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Abstract
Background
A substantial number of clinical studies have demonstrated the functional recovery induced by the use of brain-computer interface (BCI) technology in patients after stroke. The objective of this review is to evaluate the effect sizes of clinical studies investigating the use of BCIs in restoring upper extremity function after stroke and the potentiating effect of transcranial direct current stimulation (tDCS) on BCI training for motor recovery.

Methods
The databases (PubMed, Medline, EMBASE, CINAHL, CENTRAL, PsycINFO, and PEDro) were systematically searched for eligible single-group or clinical controlled studies regarding the effects of BCIs in hemiparetic upper extremity recovery after stroke. Single-group studies were qualitatively described, but only controlled-trial studies were included in the meta-analysis. The PEDro scale was used to assess the methodological quality of the controlled studies. A meta-analysis of upper extremity function was performed by pooling the standardized mean difference (SMD). Subgroup meta-analyses regarding the use of external devices in combination with the application of BCIs were also carried out. We summarized the neural mechanism of the use of BCIs on stroke.

Results
A total of 1015 records were screened. Eighteen single-group studies and 15 controlled studies were included. The studies showed that BCIs seem to be safe for patients with stroke. The single-group studies consistently showed a trend that suggested BCIs were effective in improving upper extremity function. The meta-analysis (of 12 studies) showed a medium effect size favoring BCIs for improving upper extremity function after intervention (SMD = 0.42; 95% CI = 0.18–0.66; I2 = 48%; P < 0.001; fixed-effects model), while the long-term effect (five studies) was not significant (SMD = 0.12; 95% CI = − 0.28 – 0.52; I2 = 0%; P = 0.540; fixed-effects model). A subgroup meta-analysis indicated that using functional electrical stimulation as the external device in BCI training was more effective than using other devices (P = 0.010). Using movement attempts as the trigger task in BCI training appears to be more effective than using motor imagery (P = 0.070). The use of tDCS (two studies) could not further facilitate the effects of BCI training to restore upper extremity motor function (SMD = − 0.30; 95% CI = − 0.96 – 0.36; I2 = 0%; P = 0.370; fixed-effects model).

Conclusion
The use of BCIs has significant immediate effects on the improvement of hemiparetic upper extremity function in patients after stroke, but the limited number of studies does not support its long-term effects. BCIs combined with functional electrical stimulation may be a better combination for functional recovery than other kinds of neural feedback. The mechanism for functional recovery may be attributed to the activation of the ipsilesional premotor and sensorimotor cortical network.
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M1Primary motor cortex


