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Background: Increasing evidence regarding the neural correlates of excessive or pathological internet use (IU) has accumulated in recent years, and comorbidity with depression and autism has been reported in multiple studies. However, psychological and neural correlates of non-clinical IU in healthy individuals remain unclear.

Objectives: The aim of the current study was to investigate the relationships between non-clinical IU and functional connectivity (FC), focusing on the brain’s motivation network. We sought to clarify the influence of depression and autistic traits on these relationships in healthy individuals.

Methods: Resting-state functional magnetic resonance imaging (fMRI) was performed in 119 healthy volunteers. IU, depression, and autistic traits were assessed using the Generalized Problematic Internet Use Scale 2 (GPIUS2), Beck Depression Inventory-II (BDI-II), and the autism spectrum quotient (AQ) scale, respectively. Correlational analyses were performed using CONN-software within the motivation-related network, which consisted of 22 brain regions defined by a previous response-conflict task-based fMRI study with a reward cue. We also performed mediation analyses via the bootstrap method.

Results: Total GPIUS2 scores were positively correlated with FC between the (a) left middle frontal gyrus (MFG) and bilateral medial prefrontal cortex; (b) left MFG and right supplementary motor area (SMA); (c) left MFG and right anterior insula, and (d) right MFG and right insula. The “Mood Regulation” subscale of the GPIUS2 was positively correlated with FC between left MFG and right SMA. The “Deficient Self-Regulation” subscale was positively correlated with FC between right MFG and right anterior insula (statistical thresholds, FDR < 0.05). Among these significant correlations, those between GPIUS2 (total and “Mood Regulation” subscale) scores and FC became stronger after controlling for AQ scores (total and “Attention Switching” subscale), indicating significant mediation by AQ (95% CI < 0.05). In contrast, BDI-II had no mediating effect.

Conclusion: Positive correlations between IU and FC in the motivation network may indicate health-promoting effects of non-clinical IU. However, this favorable association is attenuated in individuals with subclinical autistic traits, suggesting the importance of a personalized educational approach for these individuals in terms of adequate IU.
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INTRODUCTION

Internet use (IU) is a widespread and unique feature of modern human society. IU can involve various activities, such as obtaining information, gaming, online shopping, and communications via social networking services (SNS). Many aspects of daily life have been dramatically facilitated by IU.

A number of studies have suggested that excessive IU (EIU), particularly internet addiction and internet gaming disorder (American Psychiatric Association, 2013), have negative impacts on mental status (Chen et al., 2018). Among these two types of EIU, internet gaming disorders are particularly prevalent among younger populations, including adolescents, in East Asia (Liu J. et al., 2017).

Excessive IU is now regarded as a behavioral addiction that shares common pathophysiological mechanisms with compulsive shopping and pathological gambling. The reward-deficiency syndrome (RDS) hypothesis is the most influential predictive framework regarding the development of addiction, including behavioral addiction (Blum et al., 2008, 2014). The RDS hypothesis proposes that reduced dopaminergic neurotransmission, based on genetic background, underlies addiction (Blum et al., 2008).

Recent structural neuroimaging studies have demonstrated gray matter volume reduction in prefrontal brain regions including the orbitofrontal cortex (OFC) (Jin et al., 2016; Wang Z. et al., 2018), dorsolateral prefrontal cortex (DLPFC), anterior cingulate cortex (ACC), supplementary motor area (SMA) (Jin et al., 2016), and temporo-parietal regions (Wang Z. et al., 2018). A study has also reported decreased cortical thickness in the OFC and temporo-parietal regions (Wang Z. et al., 2018) in people with EIU. Additionally, diffusion tensor imaging has revealed lower structural connectivity in the ventral tegmental area (VTA)-nucleus accumbens (NAcc) tracts of people with EIU (Wang R. et al., 2018). These results indicate structural deficits in brain regions that are part of the reward system. These structural deficits have been demonstrated by different measures and imaging modalities, and are also consistent with positron emission tomography (PET) observations of decreased dopamine (DA) D2 receptor availability in the striatum of people with EIU, which indicates an attenuated reward system (Kim et al., 2011; Tian et al., 2014). A functional magnetic resonance imaging (fMRI) study also demonstrated the involvement of reward-system deficiency in people who frequently play online games, reporting lower brain activity in the ventral striatum when anticipating small or large monetary rewards (Hahn et al., 2014).

Resting-state fMRI (rs-fMRI) has revealed a number of networks that are consistently found in healthy people and represent specific patterns of synchronous activity (Rosazza and Minati, 2011). In addition to task-based fMRI, evaluation of resting-state functional connectivity (RSFC) provides an opportunity to characterize distributed circuit abnormalities in EIU (Ko et al., 2015; Wang et al., 2017). Jin et al. (2016) conducted a rs-fMRI analysis using brain regions in which volume reductions were found (OFC, DLPFC, ACC, and SMA) as the seeding areas and found that people with EIU exhibited lower functional connectivity (FC) between the seeds and several cortical regions, including temporal cortices, occipital cortices, and the insula (Ins). Moreover, they also found that EIU was associated with significantly lower FC between the seeds and subcortical regions, including the dorsal striatum, pallidum, and thalamus. Finally, some of these differences were associated with the severity of EIU (Jin et al., 2016). Another rs-fMRI study also demonstrated lower FC between VTA-NAcc and the OFC within reward circuitry (Wang R. et al., 2018) and lower RSFC between the amygdala and the DLPFC (Ko et al., 2015). Taken together, these findings from structural and functional imaging studies indicate that reward-system function is attenuated in EIU.

Key regions of the reward system constitute a functional network called the “motivation network” (Kinnison et al., 2012). This network includes brain regions activated by a reward-related paradigm (Padmala and Pessoa, 2011). It consists of 22 regions of interest (ROIs) that are mutually well-synchronized; the bilateral intraparietal sulcus (IPS), medial prefrontal cortex (MPFC), frontal eye field (FEF), middle frontal gyrus (MFG), anterior insula (aIns), midbrain (MB), putamen (Put), caudate (Caud), NAcc, left inferior parietal lobule (IPL), right rostral anterior cingulate cortex (rACC), SMA, and left precentral gyrus (PCG). In addition to midbrain and basal ganglia that constitute the central core of the reward system, these ROIs include several cortical regions that are well-synchronized with the core regions (Kinnison et al., 2012). Although the studies mentioned above have suggested abnormalities in multiple regions of the reward system in EIU, they have not explicitly investigated FC within the reward/motivation network.

