markers for Predicting the Treatment Outcome of Cathodal Transcranial Direct Current Stimulation in Focal Epilepsy
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Background and Purpose: Transcranial direct current stimulation (tDCS) is an emerging non-invasive neuromodulation technique for focal epilepsy. Because epilepsy is a disease affecting the brain network, our study was aimed to evaluate and predict the treatment outcome of cathodal tDCS (ctDCS) by analyzing the ctDCS-induced functional network alterations.

Methods: Either the active 5-day, −1.0 mA, 20-min ctDCS or sham ctDCS targeting at the most active interictal epileptiform discharge regions was applied to 27 subjects suffering from focal epilepsy. The functional networks before and after ctDCS were compared employing graph theoretical analysis based on the functional magnetic resonance imaging (fMRI) data. A support vector machine (SVM) prediction model was built to predict the treatment outcome of ctDCS using the graph theoretical measures as markers.

Results: Our results revealed that the mean clustering coefficient and the global efficiency decreased significantly, as well as the characteristic path length and the mean shortest path length at the stimulation sites in the fMRI functional networks increased significantly after ctDCS only for the patients with response to the active ctDCS (at least 20% reduction rate of seizure frequency). Our prediction model achieved the mean prediction accuracy of 68.3% (mean sensitivity: 70.0%; mean specificity: 67.5%) after the nested cross validation. The mean area under the receiver operating curve was 0.75, which showed good prediction performance.

Conclusion: The study demonstrated that the response to ctDCS was related to the topological alterations in the functional networks of epilepsy patients detected by fMRI. The graph theoretical measures were promising for clinical prediction of ctDCS treatment outcome.
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INTRODUCTION

Transcranial direct current stimulation (tDCS) is an emerging non-invasive brain stimulation technique that modulates the cortical excitability via the application of the constant direct currents to the scalp of subjects through two electrodes (anode and cathode) (San-juan et al., 2015). Anodal tDCS (atDCS) has been demonstrated to enhance the cortical excitability, and cathodal tDCS (ctDCS) suppresses it (Nitsche and Paulus, 2000). Since the cortical excitability is abnormally increased in epilepsy, ctDCS has been proposed as an alternative therapy for epilepsy (San-juan et al., 2015; Gschwind and Seeck, 2016). However, the treatment outcome of ctDCS is conflicting (San-juan et al., 2015). Some studies found that there was a significant reduction in seizure frequency after ctDCS treatment (Auvichayapat et al., 2013; Tekturk et al., 2016; San-Juan et al., 2017), but other studies reported negative results (Varga et al., 2011; Liu et al., 2016). The results are inconsistent, maybe because the disease entities of the patients are heterogeneous, and the therapy parameters are different (San-juan et al., 2015). Considering whether patients respond to ctDCS is not sure, early prediction of the treatment outcome is highly valuable for clinicians to make the prompt treatment decisions and avoid the unnecessary risks during a period of uncertainty. Researchers usually evaluate whether patients respond to ctDCS by patients’ seizure frequency reports during a period of time (at least 1 month) or monitoring the scalp electroencephalogram (EEG) after the stimulation, which may not be reliable enough, because patients often omit or forget the seizure attacks, and the interictal epileptiform discharges sometimes are not parallel to the clinical severity. So far, no objective and accurate markers have been found to predict the treatment outcome of ctDCS promptly after the stimulation.

The clinical, pathologic and imaging features have provided increasing evidence that epilepsy is a disorder that affects the brain network beyond the seizure onset zones (Gleichgerrcht et al., 2015). Many investigations have observed the abnormalities in the brain networks of patients with epilepsy using EEG, magnetoencephalogram (MEG), and functional magnetic resonance imaging (fMRI) data (Bettus et al., 2008; Luo et al., 2012; Pedersen et al., 2015; Wang and Meng, 2016). These abnormalities of brain networks are clinically relevant since they are capable of being important markers for the diagnosis and prediction of treatment outcome (Douw et al., 2010; van Diessen et al., 2013; van Dellen et al., 2014). Meanwhile, it has been increasingly apparent that tDCS modulates the brain network rather than just the stimulation targets (Luft et al., 2014; To et al., 2018). Based on EEG or fMRI, some studies have found that tDCS can modulate the functional connectivity of the brain networks in healthy subjects (Keeser et al., 2011; Polanía et al., 2011a, b; Vecchio et al., 2018). And for patients with epilepsy, Tecchio et al. (2018) and Lin et al. (2018) revealed the alterations of the functional connectivity after tDCS and the correlation between the functional connectivity and the seizure reduction. However, no studies have predicted the treatment outcome of ctDCS by investigating the functional network alterations so far. Thus, analyzing the ctDCS-induced alterations of the brain networks in patients with epilepsy to predict the treatment outcome of ctDCS is promising for clinical application.

Resting-state fMRI, with high spatial resolution and whole-brain coverage, has been increasingly utilized to investigate the functional connectivity of the brain network (Bernhardt et al., 2015). Based on fMRI, several studies have investigated the functional networks of patients with epilepsy employing seed-based functional connectivity analysis (Waites et al., 2006; Kim et al., 2014), or independent component analysis (ICA) (Zhang et al., 2009; Luo et al., 2012). However, these studies focused on the local abnormalities, which means only a few regions or some specific local networks were analyzed. In fact, the whole brain can be modeled as a graph consisting of nodes (regions) and edges (interregional connections) (Bullmore and Sporns, 2009). Recently, the whole-brain functional network in epilepsy has been increasingly investigated using graph theoretical analysis (Liao et al., 2010; Onias et al., 2014; Pedersen et al., 2015), which may provide further network-level information and improve our understanding about epilepsy.

In this study, the functional networks of patients with focal epilepsy were compared before and after the 5-day, −1.0 mA, 20-min ctDCS using graph theoretical analysis based on resting-state fMRI. By analyzing the ctDCS-induced functional network alterations, we aimed to find the markers to evaluate and predict the treatment outcome of ctDCS promptly after the stimulation.



MATERIALS AND METHODS


Subjects

Twenty-three patients were recruited from the Department of Neurology of Zhongshan Hospital (Shanghai, China). The inclusion criteria included: (1) clinical diagnosis as focal epilepsy for at least 1 year according to epilepsy classification by International League Against Epilepsy (ILAE); (2) age between 18 and 65 years old; (3) at least one seizure at 4-week baseline; (4) stable anti-epileptic drug regimens from baseline to the 4-week follow-up; and (5) completion of 4-week follow-up after the treatment and ability to record the number of seizures. Exclusion criteria consisted of: (1) primary generalized epilepsy; (2) presence of status epilepticus during the last 12 weeks; (3) previous neuromodulation treatment such as tDCS, transcranial magnetic stimulation (TMS), vagus nerve stimulation (VNS), or deep brain stimulation (DBS) during the last 12 weeks; (4) implantation of pacemakers or other metal implants; and (5) other neural or systemic diseases, skull deficit, major depression or pregnancy.

Four patients suffering from primary generalized epilepsy were excluded from this study and the other 19 patients participated in this study. Among the 19 patients with focal epilepsy, eight patients underwent two ctDCS sessions with an interval of at least 12 weeks, resulting in 27 subjects. Written informed consents were obtained from the participants with a research protocol which was approved by the Ethics Committee of Zhongshan Hospital (Clinical Trial NCT02613234).



