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Virtual reality (VR) neuropsychological tests have emerged as a method to explore drug effects in real-life contexts in attention deficit hyperactivity disorder (ADHD) children. Functional near-infrared spectroscopy (fNIRS) is a useful tool to measure brain activity during VR tasks in ADHD children with motor restlessness. The present study aimed to explore the acute effects of methylphenidate (MPH) on behavioral performance and brain activity during a VR-based working memory task simulating real-life classroom settings in ADHD children. In total, 23 children with ADHD performed a VR n-back task before and 2 h after MPH administration concurrent with measurements of oxygenated hemoglobin signal changes with fNIRS. Altogether, 12 healthy control (HC) subjects participated in the same task but did not receive MPH treatment. Reaction time (RT) was shortened after MPH treatment in the 1-back condition, but changes in brain activation were not observed. In the 2-back condition, activation of the left dorsolateral prefrontal cortex (DLPFC) and bilateral medial prefrontal cortex (mPFC) was decreased alongside behavioral changes such as shorter RT, lower RT variability, and higher accuracy after MPH administration. Bilateral mPFC activation in the 2-back condition inversely correlated with task accuracy in the pre-MPH condition; this inverse correlation was not observed after MPH administration. In ADHD children, deactivation of the default mode network mediated by mPFC reduced during high working memory load, which was restored through MPH treatment. Our results suggest that the combination of VR classroom tasks and fNIRS examination makes it easy to assess drug effects on brain activity in ADHD children in settings simulating real-life.
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INTRODUCTION

Attention-deficit/hyperactivity disorder (ADHD) is one of the most common neurodevelopmental disorders in children. ADHD is defined by age-inappropriate symptoms of inattention, impulsivity, and hyperactivity. Patients with ADHD exhibit complex multisystem impairments in fronto-cingulo-striato-thalamic and fronto-parieto-cerebellar networks that mediate attention, inhibition, working memory, and timing (1). In addition to higher-order cognitive functions, abnormalities in sensorimotor processing and the default mode network have been identified in ADHD (1). ADHD affects approximately 5% of school-aged children and often persists into adolescence and adulthood (2). Consequently, patients with ADHD often experience impaired academic and social function, which increases the risk of other comorbidities including antisocial behavior, oppositional defiant disorder, and substance abuse (3). Hence, early diagnosis of ADHD and appropriate intervention are critical.

To date, administration of psychostimulant drugs, especially methylphenidate (MPH), has been a treatment of choice for ADHD children (4). However, in up to 30% of patients, MPH is ineffective or can be difficult to administer due to side effects such as insomnia, appetite loss, headaches, and irritability (5). Therefore, studies have been conducted to identify objective functional biomarkers by exploring the neural correlates of MPH effects (1). In these studies, various neuropsychological tests have been used to measure cognitive functions of interest in ADHD subjects. However, the utility of such computer-based tests for evaluating real-world performance is limited, because performance in a laboratory research setting may lack real-world translation. Indeed, traditional computerized neuropsychological tests are criticized for their lack of ecological validity. Similarly, there has been limited progress in research on how psychostimulants operate in real-life environments.

To overcome these limitations, the utility of virtual reality (VR) has been recognized in terms of diagnosis and treatment of ADHD. VR facilitates the creation of dynamic, immersive environments with three-dimensional stimuli in which attention can be tested in an environment comparable to that experienced in the real world, improving ecological validity (6). In the field of assessment, numerous studies have confirmed that continuous performance tests embedded in VR (VR-CPT) are as sensitive and accurate as traditional CPT (7–9). In addition, the efficacy of MPH has been verified through VR-CPT (10) and the effectiveness of VR rehabilitation programs, such as VR neurofeedback or cognitive training, have been demonstrated (6, 11). In a VR environment, training motivation is fostered by providing real-life contexts that connect cognitive training to goals of everyday life.

However, few studies have evaluated brain activity during VR tasks in ADHD patients. One of the reasons for the paucity of research on brain activity during VR tasks is due to difficulties in examination. It is physically challenging to perform functional magnetic resonance imaging (fMRI) or single-photon emission computed tomography (SPECT) scanning while using VR devices, especially for young ADHD patients with motor restlessness. Moreover, research on drug effects requires repeated pre- and post-administration imaging, which necessitates employment of a simple and easy tool to measure brain function. In this context, research using functional near-infrared spectroscopy (fNIRS) has been growing. fNIRS is a non-invasive imaging technique that uses near-infrared light to measure functional brain activity through changes in concentration of oxygenated hemoglobin (HbO) and deoxygenated hemoglobin (Hb). The main advantage of fNIRS over other functional neuroimaging modalities such as fMRI, SPECT, or magnetoencephalography (MEG) is its portability (12). The fMRI, MEG, and SPECT involve the use of large-sized equipment and the patient need to be in the supine position (13). In contrast, fNIRS facilitates the investigation of brain activation in ecologically valid settings as well as repetitive measurements with low-cost, safe, transportable instrumentation in the natural position (14). Furthermore, it is less sensitive to movement artifacts and shows greater spatial resolution than EEG. However, fNIRS can provide information on only cortical activity (13). Its inability to provide information on subcortical levels and cortical-subcortical connectivity can limit its use in studies on psychiatric disorders.

Nevertheless, over the last few years, fNIRS has been used extensively to investigate cortical alterations in patients with various psychiatric disorders, such as schizophrenia; mood, anxiety, and eating disorders; and substance use disorder (13). For example, using fNIRS, Kawakubo et al. (2009) found bilateral prefrontal cortex (PFC) hypoactivation during the verbal fluency task in patients on the autism spectrum disorder (15). In addition, it has been used to measure the therapeutic effect and efficacy of treatment and to identify life-time brain function development in patients with neurodevelopmental disorders such as ADHD to neurodegenerative disorders (13). Considering these previous studies and the advantages mentioned above, fNIRS is seen as a particularly suitable tool for evaluating participants who experience unavoidable movements, such as ADHD patients in clinical settings (16).

Various studies using fNIRS have been conducted in ADHD patients. In most studies using tasks for evaluating attention or inhibition, ADHD patients exhibited lower prefrontal activity than that of healthy control (HC) subjects during the task (17–20) although the results of studies using working memory tasks have been equivocal (21, 22). Furthermore, many studies have investigated the hemodynamic responses of MPH treatments using fNIRS, demonstrating that reduced right inferior frontal gyrus (IFG) and middle frontal gyrus (MFG) activation in ADHD patients compared to HCs was normalized after single-dose MPH administration (23, 24). These results indicate that the neural correlates of MPH effects can be verified with fNIRS.

However, there has been limited research investigating the effects of medication on brain activity using fNIRS in VR tasks which simulates real-life classroom settings. As cognitive skills are ultimately applied in the classroom setting, especially in school aged children, attention and executive function can be better encapsulated in the virtual classroom environment than using traditional computerized neuropsychological tests. Furthermore, previous studies used the Go/No-go and oddball tasks mainly to explore inhibitory function. However, inhibition alone is insufficient to explain the pathophysiological mechanisms of ADHD. Working memory (WM) impairment is considered a core deficit of ADHD associated with prefrontal dysfunction.

WM is defined as the ability to maintain information in an easily accessible state for a short period of time. According to the state-based model, the working memory contents are determined by perceptual & long-term memory representations being in a particular state of accessibility, maintained by neural activities controlled by the attentional processes (Supplementary Figure 1) (25). Information maintenance, an important element of working memory, is regulated by well-operated attentional processes, established by persistent neural activities in the relevant working areas (26). WM plays an important role in rapid processing and attention, and in turn, a large attention span and fast processing speed promote WM (27, 28). Rather than being determined by single brain region, WM appears to depend on good synchronization with the PFC and other brain areas, for example, the parietal cortex (27). In this process, the PFC is responsible for covering task-relevant information and for organizing fronto-parietal activity for sustained attention (29). For efficient activation of the WM network during task execution, the default mode network (DMN), which is activated in baseline cognitive state, performs deactivation coupling (30–32). The DMN is a large-scale brain network that consists of the core region of the medial prefrontal cortex (mPFC) and the postural cingulate/precuneus, along with inferior parietal lobule, lateral temporal cortex, and hippocampus (33). The DMN is largely related to mind wandering, which has known to affect performance of classroom of ADHD patients (34, 35). WM also plays an important role in maintaining focused behavior and improving classroom performance (36).

The N-back task is a well-known working memory paradigm which has been used extensively in functional neuroimaging studies on ADHD (37). A few studies investigated cortical brain activation using fNIRS during the n-back task. Herff et al. (2014) have found that different n-back conditions can be distinguished throughout fNIRS with high accuracy by the changes in hemodynamic response depending on the mental workload (38). Other studies using fNIRS also identified lower prefrontal complexity in patients with ADHD compared to in healthy control during the n-back task (39). However, few studies have explored the effects of MPH in relation to working memory using fNIRS in children with ADHD.

Based on these findings, we aimed to investigate the acute effects of MPH on behavioral performance and brain activity of children with ADHD during a VR n-back task in a virtual classroom setting. To the best of our knowledge, this is the first study using a VR-based working memory task and fNIRS to explore the effects of MPH in ADHD children.



METHODS


Subjects

Altogether, 23 right-handed Korean children with ADHD (age range, 7–16 years; mean age, 9.96 ± 2.82) and 12 healthy control (HC) children (age range, 7–14 years; mean age, 11.33 ± 2.93) participated in this study. The number of participants required for adequate statistical power was based on previous studies that investigated drug effects in ADHD patients through fNIRS (23, 40–42) and a previous study that described the optimal design for functional brain imaging (43). The detailed demographic and clinical characteristics of subjects are listed in Table 1. ADHD patients were recruited by posting a notice on the outpatient clinic of Gangnam Severance Hospital, and the HC were recruited by posting announcements to the local internet community. All participants were interviewed by a psychiatrist to confirm the ADHD diagnosis according to the Diagnostic and Statistical Manual of Mental Disorders, 5th edition (DSM-5) (44). The Mini-International Neuropsychiatric Interview for Children and Adolescents (MINI-KID 6.0) was administered to all participants by certified psychologists (45). Exclusion criteria for participants with ADHD were clinically significant medical or neurological disorders, developmental disabilities including autism spectrum disorder, intellectual disabilities, speech impairments, severe learning disabilities, schizophrenia, bipolar disorder, substance and/or alcohol use disorders, IQ <70, or illiteracy to read consent. Participants in the HC group were excluded if they had current or past history of mental illness, clinically significant medical disease or neurological deficits, IQ <70, and/or illiteracy to read consent. IQ was measured with the Wechsler Intelligence Scale for children (WISC-IV).