At the same time, according to epidemiological surveys and their meta-analysis, EIU is associated with a variety of psychiatric disorders, typically depression, attention-deficit hyperactivity disorder, anxiety, obsessive-compulsive disorder, and autism spectrum disorder (ASD) (Ko et al., 2008; Carli et al., 2013; Ho et al., 2014; Nakayama et al., 2017; Kim et al., 2018; Kitazawa et al., 2018). Among these comorbidities, depression is the most commonly reported psychiatric feature. Kitazawa et al. (2018) demonstrated the relationship between EIU and depressive state in a general population of university students. Additionally, the short alleles of the serotonin transporter (5HTTLPR) polymorphism are known to be associated with depression (Wrase et al., 2006), and this common polymorphism was also demonstrated in EIU (Lee et al., 2008). Further, Kraut et al. (2002) introduced a “rich get richer” model in which the internet provides more benefits to those who are already well-adjusted, and in contrast, poorly adjusted adolescents with depression may suffer more deleterious effects from heavy IU, thereby creating a vicious circle.

Evidence also suggests a possible relationship between EIU and ASD (MacMullin et al., 2016; So et al., 2017), including subclinical autistic traits (Finkenauer et al., 2012; Romano et al., 2013, 2014; Liu S. et al., 2017). MacMullin et al. (2016) reported that individuals with ASD had greater compulsive IU than individuals without ASD. Finkenauer et al. (2012) reported that adults with high autistic traits could be accurately predicted to have compulsive IU. This finding is supported by several reports demonstrating positive correlations between IU and autistic traits in college students (Romano et al., 2013, 2014).

From a therapeutic point of view, treating psychiatric comorbidities of EIU is just as important as dealing with EIU itself. Nakayama et al. (2017) reported that psychosocial therapies (including cognitive behavioral therapy) for EIU and pharmacotherapies (including antidepressants) for comorbid psychiatric or developmental disorders have been effective at reducing the degree and symptoms of EIU. Likewise, Ko et al. (2008) suggested that psychiatric disorders comorbid with EIU should be evaluated and treated to prevent the worsening of EIU prognoses. They also proposed that recognizing the possibility of EIU is important when treating people with psychiatric disorders. In the current study, among the many possible comorbidities, we focused on depression (the most common comorbidity) and autistic traits that might be associated with restricted or repetitive/compulsive IU.

Despite the experimental evidence regarding EIU described above, the psychological correlates and neural underpinning of normal/adequate levels of IU have received relatively little research attention. Although the neural and psychological correlates of non-clinical IU are still unclear, we assumed two hypotheses: (1) the mechanisms of non-clinical IU are continuous with those of EIU, suggesting that IU, even at a mild level, constitutes a potential prodromal stage of EIU; and (2) the mechanisms of non-clinical IU are different from those of EIU, suggesting that, if not excessive, IU might have neutral effects or health benefits despite the potential for developing into a pathology. For example, a brain volumetric study demonstrated that online social network size was positively correlated with human brain size in healthy individuals (Kanai et al., 2012), indicating IU for social interaction might positively influence our brain. Furthermore, it is currently unclear how co-existent depressive tendencies or autistic traits affect the level of non-clinical IU, as well as the relationship between IU and brain function.

In the current study, we investigated the psychological correlates and neural underpinnings of normal levels of IU using resting-state fMRI (rs-fMRI), focusing on the FC within the reward/motivation network (Kinnison et al., 2012). We also investigated whether depression and autistic traits modulate the relationship between IU and FC. We hypothesized that the degree of IU would be associated with FC within the motivation network, and that depression and autistic traits would modulate the association between IU and FC.

MATERIALS AND METHODS

Participants

Participants were 119 healthy volunteers (44 females; 35.7 ± 14.5 years, all right-handed). Two well-trained psychiatrists confirmed that no participant had any psychiatric disorder or severe medical or neurological illness.

Estimated intelligence quotients (IQs) were measured with the Japanese Version of the Adult Reading Test (JART; Matsuoka et al., 2006), and all participants fell within the normal range. After the experimental procedures were fully explained, all participants provided written informed consent before study participation.

The study was approved by Ethics Committee of the Kyoto University Graduate School and Faculty of Medicine, and was conducted in accordance with the guidelines of the Declaration of Helsinki.

Psychological Questionnaire

Generalized Problematic Internet Use Scale 2 (GPIUS2; Caplan, 2010)

The GPIUS2 is a self-rating questionnaire that assesses an individual’s degree of IU. It contains 15 items, and responses are collected using an 8-point Likert-like scale. Total GPIUS2 scores range from 15 to 105, with five subscales: “Preference for Online Social Interaction (POSI),” “Mood Regulation (MR),” “Compulsive Use (CU),” “Cognitive Preoccupation (CP)” and “Negative Outcomes.” Each subscale has three items. An additional “Deficient Self-Regulation (DSR)” subscale can be calculated by summing CU and CP (Caplan, 2010). In the current study, the combined “Deficient Self-Regulation” subscale was used for statistical analyses. Higher GPIUS2 scores indicate greater IU. The original GPIUS2 has been validated (Caplan, 2010). We used the Japanese translation of the original version according to the following process: a qualified clinical psychiatrist together with a cognitive science researcher proficient in both Japanese and English translated the scale into Japanese. The psychiatrist had clinical experience in EIU-related cases, and the cognitive science researcher had experience in the translation and adaptation of psychological measures. When disagreements in language usage occurred, consensus was reached by involving a third researcher who was an expert in psychometrics. This helped ensure both linguistic and functional equivalence. The draft was then back-translated by two bilingual couples, in which at least one was a native Japanese speaker and at least one was a native English speaker. The psychiatrist and the cognitive science researcher compared the original scale to the back-translated version, and checked for semantic discrepancies. Finally, minor problems in Japanese expression were corrected.

Reliability and validity of the questionnaire was assessed as follows: First, the split-half coefficient scores (Spearman–Brown’s formula, ρ = 0.953) and internal consistency reliability (Cronbach’s α = 0.914) of the questionnaire suggested a high-level of reliability. Additionally, Cronbach’s alpha essentially did not change even after excluding any of the five subscales, indicating appropriate inclusion of all subscales in the original version. Furthermore, the mean GPIUS2 total score and the subscale scores in the current study (Table 1) were essentially the same as those from the study of healthy volunteers in which the original version of GPIUS2 was validated (Caplan, 2010). These results indicate that the Japanese translation of the GPIUS2 that we used in our study was constructed well in terms of reliability and concurrent validity.