Experimental Design

The study was conducted in a randomized, double-blinded, sham-controlled design. All subjects were randomly divided into two groups: the active group and the sham group. Before the ctDCS treatment, the first 8-min fMRI scan was conducted for each subject. After a 5-day ctDCS treatment, the second 8-min fMRI scan was conducted (Figure 1A). Each subject was required to keep a seizure diary and record the number of seizures during the 4-week baseline and the 4-week follow-up. Neither the subjects nor the statistic analyzers knew the allocation of the trial.
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FIGURE 1. The experimental protocol. (A) The ctDCS-fMRI experimental procedure including active stimulation (top) and sham stimulation (bottom). (B) The ctDCS protocol for the active and the sham group, respectively.


So far, no studies have clearly defined the standard for whether patients respond to ctDCS in the treatment of epilepsy. Because of the placebo effect, the seizure frequency may reduce after the sham stimulation. Previous studies have reported −25.0, 11.1, and 6.25% reduction rate of seizure frequency in the sham treatment group, respectively (Fregni et al., 2006; Assenza et al., 2017; San-Juan et al., 2017). We supposed that the reduction rate of less than 20% may be due to the placebo effect. Thus, in this study, we selected 20% reduction rate as the threshold to eliminate the effect of placebo. Subject was considered to respond to ctDCS if the number of seizures during the 4-week follow-up was at least 20% less than the number of seizures during the 4-week baseline. Based on it, the subjects in the active group were then divided into the active group with response to ctDCS and the active group without response to ctDCS.



Cathodal Transcranial Direct Current Stimulation

The ctDCS was administered using a BrainSTIM stimulator (EMS, Bologna, Italy). A direct current was applied to the scalp of the subject via a pair of saline-soaked sponge electrodes (area = 5 cm × 7 cm). The electrodes were placed according to the 10-10 international system. The cathode was placed over the most active region with interictal epileptiform discharges, confirmed by the 2-h EEG recording. The anode was positioned over a silent area without epileptogenic activity, which generally is the contralateral supraorbital region. All subjects underwent a 5-day ctDCS treatment. For the active group, a direct current of −1.0 mA was applied for 20 min each day (including a 5-s ramp-up at the beginning and a 5-s ramp-down at the end of the stimulation). If there were two epileptogenic foci for one subject, each site was stimulated for 10 min. For the sham group, a direct current of −1.0 mA was applied for 15 s (including a 5-s ramp-up and a 5-s ramp-down) at the beginning and the end of the 20-min course (Figure 1B). The subjects in the sham group had the same itching sensation as the subjects in the active group, and the subjects could not distinguish between the active ctDCS and the sham ctDCS.



Functional Magnetic Resonance Imaging Acquisition

All subjects were scanned on a 3-Tesla scanner (GE-Signa, HDX3T, Milwaukee, Untied States) at the Zhongshan Hospital. Subjects were instructed to relax, keep their heads still and keep their eyes closed. Blood oxygen level dependent (BOLD) functional images were obtained using an EPI sequence (TR = 2,000 ms, TE = 30 ms, flip angle = 90°, matrix = 64 × 64, FOV = 22 cm × 22 cm, slice thickness = 4 mm, number of slices = 33, number of volumes = 240). For each scan, the fMRI scanning process lasted for 8 min with 240 time points.



Functional Magnetic Resonance Imaging Preprocessing

All fMRI preprocessing steps were carried out using the DPARSF toolbox1 (Yan and Zang, 2010). The first ten volumes of each scan were discarded to allow for magnetization equilibrium. After the slice-timing correction, images were realigned for head-motion correction. The subjects were excluded if either translation or rotation of the head-motion in any direction exceeded ±2 mm or ±2°. Furthermore, the common Montreal Neurological Institute (MNI) template was used for normalization (resampling voxel size = 3 mm × 3 mm × 3 mm). The data were spatially smoothed using an isotropic Gaussian kernel with the FWHM of 8 mm and temporally band-pass filtered with the cutoff frequencies of 0.01 and 0.08 Hz. The global brain signals of the fMRI time series associated with the white matter signals, cerebrospinal fluid signals and six head-motion parameters were regressed out from the data (Fox et al., 2005).



Anatomical Parcellation and fMRI Data Augmentation

The fMRI data were segmented into 90 (45 for each hemisphere) regions of interest (ROIs) using the automated anatomical labeling template (AAL) (Tzourio-Mazoyer et al., 2002). The mean time series of each region was obtained by averaging time series of all voxels in the region.

Extraction of the overlapping time windows is a common way to augment time-series data (Eslami et al., 2019). Since our sample size is small, we augmented the data by cropping the time series with 230 time points to length T = 90 with an interval of 35 time points and overlapping 55 time points. Thus, we obtained five time series of length T = 90 from the original time series. This process augmented the number of the samples by a factor of five (Dvornek et al., 2017; Li and Fan, 2019).



Whole-Brain Network Construction

To measure the pair-wise functional connectivity among the regions and construct the whole-brain functional networks before and after ctDCS, the Pearson correlation coefficients between the time series of all pairs of regions were calculated for each sample. Then, the correlation coefficients were normalized using a Fisher’s R to Z transformation (Mudholkar, 2004). This step resulted in a 90 × 90 correlation matrix for each sample before and after ctDCS, respectively. Taking each brain region as a node and the interregional functional connection as an edge, the graph for each sample was constructed.

Finally, the graph was thresholded by a range of pre-defined density threshold values (the percentage of edges maintained in the network after thresholding) to obtain the undirected weighted networks with the same number of nodes and edges across subjects (van Wijk et al., 2010). To discard the negative connections of the networks and keep the networks connected, the density threshold values ranged from 0.17 to 0.46 with increments of 0.01 in this study. BrainNet Viewer was employed for the visualization of the networks2 (Xia et al., 2013).



Graph Theoretical Analysis

Graph theoretical measures were calculated by Brain Connectivity Toolbox (BCT)3 implemented in MATLAB (R2019a, the Math Works, Natick, MA, United States) (Rubinov and Sporns, 2010). The definition of the measures we used in this study is provided in Table 1.


TABLE 1. The definition of graph theoretical measures.

[image: Table 1]In this study, the global network measures were assessed with the mean clustering coefficient (Cnet), the characteristic path length (Lnet), the global efficiency (Enet), and the small-worldness (σ). When it comes to the local network measures related to the stimulation sites, the nodal degree (K), the clustering coefficient (Clocal), the mean shortest path length (Llocal), and the local efficiency (Elocal) were calculated. The stimulation sites were mapped to the corresponding brain regions in the AAL template by experienced clinicians. If there was only one corresponding node, the measures of the node were considered as the local network measures at the stimulation sites. Otherwise, the average measures of all corresponding nodes were calculated.



Statistical Analysis

To determine if there were significant differences in the graph theoretical measures after ctDCS compared to those before ctDCS, statistical comparisons were performed over a range of density thresholds (from 0.17 to 0.46 with increments of 0.01). For each density threshold, if the differences of the measures before and after ctDCS were normally distributed, paired t-tests were performed. Otherwise, Wilcoxon signed-rank tests were employed. False discovery rate (FDR) was applied to P-values. P-values less than 0.05 after the FDR correction were considered significant.