Table 1. Demographic and clinical characteristics by group, comprising attention deficit hyperactivity disorder (ADHD) vs. healthy control (HC) subjects.
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Several measurements were conducted to assess the psychological state of participants. The ADHD Rating Scales (ADHD-RS), an 18-question parent rating scale, was used to identify the presence of ADHD in children. Behavioral problems were assessed with the Korean version of the Child Behavior Checklist (CBCL), an 118-item parent-rated scale which queries behavioral problems in the past 6 months (46); Children's Depression Inventory (CDI) (47), a 27-item self-report scale to assess depressive symptoms (48); and State-Trait Anxiety Inventory for Children (STAI-C), a 20-item self-report scale were used to measure anxiety symptoms (49, 50). Simulator Sickness Questionnaire (SSQ), a 16-item self-report questionnaire was used to assess participants' subjective discomfort (disorientation, oculomotor symptoms, and nausea) after exposure to VR programs to measure simulator sickness due to discrepancies between vision and motion after VR use (51).

The protocol used for this study was approved by the Institutional Review Board of Yonsei University College of Medicine Gangnam Severance Hospital. Written informed consent and assent were obtained from all participants and one of their parents.



Procedure

We investigated the effects of ADHD medication in a controlled pre- and post-MPH study design, whereby participants performed n-back tasks with the 1-back and 2-back conditions. The experimental protocol is summarized in Figure 1A. Participants underwent a medication washout period of 2 days before the examination. On the examination day, participants were first assessed for demographic, clinical characteristics, and IQ. Participants subsequently performed a practice session to familiarize themselves with the VR environment and tasks. Participants then underwent two test sessions, one before dosing and the other 2 h after dosing. After the first session, MPH (Concerta, Metadate or Medikinet) was administered orally. Experimental doses were the same as the participants' regular dose. Each test session was conducted in the order of the introduction session followed by an n-back task. The HC performed only one test session after the practice session.


[image: Figure 1]
FIGURE 1. Experimental design and virtual reality environment. (A) A schematic representation of the flow of pre- and post-MPH n-back task sessions. (B) Screenshots of the virtual classroom during introduction of the n-back task. (C) The virtual reality theater with the curved screen. MPH, methylphenidate.




Virtual Reality Environment

The background of this VR task was a virtual classroom. The participants began by finding themselves in a typical classroom in a Korean school with desks facing ahead and blackboards in front of them. The participants' point of view was of the first person, facing the teacher, with other avatar classmates seated nearby (Figure 1B). The message “Please feel free to look around before class” offered the participants 15 s to adjust to the VR environment. A teacher avatar entered and informed participants of the rules of the N-back task, introduced as a game called “ABC Dungeon.” The participants first carried out a practice task, called “game tutorial” comprising 10 stimuli for each condition. The practice session was repeated if the participants made more errors than the set standard. Before the actual task, the teacher avatar briefly explained the fNIRS device, and participants were encouraged to remain as still as possible. After receiving instructions, participants were guided to wear fNIRS gear, followed by the main task.

The n-back task consisted of three block sets. Each block set contained alternating 1-back (low WM load) and 2-back (high WM), and in-between 0-back (control) conditions (block length, 40 s; 20 trials with random display of capitalized letters from “A” to “G”). Each stimulus was presented for 500 ms with an interstimulus interval of 1.5 s. Overall block-set time was 160 s, and total session time was 8 min. The total number of trials in experimental conditions was 120. Subjects were instructed to press the button with their right index finger as quickly as possible, when the current stimulus was the same as the previously shown letter (1-back), or with the letter shown two screens back (2-back). Since it is extremely difficult for young ADHD patients to remain still when not performing a task, our baseline (control) task required participants to respond to each stimulus with a button press to rule out motion artifacts and equalize the motion load with the experimental task. To diminish habituation or practice effects in the post-MPH session, two task versions with different stimuli were employed. These two versions were randomly assigned to each subject.

The software was written in Visual Studio 2017(C#) and designed on Unity 2018.2. The avatars and structures comprising the virtual environment were built using a 3Ds Max 2014. We used the 3D development platform (Vizard 5.1; WorldViz, Santa Barbara, CA, USA) to develop the virtual classroom environment. Our VR classroom was implemented in the VR theater which provides a semi-immersive environment with a 2.18-m radius curved screen, providing 150° field-of-view (PACOM Display System Inc, Suwon, Kyungki-do, Republic of Korea; Figure 1C). Two projectors with HDTV resolution (1,960 × 1,080 pixels) were used to project the programs onto the screen. The system was driven by a desktop computer with Microsoft Windows 10 operating system, including a high-end graphics card (NVIDIA GeForce GTX 970) and 16 GB RAM of graphics memory.



fNIRS Measurements

We used a multichannel high density fNIRS device (NIRSIT; OBELAB, Seoul, Korea), which consisted of 24 laser diodes emitting two wavelengths (780/850 nm) and 32 photodetectors separated by a 1.5 cm unit distance. The laser and detector pairs were separated at a 3 cm distance. Sampling rate was 8.138 Hz. The alignment of 48 channels is shown in Figure 2. The fNIRS device was placed on the head according to the relevant standard positions of the International 10–20 system for EEG electrode locations. The center of the bottom line of the measuring channel was located on the FPZ. The threshold of signal-to-noise ratio was 30 dB such that slow drift of physiological noise and environmental noise was removed after filtering through a band-pass filter (0.005–0.1 Hz) of detected light signals. The modified Beer Lambert Law (MBLL) was used to convert raw light intensities into concentration changes in oxygenated hemoglobin (ΔHbO2). The averaged oxy-Hb concentration changes (avgΔHbO2) during the task period baselined from 5 s before task initiation was calculated in each channel after block averaging of multiple trials. Finally, the regional representative value of avgΔHbO2 was extracted by averaging categorized channels based on the specified region of interest (ROI). The selection of the brain ROI was completed before data analysis. The 48 channels were categorized as right and left dorsolateral prefrontal cortex (DLPFC), ventrolateral prefrontal cortex (VLPFC), medial prefrontal cortex (mPFC), and orbitofrontal cortex (OFC), which constituted eight ROIs. The channels corresponding to each region are shown in Figure 2. The MNI coordinates for each channel were defined based on the equipment coordinates. Using this information, the ROIs were designated in accordance with the Brodmann area template for each channel. Brain activation maps (Figure 3A) were visualized using the avgΔHbO2 per channel of each group according to 1-back and 2-back tasks.


[image: Figure 2]
FIGURE 2. Spatial profiles of fNIRS channels. The fNIRS probes were attached to the prefrontal area. The included channels are represented according to brain region location. DLPFC, dorsolateral prefrontal cortex; VLPFC, ventrolateral prefrontal cortex; mPFC, medial prefrontal cortex; OFC, orbitofrontal cortex; Rt, right; Lt, left.



[image: Figure 3]
FIGURE 3. Hemodynamic changes during performance of the n-back task. (A) The overall brain activation patterns are shown as signal maps with avgΔHbO2 values presented in accordance with the color bar. The upper and lower lines show results for 1-back and 2-back condition, respectively, of each group. The mean avgΔHbO2 values for 1-back condition in (B) right and (C) left hemispheres and 2-back condition in (D) right and (E) left hemispheres are represented as bar graphs. ADHD, attention deficit hyperactivity disorder; HC, healthy control; MPH, methylphenidate; Hb, hemoglobin; DLPFC, dorsolateral prefrontal cortex; VLPFC, ventrolateral prefrontal cortex; mPFC, medial prefrontal cortex; OFC, orbitofrontal cortex; Rt, right; Lt, left. *p < 0.05.




Behavioral Data Analysis

For n-back task results, the total reaction time (RT), RT variability, and accuracy were used as dependent variables for analysis. RT variability was calculated by dividing the standard deviation of the individual RT by the mean value, as reported previously (52). We computed accuracy in each condition by dividing the correct answer (correct response and appropriate rejection) by total number of stimuli.



Statistical Analysis

Group differences in clinical characteristics between ADHD and HC groups were compared using an independent sample t-test for numerical variables or Chi square (χ2) test for categorical variables. The means and standard deviations of avgΔHbO2 were calculated for each ROI and in each group to compare group differences and verify the effects of pre- and post-MPH effects on fNIRS results. For comparison of behavioral performance and fNIRS data between pre- and post-treatment conditions in ADHD participants, we used a two-tailed paired t-test. An independent two-sample two-tailed t-test was used for comparing variables between ADHD and HC groups. The normality of the data was evaluated by visual inspection of quantile-quantile plots and the Shapiro-Wilk test. To examine the association between behavioral performance and fNIRS data, we conducted correlation analysis using the Pearson's method. The statistical threshold was set at p < 0.05. All statistical analyses were completed with IBM SPSS version 25 (IBM Corporation, Armonk, NY, USA).