MIMotor imagery


BCIBrain-computer interface


FESFunctional electrical stimulation


EEGElectroencephalography


MEGMagnetoencephalography


fNIRSfunctional near-infrared spectroscopy


fMRIfunctional magnetic resonance imaging


ERDEvent-related desynchronization


ERSEvent-related synchronization
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FCCFunctional connectivity change
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Background
Motor deficit is the most common sequela after stroke, resulting in severe negative impacts on activities of daily living and social participation for patients [1]. Spontaneous recovery usually occurs within the first 3 months after the onset of stroke; however, there exists a great deal of variability in recovery across patients, particularly patients with severe deficits, who tend to recover less and more slowly [2]. With regard to the importance of motor training in facilitating motor recovery after stroke, various rehabilitation training protocols, such as task-specific training and constrained-induced motor training have been applied in regard to stroke [3, 4]. However, these protocols are limited in patients with severe motor function deficit, due to the voluntary participation of hemiparetic hands. On the other hand, brain-computer interface (BCI) technology does not involve the direct volitional control of hemiparetic hands in training; therefore, it may be promising for these patients.
The term “BCIs” refers to systems that capture the features of brain activity and translate them into computerized commands to control external devices, which can be communication devices [5], functional electrical stimulation (FES) [6], or exoskeleton robots [7], among others. To acquire brain activity signals, either invasive or non-invasive strategies can be used. Invasive BCIs can acquire spatiotemporal signals and have a great capacity to distinguish more dimensions of patients’ intent through implants in the brain cortex [8]. However, non-invasive BCIs, using signals collected from electroencephalography (EEG), magnetoencephalography (MEG), functional near-infrared spectroscopy (fNIRS), or functional magnetic resonance imaging (fMRI), may be more promising than the invasive strategy in reality, due to safety and ethical issues [9]. Among them, the EEG signal-based BCI is the most commonly used system because of its relatively simple and inexpensive equipment requirements, as well as rich sources regarding its temporal resolution (e.g., visually evoked potential, P300, slow cortical potential) and frequency (e.g., power in given frequency bands) domains, the information can be extracted as the feature for controlling external devices [10]. The EEG signal-based BCI captures the signal of the event-related and time-locked decrease or increase in the oscillatory power in given frequency bands; in other words, the event-related desynchronization (ERD) or event-related synchronization (ERS), respectively [11, 12]. At present, hybrid BCI systems that combine more than one signal can provide more efficient natural control of external devices [13].
In 2009, Daly et al. [14] reported the first case study concerning the feasibility of an EEG signal-based BCI combined with FES in regard to stroke rehabilitation. After a three-week training period, the patient under study regained volitional isolated index finger extension, suggesting the potential immediate effects of this method on motor recovery [14]. In subsequent well-designed studies, the immediate effects of BCIs on motor function were confirmed [15, 16] and researchers also explored the immediate effects on improvements in spasticity [15], muscle strength [16], and activities of daily living [16, 17]. However, many well-known rehabilitation strategies, such as virtual reality [18] and mirror therapy [19], which showed superior immediate effects, might not have long-term effects across time. The latest meta-analysis summarized the immediate clinical effects of BCIs based on nine studies; the overall results support the effectiveness of BCI training on the improvement of upper extremity motor function in stroke [20]. However, the evidence related to the immediate effects of BCIs in other aspects (e.g., spasticity, strength, etc.) and corresponding long-term effects were not certain.
At present, brain activity during motor imagery (MI) and movement attempts can be used to trigger external devices. However, it is believed that these two mental tasks have different mechanisms in regard to promoting neural plasticity. MI is a mental rehearsal of movements without any real movement. The neural substrates of MI have been extensively studied with neuroimaging techniques and have been found to possess substantial overlapping with the neural network of motor execution, such as in the contralateral supplementary motor area (SMA), contralateral postcentral gyrus, contralateral superior parietal lobe, and ipsilateral prefrontal cortex [21, 22]. On the other hand, it is well known that the mu (8–13 Hz) and beta (13–30 Hz) rhythms over the primary motor cortex (M1) and bilaterally across the precentral motor cortex desynchronize during motor execution, movement attempts, and MI [23, 24]. A study using electrocorticography shows that both motor execution and MI induced ERD in mu and beta bands accompanied by ERS at high frequencies (76–100 Hz) over contralateral M1, but the former had larger changes than the latter [8]. Transcranial magnetic stimulation (TMS) further proved the enhanced cortical excitability of M1 during MI, as measured by increased motor-evoked potential (MEP) [25]. In 2010, Prasad et al. reported on the use of an MI-based BCI system in regard to five patients with chronic stroke; their results show the proof-of-concept of BCI training in regard to improving motor function [26].
In addition to MI, movement attempts (i.e., patients attempt to move their paretic hands, even though they have completely lost voluntary movements) have been proposed for BCIs in stroke [14]. A previous neuroimaging study indicated that the cortical activity of movement attempts closely followed the somatotopic organization of motor execution in patients after spinal cord injuries [27]. The neural mechanism of movement attempt-based BCIs refers to Hebbian plasticity, which is different from that of MI. Hebbian plasticity explains a form of enhanced synaptic plasticity if a close timing order of pre- and post-synaptic activity occurs [28]. Post-synaptic spiking after presynaptic firing can result in short-term potentiation, which is largely dependent on the N-methyl-D-aspartate receptor [29]; the sensorimotor loop is disrupted in patients with stroke due to the loss of voluntary movements, but the capacity of motor planning may still be retained. A previous study indicated that movement attempts could be extracted from EEGs for patients with complete hand paralysis [30] and can be used to trigger external devices (e.g., robot arms), potentially restoring the normal timing order of motor preparation, execution, and peripheral muscle effectors [30]. Therefore, through this form of BCI training, patients could learn to control the brain oscillatory activity induced by movement attempts through immediate and correct somatosensory feedback, and a new sensorimotor loop could be established [15, 16]. Recently, researchers have argued that movement attempts are more informative than MI, because patients have to actively suppress the movement of extremities in MI, while it is more natural to attempt movement [31].
To establish a closed sensorimotor loop, BCIs are combined with different external devices to achieve feedback regarding self-regulated brain activity. FES has been used in BCI systems to elicit muscle contraction in the paretic arm, by delivering electrical stimulation [32]. It has been proven that FES is able to facilitate the efficacy of closed sensorimotor loop during BCI training, by increasing the patient’s movement awareness during motor training and by enhancing corticospinal excitability [33]. Robots (e.g., exoskeletons and orthosis) have also been integrated in BCI systems to provide proprioceptive feedback. The clinical effects of robot-assisted therapy were found to be modest in comparison with conventional rehabilitation, according to the results of a large-scale study [34]. However, when integrated with BCI training, patients can control their movements with the assistance of robotic devices more voluntarily, thus improving their participation [15]. In addition, visual feedback is used in BCI training to provide simple and fast feedback regarding brain activity [35]. As indicated in the review conducted by van Dokkum et al. [36], different external devices appear to play different roles in the closed sensorimotor loop. For instance, BCIs combined with FES can link movement intention with muscle contraction, turning the bottom-up approach of FES into a top-down approach. Moreover, a study carried out by Ono et al. [37] indicated that the external device providing proprioceptive feedback tended to be more effective than visual feedback in clinical outcomes, suggesting that external devices may significantly boost the effects of BCIs. To the best of our knowledge, there have been no studies directly comparing the effects of different external devices combined with BCI training in clinical outcomes.
Anodal stimulation of transcranial direct current stimulation (tDCS), is capable of exciting the cortex [38]. Recent studies have found it effective in increasing the ERD of mu rhythm during MI [39], and thereby improved motor performance when combined with BCI training based on MI tasks [40]. Although the clinical effects of BCIs in stroke can be potentiated by a preceding tDCS to the cortex, the effects of tDCS in facilitating BCI applications, in regard to restoring motor function for stroke, have not been reviewed before.
A recent meta-analysis by Cervera et al. [20] evaluated the immediate effects of BCIs on the improvement of upper extremity motor function for stroke. The current study aims: (1) to investigate both the immediate and long-term clinical effects of BCI training on the improvement of hemiparetic upper extremity function, and the related neural plasticity changes elicited by BCIs in patients after stroke; (2) to study the potential differences in treatment effects caused by different training paradigms for BCIs measuring signals from the motor cortex (e.g., MI-based BCIs and movement attempt-based BCIs); (3) to explore the potential differential effects of BCIs when combined with different kinds of external devices; and (4) to explore the potentiating effect of tDCS on BCI training.