Treatment Outcome Prediction

The change rates of the measures which changed significantly after ctDCS for the active group with response to ctDCS but didn’t change significantly for the active group without response to ctDCS were used as the features to predict the treatment outcome of ctDCS. A two-step feature selection procedure was utilized to select the most informative features for the best prediction performance (Wei et al., 2019; Wen et al., 2019). In the first step, we calculated the correlations between every feature and class labels using the maximal information coefficient (MIC) and the features were ranked according to their MIC values (Reshef et al., 2011). In the second step, the sequential forward search (SFS) strategy was performed to search for the optimal feature subset which achieved the best performance in terms of the prediction accuracy (Theodoridis and Koutroumbas, 2009).

Support vector machine (SVM), a powerful machine learning algorithm (Cristianini and Shawe-Taylor, 2000), was employed for the treatment outcome prediction, which was implemented in the scikit-learn (v 0.22.1) library in Python. The radial basis function (RBF) kernel function was used in this study because of its best prediction performance when compared with the linear, polynomial and sigmoid. Besides, a nested cross validation strategy was used to evaluate the performance of the model. The dataset was randomly divided into five subsets with equal size. Four subsets were chosen as the training set and the other one subset was chosen as the testing set. This process was repeated five times with each subset used once as the testing set. And for the training set, a five-fold grid search cross validation strategy was used to select the optimal hyperparameters (C and γ) of the model, which means the training set was randomly divided into five subsets of which four subsets were training set and one subset was validation set each time. For the performance evaluation, three common measures were used, which were accuracy (ACC), sensitivity (SN), and specificity (SP) (Xu et al., 2012). Receiver operating characteristic (ROC) curve was employed to measure the overall performance of the model and the area under the ROC curve (AUC) was obtained (Fawcett, 2006).



RESULTS


Group Division

Among 27 subjects, one subject was excluded because either translation or rotation of his or her head motion exceeded ±2 mm or ±2° during the fMRI data acquisition, and six subjects without valid clinical or fMRI follow-up were also excluded. Thus, a total of 20 subjects were included in this study (mean age: 39.8 ± 14.6 years, 11 females), among whom there were 12 subjects in the active group and eight subjects in the sham group. No significant differences were found in the general characteristics including sex, age and course of epilepsy between the active and the sham group (P > 0.05).

Clinical information is provided in Table 2. Four subjects responded to the active ctDCS since their reduction rates of seizure frequency were higher than 20% and eight subjects didn’t respond to the active ctDCS. After the data augmentation, the fMRI data of 20 subjects were augmented by a factor of five to a total of 100 samples. All samples were divided into three groups: (1) the active group with response to ctDCS (n = 20); (2) the active group without response to ctDCS (n = 40); and (3) the sham group (n = 40).


TABLE 2. Clinical information of the subjects.
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Functional Brain Network

Functional brain networks before and after ctDCS for each sample were constructed at the density threshold of 0.17–0.46 with an interval of 0.01. One example was visualized using BrainNet Viewer and shown in Figure 2. The brain networks were those before and after ctDCS at the density threshold of 0.2 for one sample of subject 7. As shown in Figure 2, for this sample, the strength of the functional connectivity decreased after ctDCS. To quantitatively analyze the network’s features, graph theoretical measures of the networks before and after ctDCS at different density thresholds were calculated and compared in the following sections.


[image: image]

FIGURE 2. Functional brain network visualization for one sample of subject 7. (A) Functional brain network before ctDCS at the density threshold of 0.2 from three standard views, sagittal, axial and coronal. The size of the nodes represents the degree of the corresponding regions. The color of the edges represents the strength of the functional connectivity. (B) Functional brain network after ctDCS at the density threshold of 0.2.




Global Network Measures

The global network measures were assessed with the mean clustering coefficient (Cnet), the characteristic path length (Lnet), the global efficiency (Enet), and the small-worldness (σ). For the patients who underwent the active ctDCS, Cnet decreased significantly after the stimulation (P < 0.01, FDR corrected), and the other measures did not change significantly.

When it comes to the ctDCS-induced alterations of network measures for the active group with response to ctDCS (Figure 3A), the active group without response to ctDCS (Figure 3B), as well as the sham group (Figure 3C), the statistical analysis found that within the whole range of density, there was a significant decrease of Cnet, a significant increase of Lnet, as well as a significant decrease of Enet after ctDCS for the active group with response to ctDCS (P < 0.01, FDR corrected), whereas for the active group without response to ctDCS and for the sham group, there were no significant differences in these measures after ctDCS (P > 0.05, FDR corrected). No significant differences were observed in σ before and after ctDCS for three groups (P > 0.05, FDR corrected).
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FIGURE 3. Global network measures as functions of network density thresholds before and after ctDCS. The global network measures include the mean clustering coefficient (Cnet), the characteristic path length (Lnet), the global efficiency (Enet), and the small-worldness (σ) in the active group with response to ctDCS (n = 20) (A), the active group without response to ctDCS (n = 40) (B), and the sham group (n = 40) (C). The solid lines indicate the mean values of the measures, and the shadows indicate the standard deviations of the measures. The red lines indicate measures before ctDCS and the blue lines indicate measures after ctDCS. The asterisks denote statistically significant differences before and after ctDCS (P < 0.01, FDR corrected).




Local Network Measures

The local network measures were calculated using the degree (K), the clustering coefficient (Clocal), the mean shortest path length (Llocal), and the local efficiency (Elocal) at the stimulation sites. For the patients who underwent the active ctDCS, there were no significant differences in these measures before and after the stimulation.

When it comes to the ctDCS-induced alterations of the network measures for the active group with response to ctDCS (Figure 4A), the active group without response to ctDCS (Figure 4B), as well as the sham group (Figure 4C), the statistical analysis revealed that within a wide range of density, Llocal at the stimulation sites increased significantly after ctDCS for the active group with response to ctDCS (P < 0.01, FDR corrected). No significant differences were found in K after ctDCS for the active group with response to ctDCS (P > 0.05, FDR corrected). As for Clocal and Elocal, the significant decreases were found after ctDCS for the active group with response to ctDCS if P < 0.05 was considered significant. However, considering P < 0.01 significant, there were no significant differences. For the active group without response to ctDCS and the sham group, there were no significant differences in these measures after ctDCS (P > 0.05, FDR corrected).
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FIGURE 4. Local network measures as functions of network density thresholds before and after ctDCS. The local network measures include the degree (K), the clustering coefficient (Clocal), the mean shortest path length (Llocal), and the local efficiency (Elocal) at the stimulation sites in the active group with response to ctDCS (n = 20) (A), the active group without response to ctDCS (n = 40) (B), and the sham group (n = 40) (C). The solid lines indicate the mean values of the measures, and the shadows indicate the standard deviations of the measures. The red lines indicate measures before ctDCS and the blue lines indicate measures after ctDCS. The asterisks denote statistically significant differences before and after ctDCS (P < 0.01, FDR corrected). The pentagrams denote statistically significant differences before and after ctDCS (0.01 < P < 0.05, FDR corrected).




Treatment Outcome Prediction

As shown in Figures 3, 4, the measures, Cnet, Lnet, Enet, and Llocal at the stimulation sites, changed significantly after ctDCS for the active group with response to ctDCS but didn’t change significantly for the active group without response to ctDCS. In this study, the change rates of these four measures at the density threshold of 0.3 were used as the features to predict the treatment outcome of ctDCS. We ranked the features according to their MIC values and searched a subset of optimal features by the SFS strategy. We observed that when the features including the change rates of Cnet, Lnet, and Llocal at the stimulation sites were selected, the model achieved the best performance.