RESULTS


Demographic and Clinical Characteristics

Baseline characteristics of the study participants are presented in Table 1. ADHD and HC groups did not differ significantly in mean age, sex ratio, full scale IQ(FSIQ), CDI, STAI-C, or SSQ scores (Table 1). With regard to comorbidities, only one patient with ADHD had a tic disorder. Both ADHD patients and HC showed lower CDI and STAI-C scores than the cut-off (ADHD, CDI = 8.52, STAI-C trait = 29.09, STAI-C state = 28.07; HC, CDI = 10.25, STAI-C trait = 30, STAI-C state = 30.83; cut-off, CDI = 13, STAI-C trait = 36, STAI-C state = 36), indicating the absence of clinical depression and anxiety. As expected, significant differences were observed in the ADHD-RS (t = −4.64, p < 0.001), ADHD-RS-inattention and hyperactive-impulsive subscales scores (inattention, t = −4.62, p < 0.001; hyperactive-impulsive, t = −4.137, p < 0.001), CBCL total and attention problem subscale scores (total, t = −4.15, p < 0.001; attention problem, t = −4.21, p < 0.001). The mean ADHD_RS score of the ADHD patients was 20.96, which indicates relatively mild level of ADHD severity. The SSQ score was low in both groups (ADHD, 18.14; HC, 39.31) with few symptoms. The typical mean MPH dose of ADHD subjects was 29.35 mg (SD, 16.23 mg; range, 10–64 mg).



Behavioral Performance

The average accuracy rates and RTs in each n-back task for HC and ADHD participants are summarized in Table 2. Within-ADHD-subject analysis revealed shorter RTs in the 1-back condition and shorter RT, lower RT variability, and higher accuracy in the 2-back condition after MPH administration compared to that of pre-MPH. No significant differences in behavioral performance between conditions were observed for ADHD and HC groups.


Table 2. N-back task performance for ADHD and control subjects.
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fNIRS Results

Changes in avgΔHbO2 measured using fNIRS are presented in Figure 3 according to brain area and group. For the (low WM load) 1-back condition, no significant avgΔHbO2 changes were observed in any area when comparing pre- and post-MPH conditions (Figures 3B,C; Supplementary Table 1). Compared to the HC group, both pre-MPH and post-MPH ADHD subjects showed significantly fewer avgΔHbO2 signals in the right DLPFC (pre-MPH vs HC, t = −2.443, p < 0.05; post-MPH vs. HC, t = −2.233, p < 0.05; Figure 3B; Supplementary Table 1). For the (high WM load) 2-back condition, avgΔHbO2 in pre-MPH ADHD subjects was significantly higher than that in post-MPH ADHD subjects in the left DLPFC and bilateral mPFC (left DLPFC, t = 2.838, p < 0.05, uncorrected; left mPFC, t = 2.334, p < 0.05, uncorrected; right mPFC, t = 2.496, p < 0.05, uncorrected; Figures 3D,E; Supplementary Table 1). No significant differences were observed when comparing the HC group with both pre- and post-MPH ADHD subjects. In the 2-back task, decreased activation was noted in several brain areas after MPH administration in ADHD subjects.



Association Between Behavioral Performance and fNIRS Results

We investigated the relationship between 2-back task accuracy (% correct) and mPFC activation. There was a negative correlation between accuracy and avgΔHbO2 in the right and left mPFC in pre-MPH ADHD subjects (right mPFC, r = −0.518, p < 0.05; left mPFC, r = −0.591, p < 0.05; Figures 4A,B). After MPH administration, this correlation was not observed.


[image: Figure 4]
FIGURE 4. Correlation between 2-back task accuracy and avgΔHbO2 signals in bilateral mPFC. Correlations between accuracy (%) for 2-back task and avgΔHbO2 values in (A) right mPFC and (B) left mPFC in pre-(red dot) and post-MPH (white dot) ADHD subjects were analyzed with Pearson's correlation test. Line and R2 value indicate the regression of the dataset (dashed, pre-MPH ADHD; dotted, post-MPH ADHD).





DISCUSSION

The present study aimed to investigate the feasibility of using fNIRS to investigate the neural substrates of single-dose MPH effects in children with ADHD during a VR working memory task. The combination of VR and fNIRS in this study revealed that this model was able to easily measure the effects of various drugs and interventions on children with ADHD in an environment simulating a real-world setting. Furthermore, it enables a setting that explores changes in brain activity during a neuro-rehabilitation program using VR environments. To our knowledge, this is the first study using a VR environment to measure the impact of MPH on working memory with fNIRS in ADHD subjects.

In the current study, task performance improved after MPH treatment; this was verified by shorter RT in the 1-back condition and shorter RT, lower RT variability, and higher accuracy in the 2-back condition compared to that in pre-medicated ADHD subjects. This result is generally consistent with previous studies reporting performance enhancing effects of MPH in ADHD patients (53–55). Conversely, there was no performance differences between pre- and post-medicated ADHD subjects and the HC group in the VR n-back task. This result was also reported in our previous study that examined VR-CPT performance in ADHD and HC subjects. In this study, scores were lower in the ADHD group than in the HC group in traditional CPT, but VR-CPT performance was not significantly different. Similarly, it is possible that VR increased the motivation of ADHD patients by presenting them with a more immersive environment in the current study, thereby improving their task performance, as reported in our previous VR study (56). Although the enjoyment or motivation of patients was not measured in this study, previous studies have shown that VR neuropsychological tests were perceived as more enjoyable to patients and increased motivation (9, 57). For precise interpretation, further research is needed on motivation and performance differences in ADHD patients when using VR.

We observed increased activation in the left DLPFC and bilateral mPFC in pre-medicated ADHD subjects during the VR 2-back task, which decreased after MPH administration. However, there were no significant differences between HC and ADHD children. In most NIRS studies comparing children with ADHD to HCs in different executive functioning tasks, altered prefrontal activity was reported: some studies reported reduced activity in ADHD (17–19), whereas others reported increased activity in ADHD (58, 59). The cause of these conflicting results is not clear, but a possible reason is the use of different cognitive tasks with different stimulus characteristics. Therefore, the brain areas associated with task performance in each study were not concordant, rendering the neural correlates of WM in ADHD subjects unclear. Previous meta-analyses revealed significant hypoactivation in the left inferior frontal gyrus/anterior insula and right middle frontal gyrus (60), bilateral superior frontal gyrus, and left medial frontal gyrus (61) in adult ADHD patients during the N-back task compared to that in HCs. Nevertheless, meta-analyses on the neural substrates related to WM in children with ADHD are limited. One meta-analysis on healthy children found no concordance in prefrontal regions related to the n-back task (62). In addition, the only study exploring the effects of MPH on brain function during a WM task reported that no specific brain area was activated by stimulants (54). These discrepancies may be due to varying brain maturity and subjective n-back difficulty according to age (62). Further, medication status may differentially affect brain activation. A previous study reported that medication-naïve ADHD patients showed a tendency toward lower activation than that of HCs, whereas non-naïve and HCs did not differ significantly but showed similar activation (42). Given these conflicting results, it is difficult to conclude whether our findings agree with the literature.

Increased activation in bilateral mPFC was negatively correlated with accuracy of the 2-back task in pre-medicated ADHD subjects, whereas this association disappeared after MPH treatment. This result implies that mPFC was abnormally hyper-activated in ADHD subjects during the 2-back task, which was accompanied by low performance. The mPFC is a brain region that constitutes the default mode network (DMN) along with the medial and lateral parietal and temporal cortices (63). The DMN is associated with intrinsic brain activity and commonly deactivates during attention-demanding or goal-directed activity. Abnormal hyperactivity in DMN areas, indicating unsuccessful task-induced deactivation, is characteristic of ADHD patients (55, 64, 65). Impairment of sustained attention in ADHD may result from abnormal persistence or intrusion of DMN activity (64). In addition, several studies reported that psychostimulants normalized abnormal hyperactivity in the DMN, including the mPFC, in ADHD subjects, and even in children (55, 65, 66). Our study also demonstrated that MPH administration reduced mPFC activation while improving task performance, which indicated normalization of attenuated DMN deactivation in ADHD children. However, a double-blind placebo-controlled study involving other areas comprising the DMN should be performed to understand the relevance of these findings.

By contrast, in the 1-back condition, we found no difference in brain activation between pre- and post-MPH conditions. Given that only RT was shorter after MPH treatment for behavioral performance, and there was no significant difference in accuracy or RT variability, it can be assumed that the difference before and after drug was minimal due to the low level of 1-back difficulty, reflected by a ceiling effect from the pre-test. The only study that explored the effect of MPH during the n-back task in ADHD children reported no differences in brain function in the 1-back condition between pre- and post-drug administration, which is concordant with our study (67). In addition to exploring MPH effects in a VR environment, brain activity was also measured with fNIRS in this study in a VR-based WM task. Compared to the HC group, ADHD children showed lower activation of the right DLPFC, consistent with previous studies on ADHD and HC participants in which the right DLPFC was a ROI identified via fNIRS (37).

In the present study, the VR classroom environment provided a more ecologically valid and motivating task than that of traditional computerized cognitive tasks, suggested by the improved task performance of ADHD children. We propose several advantages of using a VR task over traditional computerized WM tasks. Previous studies have indicated that ADHD children find digital technology environments more enjoyable and are more immersed in the task (9, 68). None of the participants complained of side effects in SSQ, suggesting that the virtual classroom is a user-friendly tool. This may be regarded as an alternative for estimating how brain activity changes with WM in ADHD children after drug administration in a setting that simulates real-world classrooms.