Methods
The current systematic review and meta-analysis is reported in accordance with the preferred reporting items for systematic reviews and meta-analyses statement [41].
Search strategy
A systematic computerized literature search was conducted by one of the authors (ZB) across the following databases: PubMed, Medline, EMBASE, CINAHL, CENTRAL, PsycINFO, and PEDro. In each database, the search was conducted using a combination of keywords “stroke OR cerebral infarction OR cerebral hemorrhage OR cerebral vascular accident AND brain-machine interface OR brain-computer interface”. A manual search was also conducted, which included screening the reference lists of previous systematic reviews and searching Google Scholar using the same keywords. The published data were not limited and the last search took place on August 1st, 2019.

Selection criteria
The following criteria were applied in the article selection. Studies were included if they met all of the following inclusion criteria. 1) Either single-group studies or controlled studies. The control intervention could be sham BCI training or conventional training without BCIs. 2) Aimed to evaluate the effects of BCIs on hemiparetic upper extremity functional recovery. 3) The BCI training was administered across more than one session. 4) Subjects were adults with stroke. 5) At least one assessment related to clinical effects was conducted before and after the intervention. 6) Peer-reviewed journal articles or conference proceedings with full texts. 7) Published in English. Studies were excluded if they met one of the following exclusion criteria. 1) Studies involving subjects with brainstem stroke, lock-in syndrome, or traumatic brain injuries. 2) Studies only concerning brain signal detection and decoding. 3) Studies that published updated data. First, two reviewers (ZFB and JQZ) independently screened all of the records based on the titles and abstracts. Second, the remaining records were imported into Endnote X8 and the full texts were downloaded. The two reviewers read the full texts in order to decide which studies met our criteria. Then, a face-to-face discussion took place to reach an agreement regarding study inclusion. When necessary, a third reviewer (KNKF) joined the discussion and resolved any discrepancies.