After the nested cross validation, our model achieved the accuracy of 68.3 ± 11.1%, the sensitivity of 70.0 ± 18.7% and the specificity of 67.5 ± 24.5% at the density threshold of 0.3. The ROC curve after the nested cross validation is shown in Figure 5 with the area under the ROC curve (AUC) of 0.75 ± 0.07 at the density threshold of 0.3.
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FIGURE 5. The ROC curve of the SVM classifier after the nested cross validation at the density threshold of 0.3.




DISCUSSION

Transcranial direct current stimulation, as an emerging non-invasive neuromodulation technique, has been applied in the treatment of epilepsy in several studies (San-juan et al., 2015; Gschwind and Seeck, 2016). Studies in vitro and in vivo showed that ctDCS may modulate the excitability of the cortex, change the synaptic microenvironment, suppress the focal epileptiform discharges, and eventually restore the balance of the brain network (Purpura and McMurtry, 1965; Theodore and Fisher, 2007; Nune et al., 2015).

Small-sample studies reported ctDCS in focal epilepsy, in which the treatment outcomes were controversial (Varga et al., 2011; Auvichayapat et al., 2013; Assenza et al., 2014, 2017; Liu et al., 2016; Tekturk et al., 2016; San-Juan et al., 2017). It may be due to the different seizure types, the accuracy of the epileptogenic foci locating and the different therapy parameters. In our study, we found that not all of the patients benefited from the active ctDCS. Hence, it’s necessary in clinic to find out the potential group who can benefit from ctDCS using proper evaluation techniques, not delaying the treatment for those who will not benefit.

To our best knowledge, this study is the first to find that the response to ctDCS is related to the alterations of the functional network in epilepsy detected by fMRI. And the alterations of graph theoretical measures can serve as markers to predict the treatment outcome of ctDCS.

Several studies have reported that tDCS can modulate the functional networks (Keeser et al., 2011; Polanía et al., 2011a, b; Vecchio et al., 2018). For the patients with epilepsy, Tecchio et al. (2018) found that the functional connectivity changed after tDCS and the increase of the functional connectivity involving epileptic focus was correlated with seizure reduction based on EEG. Lin et al. (2018) observed that the phase lag index of alpha band decreased in the patients with seizure reduction after tDCS and increased in the patients without seizure reduction, which showed a negative correlation between the phase lag index and the seizure reduction. Based on these findings, we suppose that the alterations of functional networks after ctDCS may contribute to explain the response to ctDCS in the treatment of epilepsy.

An increasing number of studies have investigated the graph theoretical measures of functional networks in the patients with epilepsy compared to the healthy controls (Liao et al., 2010; van Dellen et al., 2012; Bartolomei et al., 2013; van Diessen et al., 2014). The results are conflicting, which may be due to the various seizure types and epileptogenic foci location, the different network construction methods and the different imaging modalities (Wang et al., 2014). Based on fMRI, EEG, or MEG, several studies reported an increase in the mean clustering coefficient (Cnet) (Vaessen et al., 2013; Wang et al., 2014; Wang and Meng, 2016), a decrease in the characteristic path length (Lnet) (Bartolomei et al., 2006; Liao et al., 2010), and an increase in the global efficiency (Enet) (Doucet et al., 2015; Niso et al., 2015; Song et al., 2015) for the patients with epilepsy relative to the healthy controls. In this study, we found that for the patients with response to the active ctDCS, the decreased Cnet was observed after ctDCS, indicating that the segregation of information processing reduced. Besides, for these patients, Lnet increased, Enet decreased, and Llocal at the stimulation sites increased after ctDCS, indicating the efficiency of propagating information reduced. We suppose that the alterations of the functional networks after ctDCS may make patients more prone to seizure reduction by reducing the local connectedness and the information transformation efficiency in the brain network.

The functional network alterations have been increasingly employed to provide clinically useful markers for the epilepsy diagnosis and the prediction of treatment outcome (Haneef and Chiang, 2014). van Diessen et al. (2013), Douw et al. (2010), and Zhang et al. (2012) constructed functional networks and diagnosed epilepsy using the random forest classifier, logistic regression analysis and SVM classifier, respectively. Douw et al. (2008) and van Dellen et al. (2014) compared the brain networks before and after the surgical resection and found that the surgical resection altered the brain networks in patients who were seizure-free after the treatment, which was promising for the prediction of treatment outcome. However, so far, no studies have predicted the treatment outcome of ctDCS by investigating the functional network alterations. We built an SVM prediction model based on fMRI which showed good performance, and the graph theoretical measures of functional networks, Cnet, Lnet, and Llocal at the stimulation sites were proven to be markers with highly predictive power.

The present study has some limitations. Firstly, in this study, we augmented the data since the sample size is rather small, which may lead to data leakage. Larger studies are still needed to explore the actual predictive power of our model. In addition, the seizure types, the location, and the extent of epileptogenic zone of the patients participated in this study were heterogeneous. Future studies should consider more homogeneous patients to control the effects of these factors. Thirdly, in our study, ctDCS didn’t lead to a significant decrease in seizure frequency, which may result from the setting of the stimulation parameters. Future studies should explore different stimulation parameters, including the stimulation duration, current intensity, repeated sessions and so on (Yang et al., 2020). Fourthly, we selected the 20% reduction rate of seizure frequency after 4 weeks as the threshold for response to ctDCS to eliminate the placebo effect. Higher thresholds will be employed in future studies when the sample size increases. Fifthly, during the whole study, patients were still taking the anti-epileptic drugs. However, the interaction between the tDCS and the drugs were not analyzed.



CONCLUSION

This study revealed the significant ctDCS-induced alterations of the graph theoretical measures only for the patients with response to the active ctDCS, indicating that response to ctDCS was related to the functional network alterations for the patients with epilepsy. Employing the changes of these graph theoretical measures as the inputs, we built an SVM prediction model to predict the treatment outcome of ctDCS with good performance. Our study demonstrated that the functional network alterations were promising to be the markers of predicting the treatment outcome of ctDCS.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding authors.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Ethics Committee of Zhongshan Hospital. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

WL, YF, WP, and JD designed the study. WS acquired the data. JH, YX, and PZ analyzed the data. JH wrote the manuscript, while JZ, PZ, JD, and XW revised the manuscript. PZ and JD contributed to the funding acquisition. All authors contributed to the article and approved the submitted version.



FUNDING

This work was supported by project grants from the Science and Technology Commission of Shanghai Municipality (Grant No. 17411962500) and the National Natural Science Foundation of China (Grant No. 82071550).