Limitations

Our study has several limitations which we hope to address in future studies. First, the study design was not optimized for neuropharmacological analysis. A double-blind placebo-controlled or a cross-over design with drug-naive ADHD children should be conducted. Since we did not include a placebo group, the superior task performance in post-MPH ADHD subjects could be due to a repeat effect. In addition, unlike the ADHD patients, the HC did not repeat the tests, making it difficult to compare the HC group with the post-MPH group or to eliminate the time effect. Therefore, it is not entirely clear whether the changes in brain activation in the ADHD group were truly induced by the treatment or were simply a function of time. However, considering the NIRS imaging results, the improved behavioral performance was accompanied by changes in brain activity such as reduced hyperactivity of bilateral mPFC in post-MPH ADHD subjects, making it difficult to fully explain solely based on repeat effects. Further, WM tasks are generally considered to have strong test-retest reliability and to be relatively unaffected by practice effects (69). In addition, previous studies suggested that the effects of MPH on brain activity differ between drug-naive and non-naive ADHD subjects (42, 70, 71). Although our subjects may have exhibited weakened pure drug effects because they were a drug-non-naive group, it is relevant for feasibility because it is necessary to measure drug effects in non-naive subjects in real clinical practice. Further studies including both drug-naïve and non-naïve children could lead to accurate interpretations. Second, due to the limitations in our experimental design, such as the relatively small sample size and lack of a cross-over design, a liberal statistical threshold was adopted for this study. Third, the relatively wide age range of the subjects (7–16 years) and the lack of sex stratification could be problematic. A meta-analysis of fMRI studies related to the n-back task revealed widespread variability of prefrontal activation patterns across ages due to a protracted, step-wise maturation pattern of the prefrontal cortex (62). Although most ADHD research is conducted with similar age ranges to ours, it will help to narrow down the age range to elicit more accurate results on prefrontal function in child participants. In addition, although previous studies have shown sex differences, such as hypofrontality only in males, we did not conduct a subgroup analysis by sex due to the small sample size of this study (72, 73). Future studies with large sample sizes to analyze group effects by age and sex are needed. Fourth, the brain regions evaluated in this study were not wide enough to cover WM-related areas or DMN. The fNIRS probe covered only the prefrontal cortex and was unable to detect activity in deeper cortical structures unreachable by near-infrared light. Further studies covering wider areas or exploring connectivity between brain areas are needed to clearly interpret the results of this study. Fifth, we cannot determine if the VR n-back task is actually more effective or motivation-enhancing because we lack a comparison of a VR paradigm to a 2D version of the n-back task. Finally, we used a semi-immersive VR display, instead of a more immersive HMD version of virtual reality, since simultaneously wearing HMD and fNIRS devices is difficult due to space overlap.




CONCLUSIONS

To our knowledge, this is the first study to explore the effects of MPH on brain activity during a VR-based WM task reproducing real-classroom settings in ADHD children. We observed that activation of bilateral mPFC decreased after MPH treatment in a high-load WM task. Further, bilateral mPFC activation was negatively correlated with task accuracy in pre-MPH condition; this correlation disappeared after MPH administration. These findings suggest that mPFC-mediated inappropriately excessive mind-wandering during a high-load WM task in ADHD children may have disappeared after MPH administration. Taken together, these results suggest that the combination of VR tasks and fNIRS examination is a technique that enables examination of the effects of interventions within a real-life setting in ADHD children and adolescents.
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Backgrounds: Reduced brain cortical activity over the frontotemporal regions measured by near infrared spectroscopy (NIRS) has been reported in patients with first-episode schizophrenia (FES). This study aimed to differentiate between patients with FES and healthy controls (HCs) on basis of the frontotemporal activity measured by NIRS with a support vector machine (SVM) and deep neural network (DNN) classifier. In addition, we compared the accuracy of performance of SVM and DNN.

Methods: In total, 33 FES patients and 34 HCs were recruited. Their brain cortical activities were measured using NIRS while performing letter and category versions of verbal fluency tests (VFTs). The integral and centroid values of brain cortical activity in the bilateral frontotemporal regions during the VFTs were selected as features in SVM and DNN classifier.

Results: Compared to HCs, FES patients displayed reduced brain cortical activity over the bilateral frontotemporal regions during both types of VFTs. Regarding the classifier performance, SVM reached an accuracy of 68.6%, sensitivity of 70.1%, and specificity of 64.6%, while DNN reached an accuracy of 79.7%, sensitivity of 88.8%, and specificity of 74.9% in the classification of FES patients and HCs.

Conclusions: Compared to findings of previous structural neuroimaging studies, we found that using DNN to measure the NIRS signals during the VFTs to differentiate between FES patients and HCs could achieve a higher accuracy, indicating that NIRS can be used as a potential marker to classify FES patients from HCs. Future additional independent datasets are needed to confirm the validity of our model.
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INTRODUCTION

Schizophrenia (SZ) is a chronic psychiatric disorder characterized by psychotic symptoms, negative symptoms, and cognitive deficits and poses considerable burdens to society (1). Therefore, accurate diagnosis and early intervention are critical (2, 3). In clinical practice, schizophrenia is diagnosed by clinicians using diagnostic criteria from the Diagnostic and Statistical Manual of Mental Disorders (DSM-5), based on patient reports of symptoms, observation of behavior and functional changes; however, traditional clinical practice might be confounded because patients with SZ may deny their symptoms, and even experienced psychiatrists may have difficulty differentiating SZ from other mental illnesses (i.e., psychotic bipolar disorder) owing to similar symptomologies at acute stage (4).

To overcome these limitations of clinical interviews-based diagnosis of psychiatric disorders, many studies have attempted to develop objective biomarkers that can improve the accuracy of diagnosis and the ability to predict a patient's response to treatment and prognosis. Among a variety of neuroimaging modalities, functional near infrared spectroscopy (fNIRS) is a functional neuroimaging tool that measures the spatio-temporal neural activity of the brain non-invasively. Compared to existing imaging techniques, such as positron emission tomography (PET), single-photon emission computed tomography (SPECT), and magnetic resonance image (MRI), fNIRS is easier to administer, low-cost, and provides fair temporal and spatial resolutions (5). Many previous fNIRS studies reported reduced brain activity over the bilateral frontotemporal regions during various cognitive tasks in patients with SZ compared to controls [reviewed by Koike et al. (6) and Chou et al. (7)].

Recently, many studies have attempted to accurately classify patients with heterogeneous mental disorders. For instance, several studies used machine learning (ML) methods to accurately differentiate patients with SZ and healthy individuals with structural or functional neuroimaging tools and showed promising results (8). ML methods are capable of representing latent features of structural or functional changes in the brain, and this allows for better representation of SZ-related processes. Among ML methods, support vector machines (SVMs) are mostly adopted. SVM is an ML method which estimates a hyperplane with an optimal margin that could provide the best separation between two classes, which is determined by the maximum distance from any data point. Once defined, this hyperplane is used to classify the data (8, 9).

Recently, deep learning (DL) methodology such as deep neural network (DNN) has significantly improved the representation learning and classification in various areas such as speech recognition, natural image classification, and text mining (9). Two main features have made DNN unique compared to SVM. First, DNN is capable of data-driven automatic feature learning, which enables to remove the subjectivity in selecting the relevant features when there are too many features or no prior knowledge in selecting features. Second, by applying a hierarchy of non-linear layers, DNN can analyze complicated data patterns (8). Recently, DL methods have been applied in medical image analyses with promising results, including characterizing patterns of brain imaging data in patients with neurocognitive disorders (10–13) and schizophrenia (9, 14). However, most previous studies analyzed MRI data.

In the present work, we aimed to discriminate between patients with first-episode schizophrenia (FES) and healthy controls (HCs) on the basis of brain cortical activity during a verbal fluency test (VFT) measured using NIRS. We focused on the bilateral frontotemporal regions. We compared classification accuracies for two different machine learning methods: SVM and DNN. To the best of our knowledge, this is the first study using deep learning to automatically differentiate FES from HC based on brain cortical activity features.



MATERIALS AND METHODS


Study Subjects

A total of 33 patients with FES (18 men and 15 women; mean age [SD] =29.1 [6.4] years) were recruited at the Department of Psychiatry in Taichung Veterans General Hospital. Patients who fulfilled the criteria for SZ listed in the DSM-5 were recruited and the diagnoses were validated using the Mini International Neuropsychiatric Interview (MINI) (15) by board-certified psychiatrists (P.H.C). All patients were experiencing their first episode of psychosis and had received no more than 12 weeks of previous antipsychotic medication (16, 17). Thirty-four HCs (17 men and 17 women; mean age [SD] = 28.2 [9.9] years) were recruited and screened using the MINI. All study participants were right-handed, which was assessed by the Edinburgh Inventory (18). Other characteristics such as education level, VFT performance of study subjects, as well as the age of onset and duration of illness of FES patients were also recorded. Subjects were excluded if they had a history of substance abuse or dependence, intellectual disability, neurological disorders, or a medical condition that may affect brain function. This study complied with the Declaration of Helsinki, and all participants received a complete explanation of the study and provided written informed consent. This study was approved by the Institutional Review Board of Taichung Veterans General Hospital (approval No. CF13044).



Clinical Assessments

We used the Positive and Negative Syndrome Scale (PANSS) (19) to evaluate psychiatric symptoms of the FES patients on the same day as the NIRS measurements. Patient antipsychotic doses are presented as chlorpromazine-equivalent doses (20, 21).



Verbal Fluency Test

Patients received 160-s block-design VFTs (both letter and category version) which has been adopted in many previous fNIRS studies (17, 22–26). There were three different time periods for the VFT: a 30-s pre-task period, a 60-s task period, and a 70-s post-task period. In the pre- and post-task periods, patients were asked to repeatedly count from one to five to control for and remove task-related motion artifacts. For the 60-s task period, study participants were instructed to say words that started with a phonological syllable presented by NIRS machine. In the letter fluency test (LFT), there three continuous 20-s sub-periods, which were initiated by a single Chinese syllable selected from nine options (first, /ㄅ(b)/, /ㄆ(p)/, or /ㄉ(d)/; second, /ㄊ(t)/, /ㄌ(l)/, or /ㄋ(n)/; third, /ㄇ(m)/, /ㄈ(f)/,or /ㄘ(dz)/). We chose these syllables based on their frequencies at the beginning of Chinese words. For the category fluency test (CFT), subjects were asked to produce as many words based on a given semantic cue for 20 s each (first: “fish,” “birds,” or “insects”; second: “sweets,” “vegetables,” or “fruits”; third: “vehicles,” “home appliances,” or “stationery items,”). Before beginning each task session, subjects were instructed on how to generate correct answers for VFTs. Each subject practiced three times to ensure that they understood the tests.