Data extraction
Two reviewers independently conducted data extraction. A customized form was pre-produced for data extraction regarding the included studies’ general characteristics and results. The general characteristics extracted consisted of authors, year of publication, study design, sample size, age of subjects, average time since stroke, interventions, brain signals, and the dosage of the interventions. Information related to both clinical effects and neural mechanisms were extracted. For the clinical effects reported in controlled studies, mean scores and standard deviations (SDs) of the outcomes before and after the interventions were extracted, as well as the mean change scores and SDs for meta-analyses. If the data reported in articles could not be used for data pooling, the authors of the articles were contacted to request the necessary data. After the independent data extraction, the two reviewers again held a face-to-face discussion to reach an agreement regarding data extraction. When necessary, a third reviewer (KNKF) joined the discussion and resolved any discrepancies.

Methodological quality assessment
Two independent reviewers critically appraised the methodological quality of the controlled studies using the Physiotherapy Evidence Database (PEDro) rating scale [42]. A face-to-face discussion between the two reviewers took place to reach an agreement on the methodological quality assessment. The PEDro scale has 11 items consisting of risk of bias on randomization, allocation concealment, blinding, dropout rate, intention to treat, and data reporting. Aside from the first item, each of the remaining 10 items is scored 1 mark if a clinical controlled trial meets the criterion, and the final score is obtained by summation. Studies with a PEDro score of 9–10 are considered to be of “excellent” quality, 6–8 of “good” quality, 4–5 of “fair” quality, and below 4 of “poor” quality [43].

Data synthesis
With reference to Chhatbar et al.’s interpretation of why to use mean change scores, rather than post-intervention outcomes, in meta-analyses [44], we decided to use the mean change score and SD of each interested outcome measure for our meta-analysis. If the mean change score and SD were not available, but the assessment results regarding pre-intervention and post-intervention/follow-up were available, we transformed the pre/post-intervention scores to a mean change score and SD following the recommendation in the Cochrane Handbook for Systematic Reviews of Interventions [45].
Among the included clinical studies, the Fugl-Meyer Assessment - Upper Extremity (FMA-UE) score, which consists of continuous data, was the most common primary outcome measure for upper extremity function. However, there were two studies in which the authors employed the Manual Function Test [46] and the Jebsen Hand Function Test [47] as the primary outcomes, rather than the FMA-UE. To combine the two outcomes in our meta-analysis, we adopted the standardized mean difference (SMD) with 95% confidence intervals (CI) as the pooled effect size. Heterogeneity across the included studies was confirmed by means of checking the Higgins’ I2 statistic. A fixed-effects model for data pooling was used if the I2 statistic was below 50%, which meant that there was acceptable heterogeneity across the included studies. In contrast, the random-effects model was used if the I2 statistic was above 50%. Random-effects models for sub-group analyses among the devices combined with BCIs (e.g., FES, robots, visual feedback) and the effects of differential BCI tasks (e.g., MI-, movement attempt-, and action observation-based BCIs) were conducted. We also conducted a sensitivity analysis by only including studies with good or above methodological quality, to test the robustness of the estimation of effect sizes. Publication basis was checked for through a meta-analysis or subgroup analysis including five or more studies, using Egger’s linear regression test to quantify the asymmetry of the funnel plot. Univariate meta-regression analysis was performed when using the total number of training sessions and the cumulative training time (hours) to identify any association between training dosage and effect size. The level of significance was set at p < 0.05 for all statistical analyses performed. Procedures related to data pooling were carried out in Review Manager 5.3 [48], and Comprehensive Meta-Analysis 3.0 software (Englewood, NJ, USA) was used for publication bias and meta-regression.
We also summarized the adverse events of BCI training and the neural mechanism of BCI training reported in the included studies. To create a systematic qualitative description, we considered both the consistency of results across the included studies and the heterogeneity in methodological quality and sample size. However, the single-group studies were qualitatively described only.