FOOTNOTES

1http://rfmri.org/DPARSF

2https://www.nitrc.org/projects/bnv

3http://www.brain-connectivity-toolbox.net


REFERENCES

Assenza, G., Campana, C., Assenza, F., Pellegrino, G., Di Pino, G., Fabrizio, E., et al. (2017). Cathodal transcranial direct current stimulation reduces seizure frequency in adults with drug-resistant temporal lobe epilepsy: a sham controlled study. Brain Stimul. 10, 333–335. doi: 10.1016/j.brs.2016.12.005

Assenza, G., Campana, C., Formica, D., Schena, E., Taffoni, F., Di Pino, G., et al. (2014). “Efficacy of cathodal transcranial direct current stimulation in drug-resistant epilepsy: a proof of principle,” in Proceedings of the 2014 36th Annual International Conference of the IEEE Engineering in Medicine and Biology Society, (Chicago, IL: IEEE), 530–533. doi: 10.1109/EMBC.2014.6943645

Auvichayapat, N., Rotenberg, A., Gersner, R., Ngodklang, S., Tiamkao, S., Tassaneeyakul, W., et al. (2013). Transcranial direct current stimulation for treatment of refractory childhood focal epilepsy. Brain Stimul. 6, 696–700. doi: 10.1016/j.brs.2013.01.009

Bartolomei, F., Bettus, G., Stam, C. J., and Guye, M. (2013). Interictal network properties in mesial temporal lobe epilepsy: a graph theoretical study from intracerebral recordings. Clin. Neurophysiol. 124, 2345–2353. doi: 10.1016/j.clinph.2013.06.003

Bartolomei, F., Bosma, I., Klein, M., Baayen, J. C., Reijneveld, J. C., Postma, T. J., et al. (2006). Disturbed functional connectivity in brain tumour patients: evaluation by graph analysis of synchronization matrices. Clin. Neurophysiol. 117, 2039–2049. doi: 10.1016/j.clinph.2006.05.018

Bernhardt, B. C., Bonilha, L., and Gross, D. W. (2015). Network analysis for a network disorder: the emerging role of graph theory in the study of epilepsy. Epilepsy Behav. 50, 162–170. doi: 10.1016/j.yebeh.2015.06.005

Bettus, G., Wendling, F., Guye, M., Valton, L., Régis, J., Chauvel, P., et al. (2008). Enhanced EEG functional connectivity in mesial temporal lobe epilepsy. Epilepsy Res. 81, 58–68. doi: 10.1016/j.eplepsyres.2008.04.020

Bullmore, E., and Sporns, O. (2009). Complex brain networks: graph theoretical analysis of structural and functional systems. Nat. Rev. Neurosci. 10, 186–198. doi: 10.1038/nrn2575

Cristianini, N., and Shawe-Taylor, J. (2000). An Introduction to Support Vector Machines and Other Kernel-Based Learning Methods. Cambridge: Cambridge University Press.

Doucet, G. E., Sharan, A., Pustina, D., Skidmore, C., Sperling, M. R., and Tracy, J. I. (2015). Early and late age of seizure onset have a differential impact on brain resting-state organization in temporal lobe epilepsy. Brain Topogr. 28, 113–126. doi: 10.1007/s10548-014-0366-6

Douw, L., Baayen, H., Bosma, I., Klein, M., Vandertop, P., Heimans, J., et al. (2008). Treatment-related changes in functional connectivity in brain tumor patients: a magnetoencephalography study. Exp. Neurol. 212, 285–290. doi: 10.1016/j.expneurol.2008.03.013

Douw, L., de Groot, M., van Dellen, E., Heimans, J. J., Ronner, H. E., Stam, C. J., et al. (2010). ‘Functional Connectivity’ is a sensitive predictor of epilepsy diagnosis after the first seizure. PLoS One 5:e10839. doi: 10.1371/journal.pone.0010839

Dvornek, N. C., Ventola, P., Pelphrey, K. A., and Duncan, J. S. (2017). “Identifying autism from resting-state fMRI using long short-term memory networks,” in Machine Learning in Medical Imaging Lecture Notes in Computer Science, eds Q. Wang, Y. Shi, H.-I. Suk, and K. Suzuki (Cham: Springer International Publishing), 362–370. doi: 10.1007/978-3-319-67389-9_42

Eslami, T., Mirjalili, V., Fong, A., Laird, A. R., and Saeed, F. (2019). ASD-DiagNet: a hybrid learning approach for detection of autism spectrum disorder using fMRI data. Front. Neuroinform. 13:70. doi: 10.3389/fninf.2019.00070

Fawcett, T. (2006). An introduction to ROC analysis. Pattern Recognit. Lett. 27, 861–874. doi: 10.1016/j.patrec.2005.10.010

Fox, M. D., Snyder, A. Z., Vincent, J. L., Corbetta, M., Van Essen, D. C., and Raichle, M. E. (2005). The human brain is intrinsically organized into dynamic, anticorrelated functional networks. Proc. Natl. Acad. Sci. U.S.A. 102, 9673–9678. doi: 10.1073/pnas.0504136102

Fregni, F., Thome-Souza, S., Nitsche, M. A., Freedman, S. D., Valente, K. D., and Pascual-Leone, A. (2006). A controlled clinical trial of cathodal DC polarization in patients with refractory epilepsy. Epilepsia 47, 335–342. doi: 10.1111/j.1528-1167.2006.00426.x

Gleichgerrcht, E., Kocher, M., and Bonilha, L. (2015). Connectomics and graph theory analyses: novel insights into network abnormalities in epilepsy. Epilepsia 56, 1660–1668. doi: 10.1111/epi.13133

Gschwind, M., and Seeck, M. (2016). Transcranial direct-current stimulation as treatment in epilepsy. Expert Rev. Neurother. 16, 1427–1441. doi: 10.1080/14737175.2016.1209410

Haneef, Z., and Chiang, S. (2014). Clinical correlates of graph theory findings in temporal lobe epilepsy. Seizure 23, 809–818. doi: 10.1016/j.seizure.2014.07.004

Keeser, D., Meindl, T., Bor, J., Palm, U., Pogarell, O., Mulert, C., et al. (2011). Prefrontal transcranial direct current stimulation changes connectivity of resting-state networks during fMRI. J. Neurosci. 31, 15284–15293. doi: 10.1523/JNEUROSCI.0542-11.2011

Kim, J. B., Suh, S., Seo, W.-K., Oh, K., Koh, S.-B., and Kim, J. H. (2014). Altered thalamocortical functional connectivity in idiopathic generalized epilepsy. Epilepsia 55, 592–600. doi: 10.1111/epi.12580

Li, H., and Fan, Y. (2019). Interpretable, highly accurate brain decoding of subtly distinct brain states from functional MRI using intrinsic functional networks and long short-term memory recurrent neural networks. NeuroImage 202:116059. doi: 10.1016/j.neuroimage.2019.116059

Liao, W., Zhang, Z., Pan, Z., Mantini, D., Ding, J., Duan, X., et al. (2010). Altered functional connectivity and small-world in mesial temporal lobe epilepsy. PLoS One 5:e8525. doi: 10.1371/journal.pone.0008525

Lin, L.-C., Ouyang, C.-S., Chiang, C.-T., Yang, R.-C., Wu, R.-C., and Wu, H.-C. (2018). Cumulative effect of transcranial direct current stimulation in patients with partial refractory epilepsy and its association with phase lag index-A preliminary study. Epilepsy Behav. 84, 142–147. doi: 10.1016/j.yebeh.2018.04.017

Liu, A., Bryant, A., Jefferson, A., Friedman, D., Minhas, P., Barnard, S., et al. (2016). Exploring the efficacy of a 5-day course of transcranial direct current stimulation (TDCS) on depression and memory function in patients with well-controlled temporal lobe epilepsy. Epilepsy Behav. 55, 11–20. doi: 10.1016/j.yebeh.2015.10.032

Luft, C. D. B., Pereda, E., Banissy, M. J., and Bhattacharya, J. (2014). Best of both worlds: promise of combining brain stimulation and brain connectome. Front. Syst. Neurosci. 8:132. doi: 10.3389/fnsys.2014.00132