NIRS Instrument

A 52-channel NIRS instrument (ETG-4000; Hitachi Medical Co., Tokyo, Japan) was used to measure changes in concentrations of oxygenated hemoglobin [oxy-Hb] of the brain in the present study. The NIRS probe attachments are thermoplastic 3 × 11 shells set, comprising 52 channels (Figure 1). The lowest probe line was set along the Fp1–Fp2 line, as defined by the international 10–20 system used in electroencephalography. The NIRS instrument measures changes in both [oxy-Hb] and [deoxy-Hb] (in mM) using two wavelengths (695 and 830 nm) of near-infrared light. The calculations were based on the Beer–Lambert law (27). We recorded the changes of [oxy-Hb] from baseline to the activation period and relative changes in [oxy-Hb] assessed with units of mM·mm. The data sampling rate for NIRS instrument was 0.1 s. A moving average methodology using a 5-s window width was applied and any motion artifacts were automatically detected and rejected by the machine (28).


[image: Figure 1]
FIGURE 1. Probe setting and measurement points for 52-channel NIRS. (A) The localizations of channels are set based on the international 10–20 electroencephalography system. Red and blue circles, respectively indicate the emitter and detector of the near-infrared light. (B) Probes with thermoplastic 3 × 11 shells are placed over the bilateral frontotemporal area. (C) Two regions of interest (Regions 1 and 2) in the present study. Region 1 consists of 11 channels (ch 25–28, ch 36–38 and ch 46–49); Region 2 consists of 20 channels; Right: (ch 22–24, ch 32–35 and ch 43–45); Left: (ch 29–31, ch 39–42 and ch 50–52).


The spatial information for each channel was estimated by using data from the Functional Brain Science Laboratory at Chuo University in Japan (29) based on the LONI Probabilistic Brain Atlas (LPBA40) (30). Because previous study indicated that [oxy-Hb] had stronger correlations with fMRI blood-oxygenation level-dependent signals (31), we used it as an indicator of brain cortical activity.



NIRS Signals and Feature Selection

Similar to Takizawa et al.'s study (32), two regions of interest (ROIs) were selected (Figure 1): the frontal region (R1, 11 channels) and the bilateral temporal region (R2, 20 channels). The changes in [oxy-Hb] and [deoxy-Hb] in the channels of these two respective regions of interest were averaged and transformed into representative “Region 1 (R1)” and “Region 2 (R2)” NIRS signals for each individual. According to the LBPA40 (30), the “Region 1 (R1)” NIRS signal consisted of signals from channels located approximately in the fronto-polar and dorsolateral prefrontal cortical regions, while the “Region 2 (R2)” NIRS signal consisted of signals from channels located approximately in the bilateral ventro-lateral prefrontal cortex and the superior and middle temporal cortical regions.

Two visual indices, integral and centroid value, of the bilateral frontotemporal regions during LFT and CFT (Figure 2) were generated automatically from the NIRS machine by evaluating the hemodynamic changes in [oxy-Hb] of the 10-s pre-task, 60-s task, and 55-s post-task period from the original 160-s VFTs. Details regarding the definition of integral and centroid value can be found elsewhere (32). In brief, integral value was calculated using the hemodynamic response of [oxy-Hb] during the 60-s activation task period by averaging the signal from channels within each region; the centroid value is an index of time-course changes throughout the VFT, with periods representing the timing of the hemodynamic response. The centroid value is indicated by the time shown with a perpendicular line from the centroid of the [oxy-Hb] signal change area during the entire task periods [from 0 (s) to 125 (s) [= 10 (s) + 60 (s) + 55 (s)]]; the integral value describes the size of the hemodynamic response during the 60-s test period (32). Therefore, a total of eight datasets were collected (integral and centroid values of R1 and R2, during an LFT and CFT, respectively).


[image: Figure 2]
FIGURE 2. Typical time-course pattern of NIRS signals during the VFT. The “centroid value” is defined by a perpendicular line from the centroid of the brain activation area during the task period (A). The “integral value (Area B)” indicated the brain activity during the test (B); Oxy-Hb, oxygenated hemoglobin; deoxy-Hb, deoxygenated hemoglobin.




Deep Neural Network

A DNN was utilized as a classifier to discriminate the patients with schizophrenia from healthy control (HC). The network had eight features as inputs (which included the integral and centroid values of the frontal and temporal regions during the two types of VFTs. in the NIRS signal) (Figure 3). The topology of this classifier is a fully connected, four-layer, feedforward network, which comprises two hidden layers with 512 neurons for each layer. The activation function of all neurons in the network is the rectified linear unit (ReLU) function. The network outputs 2 indices in the last layer that the index with larger value indicates positive (FES) or negative (HC).


[image: Figure 3]
FIGURE 3. Time courses of the hemodynamic responses of [oxy-Hb] in Region 1 (R1) and Region 2 (R2) in FES and HC groups. (A) and (B) show the time courses of the hemodynamic responses in R1 (frontal region) and R2 (temporal region), respectively.



Training of DNN

This DNN was trained with supervised learning since labeled data (FES or HC) were given. During training, stochastic gradient descent (SGD) was employed for optimizing the parameters; error gradients were propagated backwards through layers, which was backpropagation. Each parameter in the network was randomly initialized and adjusted according to its corresponding gradient to loss to minimize the error between the predicted results and the labeled data. In addition, the dropout technique was incorporated to avoid overfitting, and the dropout rate was 0.18. Here a criterion was set that the learning stage was stopped when the value of cost function changes little through epochs, and according to experiences, the learning duration was expected to be 100 to 300 epochs.

In the training procedure, cross-validation was required since the performance of the DNN was evaluated here by validation accuracy, practically, which was shuffling the 67-example dataset (33 FES patients and 34 HCs) at first and then dividing it into seven groups. In each turn of cross-validation, one of the groups was used as the validation set and the other six groups were training sets, and the validation set contained 10 samples, and the training set the other 57 samples.




Support Vector Machines

In the present study, Support Vector Machine (SVM) was used to compare the performances with which by deep learning. In machine learning, SVM is a supervised-learning method that learns model from labeled training data, and has been used for classification of patients with different psychiatric diseases (33). The SVM methodology has been detailed elsewhere (34). Given a training dataset for classification, the SVM algorithm optimizes for the support vectors that is a subset of training data and represents a hyperplane dividing the training data into their labeled categories with gaps as wide as possible. The prediction is then made by evaluating the decision function with test data as input and support vectors as parameters. A model of SVM with hyper parameter c = 1.0 and with radial basis function (RBF) kernel (γ = 1/Nt, Nt: the number of training examples) is built to run the SVM algorithm. The formation of the input data and processing of cross-validation are exactly the same to ensure consistency and fair comparisons.



Statistical Analysis

Firstly, Kolmogorov–Smirnov or Shapiro-Wilk tests were used to examine the distribution of the data. Basic characteristics in each group were compared using Student's t-tests for continuous variables and X2 test for categorical variables. When the data was not normally distributed, a non-parametrical analysis, that is, Spearman's rho was used to examine correlations and the Mann–Whitney U-test was used to compare means. Otherwise, the t-test was used to compare means and Pearson's correlation coefficient was used to examine correlations. P-value < 0.05 was defined statistically significant. All statistical analyses were performed using STATA version 15.1. DNN and SVM were performed using Python with open source library packages including Keras, scikit-learn, and TensorFlow.




RESULTS


Demographic Characteristics

The study participants' demographic characteristics are presented in Table 1. There were no significant differences between the HC and FES groups in terms of age, sex, or education. However, the HC group had significantly better performance on the LFT (HC group, mean= 14.0, SD = 0.8; FES group, mean = 9.7, SD=0.8, P < 0.001) and CFT (HC group, mean = 17.5, SD = 0.8; FES group, mean = 12.1, SD = 0.7, P < 0.001) compared to the FES group.


Table 1. Characteristics of study participants.

[image: Table 1]



Comparison of Hemodynamic Response of ROIs Across Clinical Groups

As shown in Table 2, during the LFT, significantly smaller integral values of [oxy-Hb] in the SZ than the HC group (R1: P < 0.001, t = 3.859; R2: P = 0.003, t = 3.047) were noted. On the other hand, there were no significant differences between two groups with regard to centroid values in both regions (R1: P = 0.667, t = −0.433; R2: P = 0.138, t = −1.515). During the CFT, smaller integral values of [oxy-Hb] in the SZ than the HC group were noted in both regions (R1: P = 0.015, t = 2.507; R2: P = 0.006, t = 2.845), and no significantly different centroid values between the two groups (R1: P = 0.528, t = −0.635; R2: P = 0.796, t = −0.259).


Table 2. Comparison of frontal or temporal integral and centroid value of NIRS signals between FES and HC groupsa.

[image: Table 2]



Classification Performance of DNN and SVM

In DNN, the topology of the network is determined by the experiments on network with different number of hidden layers and different number of neurons per layer, as shown in Table 3. A larger or deeper network generally performs better but harder to train. According to the results from the experiments, a 4-hidden-layer and 512-neurons-per-layer neural network was selected in the present study.


Table 3. Nnetwork topology demonstrating comparison accuracy (%) of DNN.

[image: Table 3]

To reduce the effect of randomness, the cross-validation accuracy in each training set group is the average of the accuracies obtained by training and testing the network with different initializations five times. Therefore, the classification accuracy of DNN was 79.7%, sensitivity of 88.8%, and specificity of 74.9%. On the other hand, the result of classification accuracy using the eight features analyzed by SVM was 68.6%, sensitivity of 70.1.8%, and specificity of 64.6%.



Correlational Analyses

During the LFT, there was a significant negative correlation between R1 integral values and PANSS general psychopathology score (rho = −0.371, P = 0.034). In addition, there were significant negative associations between R2 integral values and PANSS negative (rho = −0.551, P = 0.001) and general psychopathology scores (rho = −0.433, P = 0.012). With regard to CFT, there was a significant positive correlation between R1 integral values and antipsychotic dosage (rho = 0.403, P = 0.020). In addition, there was significantly negative associations between R2 integral values and PANSS general psychopathology scores (rho = −0.501, P = 0.003).




DISCUSSION

To our knowledge, this study is the first to evaluate the classification performance of artificial intelligence to distinguish patients with FES and HCs using NIRS signals. In the present study, we employed SVM and DNN methods to automatically differentiate FES patients from HCs. The main findings can be summarized as follows. (1) We reached a fair discrimination accuracy using SVM on integral and centroid values of R1 and R2 during both types of VFTs (68.6%). (2) DNN achieved modestly higher predictive performance than the SVM approach (79.7%). (3) Compared to HCs, there was decreased cortical activity in FES patients during the LFT but not the CFT, indicating that deficits in cortical activity during phonemic processing may occur early in the course of SZ.