Results
Literature search and study characteristics
A total of 1015 records were screened, of which the full texts of 80 were assessed for eligibility. Finally, 33 studies were included in the current systematic review [6, 7, 15–17, 26, 35, 37, 46, 47, 49–71], of which 18 studies were of single-group design [26, 37, 56–71], and 15 studies were of controlled-trial design [6, 7, 15–17, 35, 46, 47, 49–55]. In the current review, only studies with a controlled-trial design were included in our meta-analysis, and those with single-group designs were only included in our qualitative description. A flowchart depicting the study selection is presented in Fig. 1. The characteristics of the included single-group and controlled studies are presented in Tables 1 and 2, respectively. All of the included controlled studies were randomized controlled trials except two [49, 55]. Thirteen out of the 15 controlled studies focused on the effects of BCIs in stroke [6, 7, 15–17, 35, 46, 47, 49–53], while the remaining two studies explored the effects of tDCS in facilitating the effects of BCIs on the improvement of motor recovery in the hemiparetic upper extremity [54, 55]. The methodological quality of the included controlled studies is presented in Table 3. Ramos-Murguialday and colleagues published two papers, in 2013 [15] and 2019 [53], respectively, based on a single experiment. The first paper focused on the immediate effects post-intervention, while the latter focused on the long-term effects of BCIs. We used the data from the earlier study in our meta-analysis of immediate effects, while the latter study was used in our meta-analysis of long-term effects. The EEG signal was commonly used to drive external devices, except for one study using the NIRS signal [35] and another one using the MEG [56]. The majority of the included studies used the signals of electrodes on the ipsilesional hemispheres – in particular, the sensorimotor cortex [6, 15, 16, 47, 55] – while Mihara et al. used the signal from PMC [35] and both Kim et al. and Jang et al. used the EEG signal from the prefrontal cortex [6, 51]. Six studies investigated the neural mechanism behind clinical effects via fMRI, EEG, TMS, or fNIRS [6, 15–17, 35, 49].
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Fig. 1Flow chart of study selection



Table 1Characteristics of the single-group studies


	Study, year
	n
	Age (years)a
	Time since strokea
	Brain signal for BCI
	BCI intervention
	Dosage of BCI
	Outcome measures
	Main results

	Buch et al. (2008) [56]
	8
	58.2 ± 7.0
	25.2 ± 11.6 (mo)
	MEG, mu
	BCI-orthosis
	1–2 h/d, 3–5 d/wk., 3–8 wk
	MRC
	Increased mu rhythm modulation, but no clinical change in MRC.

	Prasad et al. (2010) [26]
	5
	58.6 ± 8.98
	28 ± 15.4 (mo)
	EEG, mu, beta
	BCI-visual feedback
	30 min/d, 2 d/wk., 6 wk
	ARAT, MRC, 9-HPT
	Positive improvement in at least one outcome in all subjects.

	Tung et al. (2013) [57]
	6
	Unknown
	Unknown
	EEG
	BCI-robot
	1 h/d, 5 d/wk., 2 wk
	FMA-UE
	Significant improvement in FMA-UE after BCI.

	Ono et al. (2014) [37]
	12
	57.6 ± 11.8
	30.8 ± 41.3 (mo)
	EEG, mu, beta
	BCI-visual feedback/somatosensory feedback
	1 h/d, 12–20 d
	SIAS, EMG
	BCI training with somatosensory feedback was more effective than that with visual feedback.

	Morone et al. (2015) [58]
	8
	60 ± 10.9
	24.4 ± 21.2 (wk)
	EEG, beta
	Con-rehab + BCI-visual feedback
	30 min/d, 3 d/wk., 4 wk
	FMA-UE, NIHSS, BI
	Positive improvement in all subjects and half of them had improvements higher than the MCID.

	Kawakami et al. (2016) [59]
	29
	50.6 ± 10.9
	48 ± 41.4 (mo)
	EEG, mu
	40 min standard training + BCI-orthosis
	45 min/d, 5 d/wk., 2 wk
	FMA-UE, MAL, MAS
	Significant improvement in FMA-UE and MAL scores after BCI training.

	Kotov et al. (2016) [60]
	5
	47.0 ± 7.7
	2 mo-4 yr
	EEG
	BCI-exoskeleton
	8–10 d
	NIHSS, MAS, BI, mRS
	All patients showed decreases in neurological deficit after BCI training.

	Bundy et al. (2017) [61]
	10
	58.6 ± 10.3
	73.6 ± 104.2 (mo)
	EEG, mu, beta
	BCI-exoskeleton
	10–120 min/d, 5 d/wk., 12 wk
	ARAT, MAS,
	Significant improvement in ARAT after BCI training.

	Ibáñez et al. (2017) [62]
	4
	54.3 ± 11.8
	4 ± 0.8 (yr)
	EEG, 7–30 Hz, Bereitschafts potential
	BCI-FES
	10 days in one month
	FMA-UE
	Improved scores in FMA-UE after BCI training.

	Sullivan et al. (2017) [63]
	6
	57.5 ± 7.9
	51.5 ± 41.9 (mo)
	EEG, MRCP
	BCI-exoskeleton
	12 d in 5 wk
	FMA-UE
	Significant improvement in FMA-UE after BCI training.