Luo, C., Qiu, C., Guo, Z., Fang, J., Li, Q., Lei, X., et al. (2012). Disrupted functional brain connectivity in partial epilepsy: a resting-state fMRI study. PLoS One 7:e28196. doi: 10.1371/journal.pone.0028196

Mudholkar, G. S. (2004). “Fisher’s z-Transformation,” in Encyclopedia of Statistical Sciences, eds S. Kotz, C. B. Read, N. Balakrishnan, B. Vidakovic, and N. L. Johnson (Atlanta, GA: American Cancer Society), doi: 10.1002/0471667196.ess0796

Niso, G., Carrasco, S., Gudín, M., Maestú, F., del-Pozo, F., and Pereda, E. (2015). What graph theory actually tells us about resting state interictal MEG epileptic activity. NeuroImage Clin. 8, 503–515. doi: 10.1016/j.nicl.2015.05.008

Nitsche, M. A., and Paulus, W. (2000). Excitability changes induced in the human motor cortex by weak transcranial direct current stimulation. J. Physiol. 527, 633–639. doi: 10.1111/j.1469-7793.2000.t01-1-00633.x

Nune, G., DeGiorgio, C., and Heck, C. (2015). Neuromodulation in the treatment of epilepsy. Curr. Treat. Options Neurol. 17:43. doi: 10.1007/s11940-015-0375-0

Onias, H., Viol, A., Palhano-Fontes, F., Andrade, K. C., Sturzbecher, M., Viswanathan, G., et al. (2014). Brain complex network analysis by means of resting state fMRI and graph analysis: will it be helpful in clinical epilepsy? Epilepsy Behav. 38, 71–80. doi: 10.1016/j.yebeh.2013.11.019

Pedersen, M., Omidvarnia, A. H., Walz, J. M., and Jackson, G. D. (2015). Increased segregation of brain networks in focal epilepsy: an fMRI graph theory finding. NeuroImage Clin. 8, 536–542. doi: 10.1016/j.nicl.2015.05.009

Polanía, R., Nitsche, M. A., and Paulus, W. (2011a). Modulating functional connectivity patterns and topological functional organization of the human brain with transcranial direct current stimulation. Hum. Brain Mapp. 32, 1236–1249. doi: 10.1002/hbm.21104

Polanía, R., Paulus, W., Antal, A., and Nitsche, M. A. (2011b). Introducing graph theory to track for neuroplastic alterations in the resting human brain: a transcranial direct current stimulation study. NeuroImage 54, 2287–2296. doi: 10.1016/j.neuroimage.2010.09.085

Purpura, D. P., and McMurtry, J. G. (1965). Intracellular activities and evoked potential changes during polarization of motor cortex. J. Neurophysiol. 28, 166–185. doi: 10.1152/jn.1965.28.1.166

Reshef, D. N., Reshef, Y. A., Finucane, H. K., Grossman, S. R., McVean, G., Turnbaugh, P. J., et al. (2011). Detecting novel associations in large datasets. Science 334, 1518–1524. doi: 10.1126/science.1205438

Rubinov, M., and Sporns, O. (2010). Complex network measures of brain connectivity: uses and interpretations. NeuroImage 52, 1059–1069. doi: 10.1016/j.neuroimage.2009.10.003

San-Juan, D., Espinoza López, D. A., Vázquez Gregorio, R., Trenado, C., Fernández-González Aragón, M., Morales-Quezada, L., et al. (2017). Transcranial direct current stimulation in mesial temporal lobe epilepsy and hippocampal sclerosis. Brain Stimul. 10, 28–35. doi: 10.1016/j.brs.2016.08.013

San-juan, D., Morales-Quezada, L., Orozco Garduño, A. J., Alonso-Vanegas, M., González-Aragón, M. F., Espinoza López, D. A., et al. (2015). Transcranial direct current stimulation in epilepsy. Brain Stimul. 8, 455–464. doi: 10.1016/j.brs.2015.01.001

Song, J., Nair, V. A., Gaggl, W., and Prabhakaran, V. (2015). Disrupted brain functional organization in epilepsy revealed by graph theory analysis. Brain Connect. 5, 276–283. doi: 10.1089/brain.2014.0308

Tecchio, F., Cottone, C., Porcaro, C., Cancelli, A., Di Lazzaro, V., and Assenza, G. (2018). Brain functional connectivity changes after transcranial direct current stimulation in epileptic patients. Front. Neural Circuits 12:44. doi: 10.3389/fncir.2018.00044

Tekturk, P., Erdogan, E. T., Kurt, A., Vanli-yavuz, E. N., Ekizoglu, E., Kocagoncu, E., et al. (2016). The effect of transcranial direct current stimulation on seizure frequency of patients with mesial temporal lobe epilepsy with hippocampal sclerosis. Clin. Neurol. Neurosurg. 149, 27–32. doi: 10.1016/j.clineuro.2016.07.014

Theodore, W. H., and Fisher, R. (2007). “Brain stimulation for epilepsy,” in Operative Neuromodulation: Neural Networks Surgery Acta Neurochirurgica Supplements, Vol. 2, eds D. E. Sakas and B. A. Simpson (Vienna: Springer), 261–272. doi: 10.1007/978-3-211-33081-4_29

Theodoridis, S., and Koutroumbas, K. (2009). “Feature Selection,” in Pattern Recognition. Salt Lake City, UT: Academic Press, 4th Edn, 261–322.

To, W. T., De Ridder, D., Hart, J. Jr., and Vanneste, S. (2018). Changing brain networks through non-invasive neuromodulation. Front. Hum. Neurosci. 12:128. doi: 10.3389/fnhum.2018.00128

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., et al. (2002). Automated anatomical labeling of activations in SPM using a macroscopic anatomical parcellation of the MNI MRI single-subject brain. NeuroImage 15, 273–289. doi: 10.1006/nimg.2001.0978

Vaessen, M. J., Braakman, H. M. H., Heerink, J. S., Jansen, J. F. A., Debeij-van Hall, M. H. J. A., Hofman, P. A. M., et al. (2013). Abnormal modular organization of functional networks in cognitively impaired children with frontal lobe epilepsy. Cereb. Cortex 23, 1997–2006. doi: 10.1093/cercor/bhs186

van Dellen, E., Douw, L., Hillebrand, A., de Witt Hamer, P. C., Baayen, J. C., Heimans, J. J., et al. (2014). Epilepsy surgery outcome and functional network alterations in longitudinal MEG: a minimum spanning tree analysis. NeuroImage 86, 354–363. doi: 10.1016/j.neuroimage.2013.10.010

van Dellen, E., Douw, L., Hillebrand, A., Ris-Hilgersom, I. H. M., Schoonheim, M. M., Baayen, J. C., et al. (2012). MEG network differences between low- and high-grade glioma related to epilepsy and cognition. PLoS One 7:e50122. doi: 10.1371/journal.pone.0050122

van Diessen, E., Otte, W. M., Braun, K. P. J., Stam, C. J., and Jansen, F. E. (2013). Improved diagnosis in children with partial epilepsy using a multivariable prediction model based on EEG network characteristics. PLoS One 8:e59764. doi: 10.1371/journal.pone.0059764

van Diessen, E., Zweiphenning, W. J. E. M., Jansen, F. E., Stam, C. J., Braun, K. P. J., and Otte, W. M. (2014). Brain network organization in focal epilepsy: a systematic review and meta-analysis. PLoS One 9:e114606. doi: 10.1371/journal.pone.0114606

van Wijk, B. C. M., Stam, C. J., and Daffertshofer, A. (2010). Comparing brain networks of different size and connectivity density using graph theory. PLoS One 5:e13701. doi: 10.1371/journal.pone.0013701