Comparison of Classification Performance Between DNN and SVM

In the present study, we found classification accuracy of DNN is better than SVM, which is consistent with many previous MRI studies demonstrating superiority of DNN over SVM (9, 14, 35). SVM, a shallow-structured architecture, are effective in solving many simple or well-constrained problems. However, several recent studies have demonstrated the benefits of using deep structures. DNN may be more robust in the wide variety of functions that can be parameterized by composing weakly non-linear transformations. DNN allows a system input to be compositing from raw data, thus allowing automatic discovery of the representations required for machine learning tasks (36). Finally, the appeal of hierarchical representations and the potential for combining unsupervised and supervised methods also contribute to the use of deep neural networks (9). However, in this study, we did not explore all possible deep learning advantages, such as the use of input data without feature extraction. Instead, we selected the features generated by NIRS machine. Nevertheless, our results showed that when using NIRS signals, the DNN-based model can achieve better classification performance than SVM model.



Comparison With Previous fNIRS/MRI Studies Using Deep Learning or Machine Learning

Until now, there have been few NIRS studies using ML or DL method to classify patients with SZ and healthy individuals (37, 38). Li et al. (37) recruited a large sample of 120 SZ patients and 120 HCs and measured the hemoglobin response in the prefrontal cortex during the VFT using a multichannel NIRS instrument. They used PCA-based feature selection for data extracted from three types of NIRS data in each channel, and they achieved a maximum accuracy of 85.83% and an overall mean accuracy of 83.37% using SVM classifier. Yang et al. (38) measured the functional connectivity strength (FCS) as features derived from an individual channel during the VFT in 100 patients with schizophrenia and 100 healthy controls, and applied principal component analysis. They found that FCS from three channels on the medial prefrontal and left ventrolateral prefrontal cortices rendered accuracy as high as 84.67%, sensitivity at 92.00%, and specificity at 70%. However, due to the differences in study population recruited, usage of fNIRS features, and machine learning algorithms, it was difficult for us to directly compare these two studies.

On the other hand, there have been many structural or functional MRI studies using machine learning (e.g., SVM) technique reporting heterogeneous classification performances (with accuracies ranging from 60 to over 95%) in the classification of patients with chronic or first episode SZ against healthy individuals [reviewed by (8)]. However, there have been few MRI studies using deep learning to discriminate patients with schizophrenia and healthy controls. In the structural MRI study conducted by Pinaya et al. (9), the authors compared classification performance of deep belief network (DBN) and SVM between patients with schizophrenia and healthy individuals. They found DBN was slightly more accurate as a classifier (accuracy = 73.6%) than the SVM (accuracy = 68.1%) between patients with SZ and healthy individuals. However, the error rate of the DBN in classifying patients with first-episode psychosis (FEP) was 56.3%. In another study conducted by Vieira et al. (39), they used DNN to analyze a total of 956 participants (514 FEP and 444 HCs) and found that the best accuracies (70%) were achieved when DNN was applied compared to that when SVM was used (61.3%). In the present study, we demonstrated the classification accuracy of DNN (79.7%) was superior to that of SVM (68.6%), a finding similar to that reported by Vieira et al. However, Vieira et al. found it was difficult for the DNN models generalized to other sites, indicating that detection of individuals in the early stages of psychosis is more challenging. In the present study, we did not test our DNN model in another independent dataset, and future study using fNIRS dataset from other sites to test our DNN model is warranted.



Comparison of the Results of Correlational Analyses With Previous NIRS Studies

Similar to previous NIRS studies, we found that cortical activities over bilateral frontotemporal regions were negatively correlated with PANSS negative (17, 40) or general psychopathology scores (17, 28) during the both versions of VFTs. However, it is interesting to note that there was a significant positive correlation between frontal activity (R1 integral value) and antipsychotic dosage during the CFT, which has never been reported before. Antipsychotic treatment has been shown to improved cognitive function in first-episode and recent-onset schizophrenia (41). This finding probably indicated an improved cortical function after antipsychotic treatment and future studies are warranted to confirm our findings.



Limitations

There are several limitations in the present study. First, our study used small samples, which have been shown to yield unstable results (42, 43). Second, selection bias must be considered; this study used data from a tertiary hospital, and therefore the results may not be generalized. Third, the effects of medication on brain function should be considered. Although FES patients in the present study were minimally treated with antipsychotic medication, previous study demonstrated that even short-term treatment with antipsychotics was associated with structural brain changes (44). Fourth, there were only training and validation groups in our analysis, failure to test performance on additional independent samples (i.e., testing group) may limit the interpretation of our results. Future studies recruiting larger numbers of subjects from multi-sites are warranted. Fifth, NIRS data used in training the DL algorithm applied binary labels (FES or HCs). This dichotomous classification is widely used in researches of ML or DL, but it can be a barrier to applying this methodology in clinical practice. Most psychiatric diseases have a continuous spectrum and psychiatric comorbidities are common in a patient. The effects of psychiatric comorbidities on the brain function were not considered in the present study. In conclusion, in the present study, we distinguished FES from HCs by applying DNN to analyze frontotemporal activities during VFT measured by fNIRS and demonstrated fair sensitivity and specificity. However, additional independent datasets are needed to confirm the validity of our model.
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Benzodiazepines (Diazepam-E.D.)
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FES (N = 33) HC (N = 34) Statistics/ P-value

analyses
Age 20.1(64) 282(99 T=042 068
Education 7188 32714 Xtest 009
(graduate/undergraduate/high
school degrees)
Right handed 33 33 X2 test 1
Gender(M/F) (18/15) (17/17) X2 test 071
LFT performance 97008  140(08) —3.80 P <0001
CFT performance 12107) 17508 —5.03 P <0001
Onset age 272(6.1)
DO (week) 102.8 (126.5)
PANSS
Positive 16.8(5.3)
Negative 17.5(5.5)
General psychopathology ~ 33.9 (7.6)
Total 68.1(14.7)
antipsychotics 426.9 (236.1)

FES, fist-episode schizophrenia; HC, healthy control; LFT, etter version of verbal fluency
test; CFT, category version of verbal fluency test; DOJ, dluration of ilness; PANSS, positive

and negative symptom scale.
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Integral
LFT
HC group 181.9(12.0)
FES group 476(18.4)
CFT
HC group 825(12.8)
FES group 36.3(13.3)

Frontal region (R1)

P-value Centroid
0.0003 565 (1.4)
57.8(2.8)
0.0147 57.2(1.8)
59.3(2.8)

P-value

0.6633

0.5279

@The unit for NIRS signal is (mM.mm). Statistical significance was marked with bold character.
FES, first-episode schizophrenia; HC, healthy control: LFT, Letter version of Verbal Fluency Test; CFT, Category version of Verbal fluency Test.

Integral

204.7 (17.4)
114.9(23.9)

178.7 (17.8)
100.2(21.2)

Temporal region (R2)

P-value

0.0033

0.0059

Centroid

56.8(0.7)
607 (2.4)

60.7 (1.0
61.2(1.6)

P-value

0.1299

0.7950
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256

63.6
74.2
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774
729

512

62.0
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780
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1,024

69.4
788
791
79.4
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DNN, deep neural network. Bold value indicated the best accuracy of performance.
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ADHD HC

Pre-MPH vs. post-MPH Pre-MPH Pre-MPH vs. HC Post-MPH Post-MPH vs. HC
t p Mean  SD t p Mean  SD t p Mean  SD
1-back
RT (ms) 3.15 0005 67763 14668 -1.150 0255 60283 11984 0118 0907  609.18 18961
RT variabilty (SD/mean) 126 0221 031 014 -0525 0608 026 013 0419 0507 028 0.1
Accuracy (correct %) —1.691 0.106 9235 1322 -005 0961 9507 932 0827 0415 9213 1068
2-back
RT (ms) 258 0.018" 79214 16009 1512 0141 69566 14926 0281 078  710.16 12898
RT variabilty (SD/mean) ~ 8.005 0007 046 016 1271 0218 034 041 1375 0179 039 04
Accuracy (correct %) —8.158 0005 8233 122 0860 0391 8759 1248 -0862 072 86.05 1109

RT and accuracy are presented for each condition. For ADHD subjects, data for pre-, post-MPH, and pre-MPH minus post-MPH are presented. T-values, p-values, and statistical
significance in pre- and post-MPH columns are the results of Student's t-test between HC and each ADHD condition. Those in the pre- vs. post-MPH column are the results of a paired
t-test. ADHD, attention deficit hyperactivity disorder; HC, healthy control: MPH, methylphenidate; SD, standard deviation; RT, reaction time. *p < 0.05, **p < 0.01.
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Age (years)
% Female
Fsia
ADHD-RS-IV total
ADHD-RS-inattention
ADHD-RS-hyperactivity-impulsive
CBCL total
CBCL attention problem scores
col
STAIC
STAI-C trait
STAI-C state
ssa
MPH dose (mg)
Comorbidty
Tic disorder

ADHD, attention deficit hyperactivity disorder; HC, Healthy Control; SD, standard deviation; FSIQ, full scale intelligence quotient; ADHD-RS, ADHD rating scale;

checklist; CDI, children’s depression inventory; STAI-C, state-trait anxiety inventory for children; SSQ, simulator sickness questionnaire; MPH, methylphenidate. *

ADHD (n = 23)

Mean (SD)

9.96 (2.82)
30.43
105.6 (12.81)
20.96 (14.51)
12.3 (7.59)
865 (7.56)
62.41(0.92)
64.41 (12.14)
852 (6.1)

29,09 (6.87)
28,09 (8.96)
18.14(22.32)
2035 (16.23)

n=1

HC (n = 12)

Mean (SD)

11.33(2.93)
50
107.92 (10.6)
6.08(3.68)
425 (2.53)
183(1.7)
49.08(6.71)
52.58 (3.78)
10.25 (7.85)