	Nishimoto et al. (2018) [64]
	26
	50.2 ± 11.1
	47.4 ± 43.9 (mo)
	EEG, mu
	BCI-exoskeleton + FES
	40 min/d, 10 d
	FMA-UE, MAL
	Significant improvement in FMA-UE and MAL after BCI training.

	Chowdhury et al. (2018) [65]
	4
	44.75 ± 15.69
	7 ± 1.15 (mo)
	EEG, mu, low beta
	BCI-exoskeleton
	2–3 d/wk., 6 wk
	ARAT, GS
	The group mean changes from baseline in GS and ARAT were + 6.38 kg and + 5.66, respectively.

	Norman et al. (2018) [66]
	8
	59.5 ± 11.8
	At least 6 (mo)
	EEG, mu, beta
	BCI- visual feedback
	3 d/wk., 4 wk
	BBT
	Hand function, measured by BBT improved by 7.3 ± 7.5 versus 3.5 ± 3.1 in those with and without SMR control.

	Remsik et al. (2018) [67]
	21
	61.6 ± 15
	1127 ± 1327 (d)
	EEG
	BCI- visual feedback, FES
	2 h/d, 15 d
	ARAT, 9-HPT, SIS
	Significant improvement in ARAT after BCI training.

	Tabernig et al. (2018) [68]
	8
	61.2 ± 19.0
	36.8 ± 24.2 (mo)
	EEG, beta
	BCI-FES
	1 h/d, 4 d/wk., 5 wk
	Modified FMA-UE
	Significant improvement in modified FMA-UE after BCI training.

	Carino-Escobar et al. (2019) [69]
	9
	58.1 ± 12.1
	158 ± 74 (d)
	EEG, mu, beta
	BCI-orthosis
	3 d/wk., 4 wk
	FMA-UE
	Six out of nine subjects had higher scores in FMA-UE after BCI training.

	Foong et al. (2019) [70]
	11
	55.2 ± 11.0
	333.7 ± 179.6 (d)
	EEG
	Standard arm therapy + BCI-visual feedback
	1 h/d, 2 d/wk., 6 wk
	FMA-UE, ARAT
	Significant improvement in FMA-UE after BCI training.

	Rathee et al. (2019) [71]
	4
	62.5 ± 5.7
	23 ± 4.2 (mo)
	EEG, EMG
	BCI-exoskeleton
	6 wk
	ARAT, GS
	Significant improvement in ARAT and GS after BCI training.


aData is reported as means (SD)
mo month(s), yr year(s), wk. weak(s), h hour(s), d day(s), BCI Brain-computer interface, MEG Magnetoencephalography, MRC Medical Research Council scale, SIAS Stroke Impairment Assessment Set, EEG Electroencephalography, ARAT Action Research Arm Test, 9-HPT Nine-Hole Peg Test, NIHSS National Institute of Health Stroke Scale, BI Barthel Index, EMG Electromyography, SMR Sensorimotor rhythm, FES Functional electrical stimulation, SIS Stroke Impact Scale, con-rehab conventional rehabilitation, FMA-UE Fugle-Meyer assessment-upper extremity, MCID Minimal clinically important difference, MAL Motor activity log, GS Grip strength, MAS Modified Ashworth scale, mRS modified Rankin scale, MRCP Movement-related cortical potentials, BBT Box and Block Test


Table 2Characteristics of the controlled studies


	Study, year
	Design
	n (E/C)
	Age (years)a
	Time since strokea
	Brain signal for BCI
	Experimental group
	Control group
	Dosage of BCI
	Outcome measures

	Mihara et al. (2013) [35]
	RCT
	10/10
	E: 56.1 ± 7.9
C: 60.1 ± 8.5
	E: 146.6 ± 36.2 (d)
C: 123.4 ± 38.3 (d)
	NIRS, oxyHB
	Con-rehab + BCI-visual feedback (MI task)
	Con-rehab + sham BCI
	20 min/d, 3 d/wk., 2 wk., 6 d
	FMA-UE, ARAT, MAL, fNIRS

	Ramos-Murguialday et al. (2013) [15]
	RCT
	16/16
	E: 49.3 ± 12.5
C: 50.3 ± 12.2
	E: 66 ± 45 (mo)
C: 71 ± 72 (mo)
	EEG, beta
	1 h PT rehab + BCI-orthosis (MA task)
	1 h PT rehab + 1 h sham BCI
	40 min/d, 5 d/wk., 4 wk., 20 d
	FMA-UE, GAS, MAL, MAS, task-fMRI