Varga, E. T., Terney, D., Atkins, M. D., Nikanorova, M., Jeppesen, D. S., Uldall, P., et al. (2011). Transcranial direct current stimulation in refractory continuous spikes and waves during slow sleep: a controlled study. Epilepsy Res. 97, 142–145. doi: 10.1016/j.eplepsyres.2011.07.016

Vecchio, F., Di Iorio, R., Miraglia, F., Granata, G., Romanello, R., Bramanti, P., et al. (2018). Transcranial direct current stimulation generates a transient increase of small-world in brain connectivity: an EEG graph theoretical analysis. Exp. Brain Res. 236, 1117–1127. doi: 10.1007/s00221-018-5200-z

Waites, A. B., Briellmann, R. S., Saling, M. M., Abbott, D. F., and Jackson, G. D. (2006). Functional connectivity networks are disrupted in left temporal lobe epilepsy. Ann. Neurol. 59, 335–343. doi: 10.1002/ana.20733

Wang, B., and Meng, L. (2016). Functional brain network alterations in epilepsy: a magnetoencephalography study. Epilepsy Res. 126, 62–69. doi: 10.1016/j.eplepsyres.2016.06.014

Wang, J., Qiu, S., Xu, Y., Liu, Z., Wen, X., Hu, X., et al. (2014). Graph theoretical analysis reveals disrupted topological properties of whole brain functional networks in temporal lobe epilepsy. Clin. Neurophysiol. 125, 1744–1756. doi: 10.1016/j.clinph.2013.12.120

Wei, L., Luan, S., Nagai, L. A. E., Su, R., and Zou, Q. (2019). Exploring sequence-based features for the improved prediction of DNA N4-methylcytosine sites in multiple species. Bioinformatics 35, 1326–1333. doi: 10.1093/bioinformatics/bty824

Wen, T., Dong, D., Chen, Q., Chen, L., and Roberts, C. (2019). Maximal information coefficient-based two-stage feature selection method for railway condition monitoring. IEEE Trans. Intell. Transp. Syst. 20, 2681–2690. doi: 10.1109/TITS.2018.2881284

Xia, M., Wang, J., and He, Y. (2013). BrainNet Viewer: a network visualization tool for human brain connectomics. PLoS One 8:e68910. doi: 10.1371/journal.pone.0068910

Xu, B., Wei, X., Deng, L., Guan, J., and Zhou, S. (2012). A semi-supervised boosting SVM for predicting hot spots at protein-protein Interfaces. BMC Syst. Biol. 6:S6. doi: 10.1186/1752-0509-6-S2-S6

Yan, C., and Zang, Y. (2010). DPARSF: a MATLAB toolbox for “pipeline” data analysis of resting-state fMRI. Front. Syst. Neurosci. 4:13. doi: 10.3389/fnsys.2010.00013

Yang, D., Wang, Q., Xu, C., Fang, F., Fan, J., Li, L., et al. (2020). Transcranial direct current stimulation reduces seizure frequency in patients with refractory focal epilepsy: a randomized, double-blind, sham-controlled, and three-arm parallel multicenter study. Brain Stimul. 13, 109–116. doi: 10.1016/j.brs.2019.09.006

Zhang, J., Cheng, W., Wang, Z., Zhang, Z., Lu, W., Lu, G., et al. (2012). Pattern classification of large-scale functional brain networks: identification of informative neuroimaging markers for epilepsy. PLoS One 7:e36733. doi: 10.1371/journal.pone.0036733

Zhang, Z., Lu, G., Zhong, Y., Tan, Q., Liao, W., Chen, Z., et al. (2009). Impaired perceptual networks in temporal lobe epilepsy revealed by resting fMRI. J. Neurol. 256, 1705–1713. doi: 10.1007/s00415-009-5187-2


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Hao, Luo, Xie, Feng, Sun, Peng, Zhao, Zhang, Ding and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fnhum-15-637071-t001.jpg
Measure

Degree (local)

Clustering coefficient (local)

Mean clustering coefficient (global)

Mean shortest path length (local)

Characteristic path length (global)

Global efficiency (global)

Local efficiency (local)

Small-worldness (global)

Equation

K,' = ZW,]

jeG

e

C/oca/, i = W

Cnet = )1v Z C/oca/, i

ieG

1 w
Liocal, i = N=—T > dj

Lnet

Enet

jeGj#i

1
=N Z L/oca/, i
ieG

ieG

E/oca/,i = Enet(Gi)

o =

Chet/Cr
Lnet/Lr

—1
N > N=T1

Definition

The degree of node i is defined as the sum of the weights of edges connected with node /. wj is
the connectivity strength between node / and node j

The clustering coefficient of node i is the measure of extent of interconnectivity among the
nearest neighbors of node /. e* is geometric mean of triangles around node i

The mean clustering coefficient is the measure of network segregation, which is defined as the
average of the clustering coefficients of all nodes in the network. N is the number of the nodes
in the network

The mean shortest path length of node i is the average of the shortest path lengths between
node i and other nodes. dj" is the shortest path length between node i and node

The characteristic path length is the measure of global integration, which is defined as the
average of shortest path lengths between all nodes in the network

The global efficiency is the measure of network’s ability for information transmission and is
defined as the inverse of harmonic mean of shortest path lengths between any pair of nodes
The local efficiency is the global efficiency computed on the neighborhood of the node. G;
denotes the subgraph composed of the neighbors of the node i

Here, Cr and Lp are the averages of the mean clustering coefficients and the characteristic
path lengths of 100 random networks, which are generated by randomly rewiring the edges
while preserving the degree distribution of the original networks





OPS/images/fnhum-15-637071-g002.jpg
Before ctDCS






OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Functional Network Alterations as Markers for Predicting the Treatment Outcome of Cathodal Transcranial Direct Current Stimulation in Focal Epilepsy



		INTRODUCTION



		MATERIALS AND METHODS



		Subjects



		Experimental Design



		Cathodal Transcranial Direct Current Stimulation



		Functional Magnetic Resonance Imaging Acquisition



		Functional Magnetic Resonance Imaging Preprocessing



		Anatomical Parcellation and fMRI Data Augmentation



		Whole-Brain Network Construction



		Graph Theoretical Analysis



		Statistical Analysis



		Treatment Outcome Prediction







		RESULTS



		Group Division



		Functional Brain Network



		Global Network Measures



		Local Network Measures



		Treatment Outcome Prediction







		DISCUSSION



		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		FOOTNOTES



		REFERENCES

















OPS/images/fnhum-15-637071-g003.jpg
A Active group with response to ctDCS

B Active group without response to ctDCS

0.47

0.47

0.15

e e e A Ne e e A B e He e Ae B e e e e N6 e e B e e e e e N e N

0.2 : 0.4
density

o
w

/

0.2 : 0.4
density

o
W

¢ Sham group

0.47

0.39

/

0.2 . 0.4
density

o
(o8]