30 (6.59)
30.83 (7.04)
39.1(36.77)

1.353
1.293
0.527
—-4.64
—4.62
-4.137
—-4.15
—4.21
072

0378
0.921
1.983

P

0.185
0.255
0.602
<0.001***
<0.001*
<0.001***
<0.001""
<0.001***
0.476

0.708
0.364
0.057

CBCL, child behavior
< 0.001
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Participant characteristic Participants Mild to moderate Severe depression Between-group

(n=47) depression (n = 33) (n=14) difference’ p
Demographic
Age (years, mean + SD) 39.70 + 12.24 4221+ 1163 33794 11.99 0.029°
Male/fernale 10/37 o/24 113 0242
Education (years, mean  SD) 14.32 £307 1412277 1479875 0560
Clinical
Number of depressive episodes (mean  SD) 194+ 112 1.854097 220+ 148 0715
Age at disease onset (years, mean & SD) 34.66 + 13.60 37.00 + 1347 29.14 % 13.40 0071
Duration of disease (years, mean =+ SD) 5.04 £6.58 521+£7.36 4.64 £4.43 0.620
Number of antidepressant medications.
in current episode, % ()
None 63.83% (30) 7857% (19) 57.58% (11) 0299
One 25.53% (12) 14.29% (10) 30.30% (2)
Two 851% (5) 7.14% (4) 12.12% (1)
HAMD-24 scores (mean  SD) 20.87 % 10.48 24.30 £ 6.47 43.00 + 4.64 <0001

SD, standard deviation; HAMD-24, 24-item Hamilton Depression Scale.
Antidepressant medications included selective serotonin reuptake inhibitors and serotonin-norepinephrine reuptake inhibitors.
#Comparisons between patients with mild to moderate and severe depression.
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Average node degree RR
w
INTER
Average characteristic path length R
w
INTER
Global efficiency RR
w
INTER
Average nodal strength RR
w
INTER

Spearman correlation: Spearman’s p (p-value).
P < 0.05.

RR, LL, intra-hemispheric connections in right or left side; INTER, inter-hemispheric connections.
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~0.320 (0.169)
0.275 (0.240)
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0.429 (0.059)
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Left power

Sec 2

~0.182 (0.580)
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0259 (0.269)
0.029 (0.905)
0273 (0.244)
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~0.202 (0.394)

~0.185 (0.409)

~0.078 (0.743)

—0.304 (0.193)

Sec3

~0.101 (0.671)
~0.393 (0.087)
0.497 (0.026)"
-0298 (0.202)
0023 (0.922)
~0.433 (0.056)
0.192 0.418)
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0500 (0.025)"
0.134 (0.574)
~0.092 (0.701)
0.559 (0.010)

Sec 1

0,042 (0.860)
~0.211(0.373)
0.094 (0.693)
~0.120 (0.613)
~0.213(0.368)
-0211(0.379)
0.166 (0.486)
0093 (0.696)
0.363 0.116)
0.164(0.490)
0.002 (0.701)
0.323 (0.164)

Right power

Sec2

~0.140 (0.556)
~0.014 (0.954)
0375 (0.108)
0.272(0.245)
0.147 (0.535)
0.305 (0.192)
~0.199 (0.399)
~0.290 (0.214)
—0.281 (0.230)
~0.212(0.369)
—0.198 (0.402)
—0.305 (0.191)

Sec3

0.172 (0.468)
~0.468 (0.037)"
0306 (0.189)
~0.200 (0.398)
0310 (0.184)
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0.139 (0.560)
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Low-LFT (1=20)  High-LFT (1 =17)  p-value*

Age 250(22.3-288) 260 (25.0-33.5) 0311
Gender (M:F) 91 7:10 1.000
Average LFT scores

Total 90(7.3-11.0) 15.0 (14.0-17.0) <0.001
Section 1 3.0(2.3-48) 60(6.0-7.0) <0001
Section 2 3.0(1.3-38) 50 (@-55) <0001
Section 3 3.0(2.0-4.0) 50(-55) <0001
Education years 19.0(163-200)  19.0(180-200) 0283

Chisquare test or Mann-Whitney U test; Median (IQR).
LFT, fetter fluency task; M, male; F, female.
“p < 0.05.
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Region

R_PMS
L_Pms
R_Broca
L_Broca
R_temporal
L_temporal
R_frontopolar
L_frontopolar
R_DLPFC
L_DLPFC
midine

Right half®
Left half®

All power®

High LFT

0.062 + 0.028
0.088 + 0.086
0.049 + 0.032
0.075 £ 0.057
0.086 + 0.064
0.089 + 0.072
0.059 + 0.060
0.077 £ 0.076
0.053 + 0,045
0.074 £0.090
0.070 + 0.070
0.064 + 0.041
0.080 + 0.060
0.072 + 0.047

pt

0.1695

0.1695

0.5860

0.1695

0.5860

NA
0.1695

NA

Section 1

Low LFT

0.055 + 0.039
0.089 £ 0.062
0.050 + 0.033
0.053 +0.034
0.053 & 0.045
0.085 £ 0.053
0.085 + 0.070
0.078 £ 0.072
0.059 % 0.051
0.054 £ 0.044
0.077 £ 0.102
0.057 £ 0.040
0.083 + 0.044
0.080 £ 0.041

pt

0.3820

0.5020

0.4695

0.2640

0.5020

NA
0.3000

NA

Pt

0.8820
0.8820
0.8820
0.8820
0.8820
0.8820
0.8820
0.9880
0.8820
0.8820
0.8820
0.8820
0.8820
0.8820

High LFT

0.052 + 0.056
0.111£0.124
0.035 + 0.050
0.097 £0.110
0.093+0.111
0118+ 0.144
0.019 +0.088
0.085 +0.126
0.034 + 0.057
0.079 +£0.150
0.056 + 0.095
0.051 + 0.059
0.094 +0.103
0.072 +£0.078

0.1488

0.0210*

0.1488

0.0620

0.2660

NA
0.0120*

NA

Section 2

Low LFT

0.047 + 0.065
0.027 +£0.103
0.040 + 0.058
0.043 + 0.057
0.049 + 0.0956
0.062 + 0.080
0.047 £ 0.119
0.066 + 0.118
0.049 + 0.066
0.040 + 0.073
0.073+ 0.168
0.048 + 0.067
0.086 + 0.064
0.052 + 0.063

pt

0.6165

0.9400

0.6165

0.6165

0.6165

NA
07212

NA

pt

0.8628
0.8628
0.9656
0.8628
0.8628
0.8628
0.9880
0.9555
0.9555
0.8628
0.9880
0.9555
0.8628
0.8628

High LFT

—0.021 £ 0.078
0.022 £0.112
—0.029 + 0.065
0.021 £ 0.089
—0.001 £0.108
0.041 £0.132
—0.089 + 0.107
—0.048 £ 0.150
—0.041 £ 0,055
—0.002 £ 0.111
0.033 + 0.080
—0.033 + 0.059
0.009 =+ 0.090
-0.013 £0.072

pt

0.4070

0.0330"

0.1260

0.1260

02952

NA
0.0240%

NA

Section 3

Low LFT

—0.010 £ 0.058
0.002 +0.103
—0.024 £ 0.058
—0.025 £ 0.074
-0.017 £0.101
—0.010 £ 0.079
—0.022 + 0.095
—0.003 £0.125
—0.017 £ 0.046
—0.029 + 0.059
—0.0003 + 0.113
—-0.018 £ 0.051
—0.014 £ 0.056
—0.015 £ 0.048

pt

0.9700

0.9700

0.7400

0.7400

0.7400

NA
0.9700

NA

Pt

0.8628
0.8628
0.9566
0.8628
0.8628
0.8628
0.9880
0.9556
09555
0.8628
0.9880
0.9556
0.8628
0.8628

*Wilcoxon signed rank test, compering the powers of the corresponding regions in the left and the right hemispheres, after multiple comparison corrections within each section.
+Wicoxon signed rank test, comparing the powers of the High-LFT and Low-LFT groups in each section, after multiple comparison corrections within each section.
*p < 0.05, when the difference present is between the left and the right corresponding regions after multiple comparisons using FOR.

NA, not available.

“Average power of the 25 channels located over the right fronto-temporal region.
bAverage power of the 25 channels located over the left fronto-temporal region.

<Average power of the allthe 52 channels (inclucing midine channes).
PMS, premotor; motor, and somatosensory cortex; DLPFC, dorsolateral prefrontal cortex (DLPFC).
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Section 1

Low LFTt
Average node degree RR 0.0905 (0.7126)
i —0.3161 (0.1874)
INTER  0.2052 (0.3994)
Average characteristic path length  RR 0.1262 (0.6066)

L 0.0165 (0.9464)
INTER  —0.0107 (0.9653)

Global efficiency RR  —0.1932(0.4281)
L ~0.0991 (0.6864)
INTER  —0.0881 (0.7199)
Average nodal strength RR 00106 (0.9655)
L -0.2111(0.3856)

INTER  0.1243 (0.6121)

1 Spearman partial correlations (o-value), with age as the covariant.

High LFT'

0.1243 (0.6466)
~0.0374 (0.8905)
~0.1883 (0.4850)
0.1810(0.5022)
0.1661 (0.5387)
01323 (0.6253)
—0.0108 (0.9698)
—0.0543 (0.8418)
—0.0566 (0.8362)
0.1005 (0.7112)
~0.0226 (0.9337)
0.0087 (0.9744)

Section 2
Low LFT! High LFT!

—0.0233(0.9246)  0.0208 (0.9391)

0.1707 (0.4848)  —0.0517 (0.8492)
~0.2027 (0.4054)  —~0.1577 (0.5697)
-0.4194 (0.0739)  —0.0465 (0.8643)
—0.4743 (0.0402)"  0.1830 (0.4976)
—0.4632 (0.0458)"  0.0400 (0.8832)
04577 (0.0488)  0.1005 (0.7112)
0.4988 (0.0297)°  —0.1139 (0.6746)
0.4295 (0.0665)  —0.2622 (0.3266)
0.4167 0.0760)  0.0925 (0.7334)

05019 (0.0286)"
0.3578 (0.1326)

RR, LL, intra-hemispheric connections in right o left side; INTER, inter-hemispheric connections.

p < 0.05.