TABLE 1. Participant demographics.
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Beck Depression Inventory-II (BDI-II; Beck et al., 1961)

The BDI-II was used as a measurement of depressive state. This scale consists of 21 items in which scores range from 0 to 63. Higher BDI-II scores indicate more severe depressive tendencies. We used the Japanese version of the BDI-II with validity that was previously confirmed by the Center for Epidemiologic Studies Depression Scale (CES-D), as well as confirmed internal consistency reliability (Cronbach’s α = 0.87) and item homogeneity (the mean inter-item correlation coefficient was 0.24) (Kojima et al., 2002).

Autism Spectrum Quotient (AQ)

The AQ is a self-report questionnaire for assessing the degree of autistic traits (Baron-Cohen et al., 2001; Wakabayashi et al., 2006). Each of the 50 items is given a score of one if the respondent reports abnormal or autistic-like behavior either mildly or strongly. In addition to the total score, the AQ generates scores for five subscales; “Social skill,” “Attention switching,” “Attention to detail,” “Communication,” and “Imagination.” Higher AQ scores indicate more severe autistic traits.

MRI Acquisition

Structural MRI data were acquired using 3-dimensional magnetization-prepared rapid gradient-echo (3D-MPRAGE) sequences. Ten-minute resting-state data were acquired while participants kept their eyes open using a single-shot gradient-echo echo planar imaging (EPI) pulse sequence on a 3-Tesla MRI unit (Tim-Trio; Siemens, Erlangen, Germany) with a 40-mT/m gradient and a receiver-only 32-channel phased-array head coil. Head movement was minimized within the head coil with foam rubber pads. At resting-state data acquisition, we instructed participants to visually concentrate on a fixation cross in the center of the screen while avoiding thinking about anything specific. The parameters for the 3D-MPRAGE images were as follows: echo time (TE), 3.4 ms; repetition time (TR), 2000 ms; inversion time, 990 ms; field of view (FOV), 225 × 240 mm; matrix size, 240 × 256; resolution, 0.9375 mm × 0.9375 mm × 1.0 mm; and 208 total axial sections without intersection gaps. Parameters for the resting-state data were as follows: TE, 30 ms; TR, 2500 ms; flip angle, 80°; FOV, 212 × 212 mm; matrix size, 64 × 64; in-plane spatial resolution, 3.3125 mm × 3.3125 mm; 40 total axial slices; and slice thickness, 3.2 mm with 0.8-mm gaps in ascending order. A dual-echo gradient-echo dataset for B0-field mapping was also acquired for distortion correction.

Image Preprocessing

The rs-fMRI dataset was corrected for EPI distortion using FMRIB’s Utility for Geometrically Unwarping EPIs (FUGUE), which is part of the FSL software package (FMRIB’s software library ver. 5.0.9)1 and which unwarps the EPI images based on fieldmap data. Artifact components and motion-related fluctuations were then removed from the images using FMRIB’s ICA-based X-noiseifier (FIX) (Griffanti et al., 2014).

The preprocessed rs-fMRI and structural MRI data were then processed using the CONN-fMRI Functional Connectivity toolbox (ver.17e)2 with the statistical parametric mapping software package SPM12 (Wellcome Trust Centre for Neuroimaging)3. First, all functional images were realigned and unwarped, slice-timing corrected, coregistered with structural data, spatially normalized into the standard MNI space (Montreal Neurological Institute, Canada), outlier detected (ART-based scrubbing), and smoothed using a Gaussian kernel with a full-width-at-half maximum (FWHM) of 8 mm. All preprocessing steps were conducted using a default preprocessing pipeline for volume-based analysis (to MNI-space). Structural data were segmented into gray matter, white matter (WM), and cerebrospinal fluid (CSF), and normalized in the same default preprocessing pipeline. Principal components of signals from WM and CSF, as well as translational and rotational movement parameters (with another six parameters representing their first-order temporal derivatives), were removed using covariate regression analysis by CONN. Using the implemented CompCor strategy (Behzadi et al., 2007), the effect of nuisance covariates, including fluctuations in rs-fMRI signals from WM, CSF, and their derivatives, as well as realignment parameter noise, were reduced. As recommended, band-pass filtering was performed with a frequency window of 0.008–0.09 Hz. This preprocessing step was found to increase retest reliability. Before running FIX, movement during rs-fMRI was evaluated using framewise displacement, which quantifies head motion between each volume of functional data (Power et al., 2012). Participants were excluded if the number of volumes in which head position was 0.5 mm different from adjacent volumes was more than 20%. In actuality, no participant was excluded according to this criterion.

Functional Connectivity Analysis

We conducted a region of interest (ROI)-to-ROI FC analysis. We specified 22 spherical clusters with 10-mm diameters and peak-coordinates based on a previous motivation-related functional MRI study (Kinnison et al., 2012). The ROIs were located in the bilateral IPS (IPS_R: x = 24, y = -54, z = 40, IPS_L: -27, -52, 41), MPFC (MPFC_R: 6, 8, 39, MPFC_L: -8, 7, 39), FEF (FEF_R: 34, -11, 48, FEF_L: -31, -12, 50), MFG (MFG_R: 26, 46, 25, MFG_L: -28, 35, 29), aIns (aIns_R: 31, 17, 11, aIns_L: -35, 26, 5), Midbrain (MB_R: 7, -15, -8, MB_L: -10, -18, -8), Put (Put_R: 17, 9, -2, Put_L: -19, 9, 2), Caud (Caud_R: 10, 9, 2, Caud_L: -10, 9, 2), NAcc (NAcc_R: 13, 6, -7, NAcc_L: -13, 6, -7), left IPL (IPL_L: -28, -42, 41), right rACC (rACC_R: 13, 39, 8), right SMA (SMA_R: 0, -6, 57), and PCG (PCG_L: -48, -4, 37).

Statistical Analysis

The association between GPIUS2 total score and each of the subscales, and the association between FC values of the two ROIs in the motivation network were calculated using CONN with age and gender as covariates of a functional connectivity analysis. Relationships between GPIUS2 scores and the FC values indicated statistical significance if false discovery rate (FDR) corrected p-values were less than 0.05.