	Varkuti et al. (2013) [49]
	NRCT
	6/3
	E: 40.94 ± 14.5
C: 50.67 ± 6.66
	E: 11.67 ± 13.51 (mo)
C: 6.8 ± 6.5 (mo)
	EEG
	BCI-Manus robot (MI task)
	Manus robot
	1 h/d, 3 d/wk., 4 wk., 12 d
	FMA-UE, RS-fMRI

	Ang et al. (2014) [50]
	RCT
	6/8
	E: 54.1 ± 8.9
C: 51.1 ± 6.3
	E: 258.7 ± 64.0 (d)
C: 398.2 ± 150.9 (d)
	EEG,
	0.5 h mobilization + BCI-robot (MI task)
	0.5 h mobilization + robot
	1.5 h/d, 3 d/wk., 6 wk., 18 d
	FMA-UE,

	Li et al. (2014) [6]
	RCT
	7/7
	E: 66.3 ± 4.9
C: 67.1 ± 6.0
	E: 2.2 ± 1.8 (mo)
C: 2.8 ± 2.0 (mo)
	EEG, mu, beta
	Con-rehab + BCI-FES (MI task)
	Con-rehab + FES
	1–1.5 h/d, 3 d/wk., 24 d,
	FMA-UE, ARAT, EEG

	Rayegani et al. (2014) [47]
	RCT
	10/10
	E: 51 ± 7.3
C: 54 ± 8.2
	E: 8.5 ± 6 (mo)
C: 8 ± 8.8 (mo)
	EEG, beta
	1 h con-rehab + BCI-visual feedback (MI task)
	Con-rehab
	30 min/d, 5 d/wk., 2 wk., 10 d
	JHFT

	Ang et al. (2015) [7]
	RCT
	11/14
	E: 48.5 ± 13.5
C: 53.6 ± 9.5
	E: 383.0 ± 290.8 (d)
C: 234.7 ± 183.8 (d)
	EEG, FBCSP
	BCI-Manus robot (MI task)
	Manus robot
	1.5 h/d, 3 d/wk., 4 wk., 12 d
	FMA-UE

	Pichiorri et al. (2015) [17]
	RCT
	14/14
	E: 64.1 ± 8.4
C: 59.6 ± 12.7
	E: 2.7 ± 1.7 (mo)
C: 2.5 ± 1.2 (mo)
	EEG, 0–60 Hz
	3 h con-rehab + BCI-visual feedback (MI task)
	3 h con-rehab + MI
	30 min/d, 3 d/wk., 4 wk. 12 d
	FMA-UE, MRC, MAS, NIHSS, EEG

	Jang et al. (2016) [46]
	RCT
	10/10
	E: 61.10 ± 13.77
C: 61.70 ± 12.09
	E: 4.40 ± 0.97 (mo)
C: 4.10 ± 0.74 (mo)
	EEG, (SMR + mid-beta) / theta
	30 min con-rehab + BCI-FES (AO task)
	30 min con-rehab + FES
	20 min/d, 5 d/wk., 6 wk., 30 d
	VD, HD, VAS, MAS, MFT

	Kim et al. (2016) [51]
	RCT
	15/15
	E: 59.09 ± 8.07
C: 59.93 ± 9.79
	E: 8.27 ± 1.98 (mo)
C: 7.80 ± 1.78 (mo)
	EEG, (SMR + mid-beta) / theta
	30 min con-rehab + AO-BCI-FES (AO task)
	30 min con-rehab
	30 min/d, 5 d/wk., 4 wk., 20 d
	FMA-UE, MAL, MBI, ROM

	Frolov et al. (2017) [52]
	RCT
	55/19
	E: 55.0 ± 12.9
C: 58.5 ± 10.9
	E: 8.9 ± 6.4 (mo)
C: 8.8 ± 8.4 (mo)
	EEG, 5–30 Hz
	Con-rehab + BCI-arm exoskeleton (MI task)
	Con-rehab + sham BCI
	30 min/d, 3 d/wk., 12 d
	FMA-UE, ARAT,