~0.0296 (0.9135)
0.0771 (0.7764)

Section 3
Low LFT' High LFT!
0.0905 (0.7126)  —0.2026 (0.4518)
—0.3161(0.1874)  0.1921(0.4761)
0.2052 (0.3994)  —0.1424 (0.5989)

~0.2221 (0.3608)
0.1446 (0.5548)
~0.0541 (0.8260)
0.1997 (0.4125)
—0.1474 (0.5472)
0.1751 (0.4733)
0.1971 (0.4187)
~0.2258 (0.3527)
0.1318 (0.5907)

0.4170(0.1081)
0.0885 (0.7446)
0.2637 (0.3237)
~0.4008 (0.1240)
—0.1989 (0.4602)
~0.2846 (0.2854)
—0.3875 (0.1381)
~0.1140 (0.6741)
—0.2552 (0.3402)
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Average node degree RR
w
INTER
Average characteristic path length ~ RR
w
INTER
Global efficiency RR
w
INTER
Average nodal strength RR
w
INTER

Spearman correlation: Spearman’s p (p-value).
P < 0.05.

RR, LL, intra-hemispheric connections in right or left side; INTER, inter-hemispheric connections.

Sec1

~0.155 (0.554)
0383 (0.130)
-0.168 (0518)
0365 (0.149)
0044 (0.866)
0.458 (0.064)
-0.433 (0.083)
~0072 (0.782)
-0.433 (0.082)
-0.412 (0.101)
0.110(0.679)
—0.495 (0.043)"

Left power

Sec 2

—0.043 (0.870)
0025 (0.925)
0213 0.411)
0.157 (0.548)
0061 (0.815)
0314 (0.220)
~0.356 (0.161)

155 (0.554)

—0.098 (0.707)

—0.245 (0.343)

~0.137 (0.599)

—0.348 (0.171)

Sec3

~0.028 (0.914)
-0314 (0.220)
0396 (0.116)
~0.179(0.492)
~0.113 (0.667)
-0.208 (0.434)
0.143 (0.583)
0.121 (0.649)
0.413 (0.100)
0.130 (0.619)
0.105 (0.687)
0397 (0.115)

Sec1

~0.103 (0.694)
0.097 (0.711)
0003 (0.722)
0.265 (0.305)
0284 (0.269)
0390 (0.122)
~0.432 (0.084)
-0.258 (0.318)
~0.354 (0.163)
~0.404 (0.107)
~0.108 (0.680)
~0.326 (0.202)

Right power

Sec 2

~0.105 (0.689)
~0.007 (0.978)
0317 (0.215)
0.083 (0.751)
~0.025 (0.926)
0238 (0.358)
~0.266 (0.302)
~0.070(0.790)
~0.022 (0.933)
~0.179(0.492)
-0.100 (0.701)
~0.284 (0.269)

Sec3

0.037 (0.888)
~0.134 (0.609)
0.218 (0.400)
~0.132 0.613)
~0.306 (0.232)
~0.284 (0.269)
0.141 (0589)
0.330 (0.196)
0.346 (0.173)
0.123 (0.639)
0.331(0.195)
0.358 (0.158)
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Characteristics Patients
(n=29)

Age (years: mean SD)  34.1£7.8

Gender (female/ male) 11/18

1Q (JART) 99373

Duration of illness 42438

(years)

Antidepressants 925:£79.2

(imipramine

equivalents) (mg/day)

HAM-D total score 166+ 4.5

Controls
(=29

31062
13/16
1031 +£56.7
NA

NA

NA

Group difference
P-value

011

0.59

0.03
NA

NA

NA

JART, Japanese Adult Reading Test; HAM-D, Hamilton Rating Scale for Depression; NA,

no applicable.
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Stage Mean ‘Standard deviation Probability

Acute 60.4 182
Consolidation 575 103
Maintenance 61.6 17.9

Healthy controls 321 106 >0.05
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SZ(n=30) MDD (n = 30) HC (1 = 30) P

Age (years) 27.28:£7.04 29.40 + 8.87 27.27 £7.90 0.483
Gender (men/wormer) 14/16 12/18 12/18 0.835
Education (years) 13.90 £2.44 1433 £2.45 15.20 £ 165 0.086
Duration of ilness (months) 2871 £31.14 26.71%24.72 - -
PANSS 721658 - - -
HAMD = 252+ 665 - -
HAMA - 17.5+6.77 - -
Medicine (mg/day)

Antipsychotics 412,50 + 181.20* 150,00 32,074 - -
Antidepressants 4190 £ 17.718 86,67 +7.93° - -
Aniolytics 530 % 2.60° 6.18 % 0.53° - -
VTF performance (n) 7.65 + 238 953:+2.45 976+ 183 0001
TOL performance

Total responses (1) 11.87 £ 5.34° 12.43 +5.08° 17.63+£8.75 0.000°
Cortect responses (1) 780+ 5.05° 9.40 & 4.70° 14.03+4.93 0.000°
Accuracy (%) 0.64 0220 075+ 024 079022 0.020°
Average responses time (s) 12,30 £ 7.43° 10.57 £ 2.94° 845218 0.008"

PANSS, Positive and Negative Syndrome Scale; HAMD, Hamilton Depression Scale; HAMA, Hemilton Anxiety Rating Scale; SZ, Schizophrenia; MDD, Major depressive disorder; HC,
Healthy control.

“The difference between SZ and HC is significant.

bThe difference between SZ and MDD is significant.

©The difference between MDD and HC is significant.

AThe chlorpromazine equivalent dose.

BThe imipramine equivalent dose.

CThe diazepam equivalent dose.

* means that the difference is statistically significant.
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Selection Comparability Exposure

Studysources  Isthecase  Representative  Selectionof  Definitions of Determination of Same method  Non-
definition of cases controls controls exposure  for determining  response
adequate? cases and rates

controls

Baik et al. . . N N .

Hirose et al. * * * * * *

Touji ot al « « " - N N

Puetal. * * * * * *

Otaetal. x « " N N *

Zahidetal. x “ N .

Matsuoka et al * * * * * *

Each star represents one points (each study can obtain a maximum of 9 points), whereby the more stars given, the less prone to bias the study is.
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Touji et al. (40)

Puetal. (41)

Otaetal. (42)

Zahid et al. (43)

Matsuoka et al.
(@4

Country Year Condition

Korea 2019 MDD
Japan 2018 BD
Japan 2017 MDD
Japan 2015 MDD
Japan 2020 ASD

USA 2020 NIL
Japan 2020 SZ(ROSZ)

Sample size Age (mean &
(male/female)  standard
deviation)
MDD: 51(17/34) ~ MDD: 37.62
HC: 63 (24/41)  £14.36
HC: 33.42
+1257
BD,SA: 20 (6/14) SA:335: 114
BD, NA (controll:  NA: 387 & 12.0
28 (14/14)
MDD: 68 (24/44) MDD
- SA:30(8/22) - SA37.6+10.0
- NA:38(16/22) - NA:388:+9.7
HC: 40 (16/25)  HC:382 %105

MDD: 67 (20/33)  MDD: 58.1  16.0
HC:67 (29/38)  HC:58.1 +17.8
ASD: 20(16/4)  ASD:29.05
HC: 29 (16/4) £639

HC: 27.20 £ 4.16
296 (67/229) 18812
S7:86(46/40)  SA:25.4+66
- SA:24(12/12)  NA:25.9+7.3
- NA:62(34/28)  HC: 2654 5.1

HC: 119 (68/51)

Diagnostic

criteria

(instrument)

DSM-5

DSM-V

DSM-4,
HAM-D

DSM-4

DSM-5

NIL

DSM-4

Suicidality  Medication

measure(s)

HAM-D NIL

Hstoryof — NIL

sicide

attempt; MINI

Historyof  Daily doses

suicide converted to

attempt equivalent
doses of
Imipramine,
chlorpromazine
and diazepam

HAM-D Daily doses of
all
antidepressants|
were
converted to
an equivalent
dose of
imiprarmine

MINI NIL

BDI; NIL

Historyof ~ Daiy doses of

suicide all AR, BZD

attempt and APK
drugs were
converted to
chlorpromazine,
diazepam and
biperiden
equivalent
doses

Brain
areas

NIRS device Paradigm

NIRSIT
(OBELAB): 24
dual-
wavelength
laser diodes
(780/850nm)
and 32 photo
detectors
separated by
a1.5cm unit
distance

VFT, Stroop PR
task,

two-back

task

$52-channel VFT F
ETG-4000

(Hitachi)

$52-channel VFT
ETG-4000

(Hitachi)

PRT

$52-channel VFT F
ETG-4000

(Hitachi)

24-channel
ETG-4000
(Hitach)

Model 200A  Anagram DLPFC
(fNIR Devices tasks

LLO)

52-channel  LFT F
ETG-4000

(Hitach)

Main findings

Relatively reduced left PF
oxy-Hb changes for MDD
patients

Positive correlation
between VFT asymmetry
index and HAM-D suicide
item for MDD patients
Stronger effect of MDD
severity on suicidal
ideation with relatively
greater association with
left PF asymmetry for
MDD patients

Smaller  hemodynamic
responses  in  various
regions; delayed activation
timing of NIRS signal in PF
region for SA group
Significant, positive
association between
current suicide risk
significantly and delayed
activation timing in PF
region for all BD patients

Smaller  hemodynamic
response in left precentral
gyrus for SA group
Significant correlation
between severity of
suicidal ideation and
hemodynamic responses
in right DLPFC for

SA group
Significantly smaller
regional  hemodynamic

changes for MDD patients
with suicidal iceation
Negative correlation
between severity of
suicidal ideation (as
measured by HAM-D) and
hemodynamic changes in
DLPFC, OFC and FPC
regions for MDD gro