A one-sample Kolmogorov–Smirnov test revealed that the data were mixed in their distribution. Therefore, to test the correlations between GPIUS2 and AQ or BDI-II, Pearson’s correlation coefficients were used if an initial exploration of the dataset suggested normal distribution of the data and Spearman’s rank-correlation coefficients were used if the data were not normally distributed. Owing to the exploratory nature of this study, correction for multiple comparisons was not applied for these correlations, and an uncorrected p-value of 0.05 was regarded as the statistical threshold of significance.

Mediation analysis was used to investigate whether depressive state (indexed by BDI-II) or autistic traits (indexed by AQ) mediated the association between IU and FC values. A non-parametric bootstrap method was applied to test the mediation path (indirect effect of independent variables on the dependent variable through a mediator). An estimate of the indirect effect was the mean, computed using 2000 bootstrap samples, and the 95% bias-corrected confidence interval. The mediation effect was considered to be significant at p < 0.05.

RESULTS

Psychological Data

Demographic information and scores on the GPIUS2, BDI-II, and AQ are summarized in Table 1. The scores on the BDI-II and AQ were at subclinical levels (mean [SD] = 6.1 [5.9]/18.5 [7.8], respectively). Although the GPIUS2 has no cutoff value for diagnosing EIU, the mean GPIUS2 total score and the means of the subscales in this study were similar to those from another study of healthy volunteers (Caplan, 2010), suggesting they were also subclinical in level (36.2 [15.7]) (Table 1).

Correlational Analyses Between GPIUS2 and FC

Correlations between GPIUS2 scores and FC within the motivation network are shown in Figure 1. GPIUS2 total scores were positively correlated with FC values between (a) left MFG and bilateral MPFC (left/right; T [115] = 3.07/2.97, p = 0.038/0.038), right SMA (T [115] = 2.75, p = 0.048), and right aIns (T [115] = 2.65, p = 0.048) (b) right MFG and right aIns (T [115] = 3.18, p = 0.039). Scores on the GPIUS2 MR subscale were positively correlated with FC between left MFG and right SMA (T [115] = 3.43, p = 0.018). Scores on the GPIUS2 DSR subscale were positively correlated with FC between right MFG and right aIns (T [115] = 3.72, p = 0.006) (all statistical thresholds were FDR < 0.05). No other FC exhibited significant associations with any GPIUS2 score.
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FIGURE 1. Correlations between (A) GPIUS2 total scores/ (B) mood regulation subscale/ (C) deficient self-regulation and functional connectivity values among motivation network. MFG, middle frontal gyrus; SMA, supplementary motor area; aIns, anterior insula; MPFC, medial prefrontal cortex; L, left; R, right; ROIs_Motivation. Mo, regions of interest within motivation network.



Mediation Analysis

We found no correlation between BDI-II scores and GPIUS2 total scores or subscale scores (Table 2). BDI-II had no mediating effect on the association between GPIUS2 scores and FC within the motivation network.

TABLE 2. Correlations between BDI-II and GPIUS2 scores.
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A schematic representation of the relationship among GPIUS2, AQ, and FC is shown in Figure 2. In brief, GPIUS2 scores were positively correlated with AQ scores, regardless of whether total or subscale scores were examined, whereas AQ scores were negatively correlated with FC values (Figure 2). The summary of the mediation analysis is as follows: (1) AQ total scores mediated the association between GPIUS2 total scores and FC between left MFG and right MPFC; (2) The scores on the AQ subscale “Attention switching” mediated the association between GPIUS2 total scores and the FC values of (a) left MFG-MPFC bilaterally, and right SMA; (3) Scores on the “Attention switching” subscale also mediated the association between scores on the GPIUS2 “mood regulation” subscale and FC between the left MFG and right SMA. In the analyses of (1), (2), and (3) mentioned above, the bootstrap method revealed that zero was not within the 95% CI of the indirect effect for GPIUS2 scores (independent variable) on FC values (dependent variable) through AQ scores (mediator), indicating a significant mediation effect (p < 0.05, Table 3). No other mediation effect was found on the association between GPIUS2 scores and FC values.
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FIGURE 2. Schematic representation of the relationship among internet use, autistic traits, and functional connectivity. (+) and (–) mean the direction of standardized coefficients between GPIUS2 and FC, GPIUS2 and AQ, and AQ and FC, respectively. GPIUS2, Generalized Problematic Internet Use Scale 2; AQ, Autism Spectrum Quotient; FC, functional connectivity correlated with GPIUS2 scores.



TABLE 3. Results from mediation analysis.
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Among the 119 participants, four had high AQ scores (>33 points, which is the cutoff value for suspecting a clinical disorder) and two had high BDI-II scores (>20, suspected to be moderately depressed). One participant had high AQ and BDI-II scores. Three participants had high GPIUS2 total scores (outlier, ≥2 SD from the mean, although no cutoff value exists for the GPIUS2), and among these three, all had either high AQ or BDI-II scores. Therefore, we performed an additional mediation that excluded these five participants (N = 114) to test whether including them was valid. These new results were essentially the same as the initial results that were obtained before exclusion.

DISCUSSION

This is the first study to investigate the neural underpinnings of IU in healthy participants, focusing on the association between IU and the motivation network. We also investigated whether depressive states and autistic traits mediated the relationships between IU and FC values within the motivation network.

Importantly, the current results revealed a positive correlation between IU and FC values within the reward/motivation network. In past EIU studies, evidence suggested that the degree of IU is associated with various neurobiological measures. For example, reports indicate that the severity of IU is associated with lower D2 receptor binding potential (Kim et al., 2011; Tian et al., 2014), lower neural activation during anticipation of small and large monetary reward in ventral striatum (Hahn et al., 2014), and reduced RSFC between VTA-NAcc and OFC (Wang R. et al., 2018). These findings are all in line with the concept of attenuated reward-system function. Our current finding of a positive correlation between IU and FC within the motivation network indicates that subclinical levels of IU might act to maintain reward/motivation-network integrity.