4.80

4.80

e e e e e e de Ne Ne e Ne Ne Ne Ne Ne e B B e e e A e e e e e e e N

E—

0.2 0.3 0.4
density

0.2 0.3 0.4
density

0.2 0.3 0.4
density

net

net

net

0.34

032}

03}

0.28¢

0.26

0.34

032}

03}

0.28}

0.26

0.34

032}

0.3

0.28

0.26

e e A A N Ne Ne e e e e e He B e e e e e e A e e Ne e e B e e e

0.2 0.3 0.4
density

0.2 0.3 0.4
density

0.2 0.3 0.4
density

——Before tDCS — After tDCS

2.40

2.00

© 1.60

1.20

0.80

2.40

2.00

© 1.60

1.20

0.80

240

2.00

© 1.60

1.20

0.80

0.2 0.3

. 0.4
density

0.2 0.3 0.4
density

0.2 0.3 0.4
density






OPS/images/fnhum-15-637071-g004.jpg
A Active group with response to ctDCS

58.00

46.00

N 34.00

22.00

10.00

B Active group without response to ctDCS

58.00

46.00

N 34.00

22.00

10.00

C Sham group

58.00

o
(o]

o
W

46.00

N 34.00

22.00

10.00

0.47

R824

L2222 2:2-2-2-2-2:2-2 4

0.3

0.4

density

¥ Fr Pr ST Fr S B e N N B e N e e B B e N e e N B e Ne R e e N N

0.2 0.3 0.4
density

KRR RR

22 2-2-2-2 223324

0.3

0.4

dénsity

density

0.4

0.2 0.3 0.4
density

o
W

0.4

density

0.3

0.4

density

0.2 0.3 0.4
density

—Before tDCS — After tDCS

0.3

0.4

dénsity






OPS/images/fnhum-15-637071-g005.jpg
1.01

=
00

-
o)

Sensitivity

G
b

0.01

Receiver operating characteristic curve

=’
~

ROC fold 0 (area = 0.81)
ROC fold 1 (area = 0.72)
ROC fold 2 (area = 0.78)
ROC fold 3 (area = 0.81)
ROC fold 4 (area = 0.62)

0.2

0.4

1 - Specificity

0.6

0.8 1.0






OPS/images/fnhum-15-637071-g001.jpg
1 mA sham ctDCS
20 minutes for 5 days

Stimulation on

B
Active group Stimulation off /

: g
20 minutes

Sham group /_\
——-|5s|5s|5s|~ —| 55| 55| 55|«

- |
20 minutes






OPS/images/cover.jpg
’ frontiers _
In Human Neuroscience

Functional Network Alterations
as Markers for Predicting
the Treatment Outcome
of Cathodal Transcranial Direct
Current Stimulation in Focal

Epilepsy









OPS/images/fnhum-15-637071-t002b.jpg
12

Sham 132

14

152

16

17

182

19

202

64

30

47

27

61

49

23

54

26

53

23

48

Focal

Focal

Focal

Focal

Focal

Focal

Focal

Focal

Multifocal®

Trauma

Hippocampal
sclerosis

Trauma and
cavernous
hemangioma

Focal cortical
dysplasia

Hippocampal
sclerosis

Meningitis

Cryptogenic

Poisoning and
hippocampal
sclerosis

Gray
matter heterotopia

Focal onset to
bilateral tonic-clonic
seizure

Automatisms

Automatisms, and
focal onset to
bilateral tonic-clonic
seizure

Focal onset to
bilateral tonic-clonic
seizure
Automatisms, and
focal onset to
bilateral tonic-clonic
seizure
Automatisms, and
focal onset to
bilateral tonic-clonic
seizure

Behavior arrest

Automatisms, and
focal onset to
bilateral tonic-clonic
seizure

Automatisms

aThese subjects underwent two ctDCS sessions with an interval of at least 12 weeks.
bThese subjects suffered from multifocal epilepsy. Each site was stimulated for 10 min per day.

°rSO means the right supraorbital area.

9SO means the left supraorbital area.

Epilepsy attributed
to trauma

Mesial temporal
lobe epilepsy with
hippocampal
sclerosis

Epilepsy attributed
to structural causes

Epilepsy attributed
to focal cortical
dysplasia

Mesial temporal
lobe epilepsy with
hippocampal
sclerosis

Epilepsy attributed
to infection

Epilepsy of
unknown cause
Mesial temporal
lobe epilepsy with
hippocampal
sclerosis

Epilepsy attributed
to heterotopia

Softening of left
temporal lobe

Hippocampal
sclerosis

Cavernous
hemangioma

Focal cortical
dysplasia in left
frontal lobe

Hippocampal
sclerosis

White matter lesions

None

Hippocampal

sclerosis

Subependymal gray
matter heterotopia

F7

Between
C3-
FCA1

CP6

F7

FF

Between
C4-P4

Between
C3-F3
F8

F7/F8

S0

rSO

ISO

rSO

rSO

ISO

rSO

ISO

rSO/ISO

1/0

56/66

2/2

3/2

6/8

21

14/9

6/6

6/4





OPS/images/fnhum-15-637071-t002a.jpg
Group Subject Sex Age Course

Active

26

32

42

ga

102

30

27

54

54

37

41

64

23

28

26

30

(years)

40

40

44

23

26

Epileptic
Discharge
site

Focal

Focal

Focal

Focal

Focal

Focal

Focal

Focal

Multifocal®

Multifocal®

Focal

Cause

Birth asphyxia
and brain surgery

Hippocampal
sclerosis

Trauma

Trauma

Gray
matter heterotopia

Hippocampal
sclerosis

Hippocampal
sclerosis

Cryptogenic

Viral encephalitis

Gray
matter heterotopia

Focal cortical
dysplasia

Seizure type

Focal clonic seizure

Automatisms

Focal onset to
bilateral tonic-clonic
seizure

Focal onset to
bilateral tonic-clonic
seizure

Automatisms

Behavior arrest

Automatisms, and
focal onset to
bilateral tonic-clonic
seizure

Behavior arrest

Focal onset to
bilateral tonic-clonic
seizure

Automatisms

Focal onset to
bilateral tonic-clonic
seizure

Epilepsy
Syndrome

Epilepsy attributed
to structural causes

Mesial temporal
lobe epilepsy with
hippocampal
sclerosis

Frontal lobe
epilepsy

Frontal lobe
epilepsy

Epilepsy attributed
to heterotopia

Mesial temporal
lobe epilepsy with
hippocampal
sclerosis

Mesial temporal
lobe epilepsy with
hippocampal
sclerosis

Epilepsy of
unknown cause
Epilepsy attributed
to infection

Epilepsy attributed
to heterotopia

Epilepsy attributed
to focal cortical
dysplasia

MRI Lesion

Softening of left
parietal lobe

Hippocampal
sclerosis

None

None

Subependymal
gray

matter heterotopia
Hippocampal
sclerosis

Hippocampal
sclerosis

None

Bilateral temporal
lobe atrophy

Subependymal
gray

matter heterotopia
Focal cortical
dysplasia in left
frontal lobe

Cathode

Between
C3-

FC1

F7

F4

F4

F7

Between
C3-F3
F7/F8

F7/F8

Between
F4-Fz

Anode

rSO°

rSO

P

p7

rSO

rSO

1s0d

rSO

rSO/ISO

rSO/ISO

R

Seizure frequency
(baseline/follow-
up) unit: times/4

weeks)

80/77

1/4

1

1/3

3/1

10/14

o7

7714

12/9

5/10

28/28





OPS/images/logo.jpg
, frontiers .
in Human Neuroscience