Among the reward/motivation network ROIs that we studied, MFG, MPFC, SMA, and aIns were the regions among which FC values between two regions were positively correlated with the degree of IU. Considering that the frontal cortex receives DA projection A10 from the VTA (Fujiwara et al., 2012) and synchronizes with aIns within the reward/motivation network (Kinnison et al., 2012), greater IU in healthy individuals appears to be associated with enhanced reward/motivation-network function among these regions. Although the brain parameters investigated in previous neuroimaging studies of EIU were varied, most (but not all) of them suggest weakened or disturbed function within or connected to regions of the reward/motivation system. Jin et al. (2016) performed multi-modal imaging and reported cortical gray matter volume reduction in the SMA of individuals with EIU. Using SMA as a seed region, they demonstrated lower FC between the SMA and the Ins. Wang R. et al. (2018) focused on investigating FC in the reward system and found reduced RSFC between mesolimbic and cortical regions, supporting the RDS hypothesis for EIU.

The assumption that IU will gradually develop into EIU over a continuum is reasonable. However, our finding of a positive correlation (not negative) between IU and FC might be related to the characteristics of our participants, namely, subclinical levels of IU if any, and without psychiatric comorbidities. Additionally, in most previous studies, participants were pathologically heavy users of online gaming. Therefore, the discrepancy between our current results and those from previous reports might be related to differences between light and heavy Internet users and/or differences in the reasons they used the internet, as most previous studies focused on internet gaming.

Among the GPIUS2 subscales, we found that Mood Regulation (MR) and Deficient Self-Regulation (DSR) were associated with FC within the motivation network. Using the internet for mood regulation has been suggested previously (Caplan, 2002, 2007; LaRose et al., 2003). Caplan (2002) found that MR was a significant cognitive predictor of negative outcomes associated with IU. In a later study, Caplan (2007) argued that socially anxious individuals may prefer online interaction (that is, POSI) because it represents a way to mitigate their anxiety about self-presentation in interpersonal situations. LaRose and colleagues’ work on the socio-cognitive model of unregulated IU also emphasizes the role of MR in the development of DSR (LaRose et al., 2003). DSR refers to a failure to adequately monitor one’s use, judge one’s usage behaviors, and adjust one’s pattern of use (Bandura, 1991). Thus, DSR conceptually represents a higher-order construct that reflects the interplay between compulsive behavior (corresponding to CU) and symptoms of obsessive thought (corresponding to CP) in GPIUS2 (Caplan, 2010). Intuitively, higher scores on the MR and DSR subscales would be expected to lead to negative outcomes in daily behavior and mental health. However, as long as their scores do not reach pathological levels, as we found here, higher scores on these subscales might be expected to have positive effects that encourage individuals to engage in various activities through the internet, which might increase their general levels of motivation. In contrast, the other two subscales (POSI and “Negative Outcomes”) were not associated with FC within the reward/motivation network. One possible reason is that a floor effect emerged due to the smaller mean scores and smaller variances of these two subscales.

We also asked whether depression or autistic traits mediate the association between IU and FC. Unlike other studies that have suggested significant relationships between EIU and depression (Cheng et al., 2018; Kim et al., 2018; Kitazawa et al., 2018), we did not find any correlations between BDI-II and GPIUS2 scores in the current study. Additionally, our results indicated that depression levels do not mediate (positively or negatively) the relationship between IU and FC. This discrepancy with past results could be due to the low levels of depression in the current study sample.

In contrast, AQ total score and the “Attention switching” subscale did mediate the association between IU and FC values. GPIUS2 scores were positively correlated with AQ scores (Table 3, “Effect of independent variable to mediator”), regardless of whether total or subscale scores were analyzed. AQ scores were negatively correlated with FC (Table 3, “Direct effect of mediator,” Figure 2). Importantly, correlation coefficients between IU and FC values increased after controlling for autistic traits, indicating that autistic traits at subclinical levels might have attenuated the positive effects of IU on the integrity of the motivation network. Indeed, autistic traits in non-clinical populations have been suggested to be associated with EIU (Finkenauer et al., 2012; Romano et al., 2013, 2014; Liu S. et al., 2017; So et al., 2017). Thus, non-clinical levels of IU appear to share common factors with EIU, in the sense that autistic traits negatively impact the ability to maintain and foster motivation in both situations. Because the internet is an important and growing source of information and of connectedness with others, and because it might help individuals with autistic traits by offering a safe environment in which to interact with others (Burke et al., 2010), approaches to encourage safe use of the internet should be considered. Previous research regarding IU has reported that autistic traits in the general population were associated with compulsive IU (Finkenauer et al., 2012). Other studies have reported that obsessive traits in particular (i.e., restricted and/or repetitive tendencies) were associated with EIU in clinical and non-clinical populations with greater autistic traits (MacMullin et al., 2016; Shane-Simpson et al., 2016). Lower social connectedness has been reported to be associated with EIU in individuals with non-clinical (but higher) autistic traits (Liu S. et al., 2017). Taken together, these findings suggest that exacerbation of “restricted and/or repetitive tendencies” might lead to compulsive use of the internet in situations in which individuals are socially isolated. If so, IU while maintaining various offline activities might prevent EIU. In addition, given the effect of gender on EIU characteristics (Finkenauer et al., 2012) and the relationship between EIU and decreased emotional regulation and trait-anxiety in individuals with higher autistic traits (Romano et al., 2014; Liu S. et al., 2017), individual factors should be considered when developing interventions for EIU.

The current study has several limitations that should be considered. First, we did not investigate the relationship between IU and FC in participants with a clinical disorder. Determining appropriate levels of IU in terms of mental health promotion will require further investigation of clinical cases and comparison with healthy volunteers. Second, the current study had a cross-sectional design. A longitudinal follow-up study is necessary to clarify the causal relationship between IU and FC. Finally, we did not examine the details of participant internet use, such as its purpose (e.g., internet browsing, shopping, gaming, or SNS), or the devices each participant used on a daily basis (e.g., PC vs. mobile device). Future studies are needed to determine whether the purpose or type of device used for IU have an effect on brain functional connectivity within the reward/motivation system.

CONCLUSION

We examined the neural underpinnings of IU in healthy participants and found a positive effect of IU on brain function and mental health. However, the results also revealed that the presence of autistic traits changed this relationship. A longitudinal follow-up study investigating both clinical (internet-addicted individuals) and subclinical populations is needed to clarify appropriate levels of IU.

AUTHOR CONTRIBUTIONS

HF conceived, designed, and conducted the experiments, acquired and analyzed the data, and drafted the manuscript. TM, SY, and HF contributed to the conception of the study, interpretation of data, and revisions for critically important intellectual content. KK, TU, and NO contributed to the design and data acquisition, interpretation of data, and drafting the manuscript. All authors approved the final manuscript for submission and agree to be accountable for all aspects of the work, including the assurance that questions related to the accuracy or integrity of any part are appropriately investigated and resolved.

FUNDING

This project was funded by Grant-in-Aid for Scientific Research on Innovative Areas (Ministry of Education, Culture Sports, Science and Technology, Japan, Project Numbers: 16H06402, 16H06395, and 16H06397), Grant-in-Aid for Scientific Research (C) (Japan Society for The Promotion of Science, 16K01790), Daiwa Securities Health Foundation, the Nakatomi Foundation, and the Impulsing Paradigm Change through Disruptive Technologies Program (ImPACT) Program of the Council for Science, Technology and Innovation (Cabinet Office, Government of Japan, 2015-PM11-08-01).

ACKNOWLEDGMENTS

We thank Benjamin Knight, MSc. and Adam Phillips, Ph.D., from Edanz Group (www.edanzediting.com/ac) for editing a draft of this manuscript.

FOOTNOTES

1 http://www.fmrib.ox.ac.uk/fsl

2 www.nitrc.org/projects/conn

3 http://www.fil.ion.ucl.ac.uk/spm

REFERENCES

American Psychiatric Association (2013). Diagnostic and Statistical Manual of Mental Disorders (DSM-5), “Conditions for Further Study” Chapter in DSM-5 Section III. Virginia: American Psychiatric Association.

Bandura, A. (1991). Social cognitive theory of self-regulation. Organ. Behav. Hum. Decis. Process. 50, 248–287. doi: 10.1016/0749-5978(91)90022-L

Baron-Cohen, S., Wheelwright, S., Skinner, R., Martin, J., and Clubley, E. (2001). The Autism-Spectrum Quotient (AQ): evidence from Asperger syndrome/ high functioning autism, males and females, scientists and mathematicians. J. Autism. Dev. Disord. 31, 5–17. doi: 10.1023/A:1005653411471

Beck, A. T., Ward, C. H., Mendelson, M., Mock, J., and Erbauch, J. (1961). An inventory for measuring depression. Arch. Gen. Psychiatry 4, 561–571. doi: 10.1001/archpsyc.1961.01710120031004

Behzadi, Y., Restom, K., Liau, J., and Liu, T. T. (2007). A component based noise correction method (CompCor) for BOLD and perfusion based fMRI. Neuroimage 37, 90–101. doi: 10.1016/j.neuroimage.2007.04.042

Blum, K., Chen, A. L., Chen, T. J., Braverman, E. R., Reinking, J., Blum, S. H., et al. (2008). Activation instead of blocking mesolimbic dopaminergic reward circuitry is a preferred modality in the long term treatment of reward deficiency syndrome (RDS): a commentary. Theor. Biol. Med. Model. 5:24. doi: 10.1186/1742-4682-5-24

Blum, K., Oscar-Berman, M., Demetrovics, Z., Barh, D., and Gold, M. S. (2014). Genetic Addiction Risk Score (GARS): molecular neurogenetic evidence for predisposition to Reward Deficiency Syndrome (RDS). Mol. Neurobiol. 50, 765–796. doi: 10.1007/s12035-014-8726-5

Burke, M., Kraut, R., and Williams, D. (2010). “Social use of computer- mediatedcommunication by adults on the autism spectrum,” in Proceedings of the 2010 ACM Conference on Computer Supported Cooperative Work, (New York, NY: ACM), 425–434. doi: 10.1145/1718918.1718991

Caplan, S. E. (2002). Problematic Internet use and psychosocial well-being: development of a theory-based cognitive-behavioral measure. Comput. Hum. Behav. 18, 533–575. doi: 10.1016/S0747-5632(02)00004-3

Caplan, S. E. (2007). Relations among loneliness, social anxiety, and problematic Internet use. CyberPsychol. Behav. 10, 234–241. doi: 10.1089/cpb.2006.9963

Caplan, S. E. (2010). Theory and measurement of generalized problematic internet use: a two-step approach. Comput. Hum. Behav. 26, 1089–1097. doi: 10.1016/j.chb.2010.03.012

Carli, V., Durkee, T., Wasserman, D., Hadlaczky, G., Despalins, R., Kramarz, E., et al. (2013). The association between pathological internet use and comorbid psychopathology: a systematic review. Psychopathology 46, 1–13. doi: 10.1159/000337971

Chen, K. H., Oliffe, J. L., and Kelly, M. T. (2018). Internet gaming disorder: an emergent health issue for men. Am. J. Mens. Health. 12, 1151–1159. doi: 10.1177/1557988318766950

Cheng, Y.-S., Tseng, P.-T., Lin, P.-Y., Chen, T.-Y., Stubbs, B., Carvalho, A. F., et al. (2018). Internet addiction and its relationship with suicidal behaviors: a meta-analysis of multinational observational studies. J. Clin. Psychiatry 5:17r11761. doi: 10.4088/JCP.17r11761

Finkenauer, C., Pollmann, M. M., Begeer, S., and Kerkhof, P. (2012). Brief report: examining the link between autistic traits and compulsive Internet use in a non clinical sample. J. Autism Dev. Disord. 42, 2252–2256.

Fujiwara, H., Ito, H., Kodaka, F., Kimura, Y., Takano, H., and Suhara, T. (2012). Association between striatal subregions and extrastriatal regions in dopamine D(1) receptor expression: a positron emission tomography study. PLoS One 7:e49775. doi: 10.1371/journal.pone.0049775

Griffanti, L., Salimi-Khorshidi, G., Beckmann, C. F., Auerbach, E. J., Douaud, G., Sexton, C. E., et al. (2014). ICA-based artefact removal and accelerated fMRI acquisition for improved resting state network imaging. Neuroimage 95, 232–247. doi: 10.1016/j.neuroimage.2014.03.034

Hahn, T., Notebaert, K. H., Dresler, T., Kowarsch, L., Reif, A., and Fallgatter, A. J. (2014). Linking online gaming and addictive behavior: converging evidence for a general reward deficiency in frequent online gamers. Front. Behav. Neurosci. 8:385. doi: 10.3389/fnbeh.2014.00385

Ho, R. C., Zhang, M. W. B., Tsang, T. Y., Toh, A. H., Pan, F., Lu, Y., et al. (2014). The association between internet addiction and psychiatric co-morbidity: a meta-analysis. BMC Psychiatry 14:183. doi: 10.1186/1471-244X-14-183

Jin, C., Zhang, T., Cai, C., Bi, Y., Li, Y., Yu, D., et al. (2016). Abnormal prefrontal cortex resting state functional connectivity and severity of internet gaming disorder. Brain Imaging Behav. 10, 719–729. doi: 10.1007/s11682-015-9439-8

Kanai, R., Bahrami, B., Roylance, R., and Rees, G. (2012). Online social network size is reflected in human brain structure. Proc. Biol. Sci. 279, 1327–1334. doi: 10.1098/rspb.2011.1959

Kim, S. H., Baik, S. H., Park, C. S., Kim, S. J., Choi, S. W., and Kim, S. E. (2011). Reduced striatal dopamine D2 receptors in people with Internet addiction. Neuroreport 22, 407–411. doi: 10.1097/WNR.0b013e328346e16e

Kim, Y. J., Jang, H. M., Lee, Y., Lee, D., and Kim, D. J. (2018). Effects of internet and smartphone addictions on depression and anxiety based on propensity score matching analysis. Int. J. Environ. Res. Public Health 15:E859. doi: 10.3390/ijerph15050859

Kinnison, J., Padmala, S., Choi, J. M., and Pessoa, L. (2012). Network analysis revealsincreased integration during emotional and motivational processing. J. Neurosci. 32, 8361–8372. doi: 10.1523/JNEUROSCI.0821-12.2012

Kitazawa, M., Yoshimura, M., Murata, M., Sato-Fujimoto, Y., Hitokoto, H., Mimura, M., et al. (2018). Associations between problematic Internet use and psychiatricsymptoms among university students in Japan. Psychiatry Clin. Neurosci. 72, 531–539. doi: 10.1111/pcn.12662

Ko, C. H., Hsieh, T. J., Wang, P. W., Lin, W. C., Yen, C. F., Chen, C. S., et al. (2015). Altered gray matter density and disrupted functional connectivity of the amygdala in adults with Internet gaming disorder. Prog. Neuropsychopharmacol. Biol. Psychiatry 57, 185–192. doi: 10.1016/j.pnpbp.2014.11.003

Ko, C. H., Yen, J. Y., Chen, C. S., Chen, C. C., and Yen, C. F. (2008). Psychiatric comorbidity of internet addiction in college students: an interview study. CNS Spectr. 13, 147–153. doi: 10.1017/S1092852900016308

Kojima, M., Furukawa, T. A., Takahashi, H., Kawai, M., Nagaya, T., and Tokudome, S. (2002). Cross-cultural validation of the beck depression inventory-II in Japan. Psychiatry Res. 110, 291–229. doi: 10.1016/S0165-1781(02)00106-3

Kraut, R., Kiesler, S., Boneva, B., Cummings, J., Helgeson, V., Crawford, A., et al. (2002). Internet paradox revisited. J. Soc. Issues 58, 49–74. doi: 10.1111/1540-4560.00248

LaRose, R., Lin, C. A., and Eastin, M. S. (2003). Unregulated internet usage: addiction, habit, or deficient self-regulation? Media Psychol. 5, 225–253. doi: 10.1207/S1532785XMEP0503_01

Lee, Y. S., Han, D. H., Yang, K. C., Daniels, M. A., Na, C., Kee, B. S., et al. (2008). Depression like characteristics of 5HTTLPR polymorphism and temperament in excessive internetusers. J. Affect. Disord. 109, 165–169. doi: 10.1016/j.jad.2007.10.020

Liu, J., Nie, J., and Wang, Y. (2017). Effects of group counseling programs, cognitivebehavioral therapy, and sports intervention on internet addiction in east Asia: a systematic review and meta-analysis. Int. J. Environ. Res. Public Health. 14:1470. doi: 10.3390/ijerph14121470

Liu, S., Yu, C., Conner, B. T., Wang, S., Lai, W., and Zhang, W. (2017). Autistic traits and internet gaming addiction in Chinese children: the mediating effect of emotionb regulation and school connectedness. Res. Dev. Disabil. 68, 122–130. doi: 10.1016/j.ridd.2017.07.011

MacMullin, J. A., Lunsky, Y., and Weiss, J. A. (2016). Plugged in: electronics use in youth and young adults with autism spectrum disorder. Autism 20, 45–54. doi: 10.1177/1362361314566047

Matsuoka, K., Uno, M., Kasai, K., Koyama, K., and Kim, Y. (2006). Estimation of premorbid IQ in individuals with Alzheimer’s disease using Japanese ideographic script (Kanji) compound words: Japanese version of national adult reading test. Psychiatry Clin. Neurosci. 60, 332–339. doi: 10.1111/j.1440-1819.2006.01510.x

Nakayama, H., Mihara, S., and Higuchi, S. (2017). Treatment and risk factors of Internet use disorders. Psychiatry Clin. Neurosci. 71, 492–505. doi: 10.1111/pcn.12493

Padmala, S., and Pessoa, L. (2011). Reward reduces conflict by enhancing attentional control and biasing visual cortical processing. J. Cogn. Neurosci. 23, 3419–3432. doi: 10.1162/jocn_a_00011

Power, J. D., Barnes, K. A., Snyder, A. Z., Schlaggar, B. L., and Petersen, S. E. (2012). Spurious but systematic correlations in functional connectivity MRI networks arise from subject motion. Neuroimage 59, 2142–2154. doi: 10.1016/j.neuroimage.2011.10.018

Romano, M., Osborne, L. A., Truzoli, R., and Reed, P. (2013). Differential psychological impact of internet exposure on Internet addicts. PLoS One 8:e55162. doi: 10.1371/journal.pone.0055162

Romano, M., Truzoli, R., Osborne, L. A., and Reed, P. (2014). The relationship between autism quotient, anxiety and internet addiction. Res. Autism Spectr. Disord. 8, 1521–1526. doi: 10.1016/j.rasd.2014.08.002

Rosazza, C., and Minati, L. (2011). Resting-state brain networks: literature review and clinical applications. Neurol. Sci. 32, 773–785. doi: 10.1007/s10072-011-0636-y

Shane-Simpson, C., Brooks, P. J., Obeid, R., Denton, E., and Gillespie-Lynch, K. (2016). Associations between compulsive internet use and the autism spectrum. Res. Autism Spectr. Disord. 23, 152–156. doi: 10.1016/j.rasd.2015.12.005

So, R., Makino, K., Fujiwara, M., Hirota, T., Ohcho, K., Ikeda, S., et al. (2017). The prevalence of internet addiction among a Japanese adolescent psychiatric clinic sample with autism spectrum disorder and/or attention-deficit hyperactivity disorder: a cross-sectional study. J. Autism Dev. Disord. 47, 2217–2224. doi: 10.1007/s10803-017-3148-7

Tian, M., Chen, Q., Zhang, Y., Du, F., Hou, H., Chao, F., et al. (2014). PET imaging reveals brain functional changes in internet gaming disorder. Eur. J. Nucl. Med. Mol. Imaging. 41, 1388–1397. doi: 10.1007/s00259-014-2708-8

Wakabayashi, A., Baron-Cohen, S., Wheelwright, S., and Tojo, Y. (2006). The autism-spectrum quotient (AQ) in Japan: a cross-cultural comparison. J. Autism Dev. Disord. 36, 263–270. doi: 10.1007/s10803-005-0061-2

Wang, L., Shen, H., Lei, Y., Zeng, L. L., Cao, F., Su, L., et al. (2017). Altered default mode, fronto-parietal and salience networks in adolescents with Internet addiction. Addict. Behav. 70, 1–6. doi: 10.1016/j.addbeh.2017.01.021

Wang, Z., Wu, L., Yuan, K., Hu, Y., Zheng, H., Du, X., et al. (2018). Cortical thickness and volume abnormalities in internet gaming disorder: evidence from comparison of recreational Internet game users. Eur. J. Neurosci. doi: 10.1111/ejn.13987 [Epub ahead of print].

Wang, R., Li, M., Zhao, M., Yu, D., Hu, Y., Wiers, C. E., et al. (2018). Internet gaming disorder: deficits in functional and structural connectivity in the ventral tegmental area-Accumbens pathway. Brain Imaging Behav. doi: 10.1007/s11682-018-9929-6 [Epub ahead of print].

Wrase, J., Reimold, M., Puls, I., Kienast, T., and Heinz, A. (2006). Serotonergic dysfunction: brain imaging and behavioral correlates. Cogn. Affect. Behav. Neurosci. 6, 53–61. doi: 10.3758/CABN.6.1.53

Conflict of Interest Statement: 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 © 2018 Fujiwara, Yoshimura, Kobayashi, Ueno, Oishi and Murai. 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-12-00493-t001.jpg
Variables Mean (with SD)

Age 35.7 (14.5)
Sex (male/ female) 74/45

Education year 14.6 (2.4)
GPIUS2_total score 36.2 (15.7)
GPIUS2_preference for online communication 5.8 2.7)
GPIUS2_mood regulation 9.0 5.1
GPIUS2_self regulation 15.0 7.1
GPIUS2_negative outcomes 6.4 3.5)
BDI-II 6.1 (5.9)
AQ_total 18.5 (7.8)
AQ_social skill 3.6 (2.6)
AQ_attention switching 4.4 (2.2)
AQ_attention to details 4.0 2.3)
AQ_communication 2.8 2.2)
AQ_imagination 3.6 2.1)

GPIUS2, Generalized Problematic Internet Use Scale 2; BDI-Il, Beck Depression
Inventory-Il; AQ, Autism Spectrum Quotient.





OPS/images/fnhum-12-00493-t002.jpg
GPIUS2_total score

GPIUS2_preference for online communication
GPIUS2_mood regulation

GPIUS2_self regulation

GPIUS2_negative outcomes

p

0.148
0.062
0.088
0.162
0.094

p-value

0.107
0.502
0.341
0.063
0.309

GPIUS2, Generalized Problematic Internet Use Scale 2; BDI-Il, Beck Depression

Inventory-I.





OPS/images/fnhum-12-00493-t003.jpg
MFG_L- MPFC_R

MFG_L- MPFC_R

MFG_L-SMA R

MFG_L- SMA R

Effect of independent variable to mediator
[ SE  Standardized
regression
weigl

GPIUS? total-AQ total

0461 0,043 0320 =

GPIUS2 total-AQ switch

0051 0.001 0361 -
0051 0.001 0361 -
0051 0.001 0361 .

GPIUS2 mood-AQ switch

0124 0.038 0.284 -

—0.007

-0018

-0.034

-0018

-0018

mediator

SE Standardized

regression
weight
AQ total-FCs
0002 ~0310

AQ switch-FCs
0008 ~0208
0.008 -0.400
0001 -0251

AQ switch-FCs

0007 -0241

0.004
0002

0.004
0002

0008

0010

SE  Standardi

ion
weight

GPIUS2 total- FCs

0001 0.206°

0001 03

GPIUS2 total- FCs

0001 0242
0001 0317°
0001 0206
0001 0350°
0001 0.186°
0001 02770

GPIUS2 mood- FCs

0003 0247

0001 0315°

-0001

-0001

-0.002

-0001

-0002

sE

0001

0001

0001

0.001

0001

Boot 95%CL.

[-0.003378,
~0.000021]

[-0.002534,
~0.000067]

(-0.003846,
~0.000662]

[--002457,
~0.000110]

[-0.006538,
~0.000308]

Ly et R, gt MRG, il onal oys; MPPG, mecil pofontlcotx; A, upolementary motor arss GPIUSZ.roed, Mo Reguaton” subsca o th Gereraleed Frodlemat iame Uss Scale 2
AQ_switch, *Attention Switching” subscale from the Autism Spectrum Quotient. *Without mediating effects, Pwith medlating effects. *p < 0.05, **p <





OPS/images/cross.jpg
3,

i





OPS/images/fnhum-12-00493-g001.jpg
3.1 I 318
o 3 §
= 9 2 ‘
> o J b
‘ Iy /0
o\ w -~ %
LI R
ME,
G\R.
MFG_L =
|
a\nS—
\‘;\
[ C
* 372 I .72 -3.43 N 43
=2
\'P
o )
u
MFG\R
MFG_L =
a\(\S/R‘





OPS/images/fnhum-12-00493-g002.jpg
)

AQ

GPIUS2

)

A 4

FCs






OPS/images/cover.jpg






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