	Biasiucci et al. (2018) [16]
	RCT
	14/13
	E: 56.4 ± 9.9
C: 59.0 ± 12.4
	B: 39.8 ± 45.9 (mo)
C: 33.5 ± 30.5 (mo)
	EEG, mu, beta
	BCI-FES (MA task)
	Sham BCI
	1 h/d, 2 d/wk., 5 wk., 10 d
	FMA-UE, MRC, MAS, ESS, EEG,

	Ramos-Murguialday et al. (2019) [53]
	RCT
	16/12
	E: 49.3 ± 12.5
C: 50.3 ± 12.2
	E: 66 ± 45 (mo)
C: 71 ± 72 (mo)
	EEG, beta
	1 h PT rehab + 1 h BCI-orthosis (MA task)
	1 h PT rehab + 1 h sham BCI
	1 h/d, 5 d/wk., 4 wk., 20 d
	FMA-UE, GAS, MAL, MAS, task-fMRI

	Ang et al. (2015) [54]
	RCT
	10/9
	E: 52.1 ± 11.7
C: 56.3 ± 9.5
	E: 1052 ± 722 (d)
C: 1021 ± 465 (d)
	EEG
	20 min tDCS + BCI- robot (MI task)
	20 min sham tDCS + BCI- robot
	1 h/d, 5 d/wk., 2 wk
	FMA-UE

	Kasashima-Shindo et al. (2015) [55]
	NRCT
	11/7
	E: 53.5 ± 12.4
C: 48 ± 9.7
	E: 46.2 ± 20.2 (mo)
C: 56.4 ± 36.4 (mo)
	EEG, mu
	10 min tDCS + BCI-orthosis (MI task)
	BCI-orthosis
	45 min/d, 5 d/wk., 2 wk
	FMA-UE, MAS


aData is reported as means (SD)
RCT Randomized control trial, NRCT Non-randomized control trial, E Experimental group, C Control group, BCI Brain-computer interface, NIRS Near-infrared spectroscopy, oxyHB oxygenated hemoglobin, con conventional, MI Motor imagery, AO Action observation, MA Movement attempt, rehab rehabilitation, min minute(s), h hour(s), d day(s), wk. week(s), mo month(s), yr year(s), FMA Fugl-Meyer assessment, UE Upper extremity, LE lower extremity, ARAT Action research arm test, MAL Motor activity log, MAS Modified Ashworth scale, fNIRS functional near-infrared spectroscopy, EEGElectroencephalo​graphy, SMR Sensorimotor rhythm, PT Physical therapy, GAS Goal attainment scale, fMRI functional magnetic resonance imaging, RS Resting state, FES functional electrical stimulation, JHFT Jebsen Hand Function Test, MRC Medical Research Council scale, NIHSS National Institute of Health Stroke Scale, VD Vertical distance, HD Horizontal distance, AO Action observation, VAS Visual analogue, MFT The Manual Function Test, MBI Modified Barthel Index, ROM Range of motion, ESS European Stroke Scale, tDCS transcranial direct current stimulation, RMT Resting motor threshold, SICI Short intra-cortical inhibition, ICF Intracortical facilitation


Table 3Methodological quality assessment of the controlled studies


	Authors
	PEDro items
	Total

	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11
	 	 
	Mihara et al. (2013) [35]
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1
	10

	Ramos-Murguialday et al. (2013) [15]
	1
	1
	1
	1
	1
	1
	 	1
	 	1
	1
	8

	Varkuti et al. (2013) [49]
	1
	 	 	1
	 	 	 	1
	1
	 	1
	4

	Ang et al. (2014) [50]
	1
	1
	 	1
	 	 	1
	1
	 	1
	1
	6

	Li et al. (2014) [6]
	1
	1
	1
	1
	 	 	 	1
	1
	1
	1
	7

	Rayegani et al. (2014) [47]
	1
	1
	 	1
	 	 	1
	 	 	1
	1
	5

	Ang et al. (2015) [7]
	1
	1
	1
	1
	 	 	1
	1
	 	1
	 	6

	Pichiorri et al. (2015) [17]
	1
	1
	1
	1
	 	 	 	1
	 	1
	1
	6

	Jang et al. (2016) [46]
	1
	1
	 	1
	 	 	1
	1
	 	1
	1
	6

	Kim et al. (2016) [51]
	1
	1
	1
	1
	 	 	1
	1
	 	1
	1
	7

	Frolov et al. (2017) [52]
	1
	1
	 	1
	 	 	1
	 	 	1
	1
	5

	Biasiucci et al. (2018) [16]
	1
	1
	1
	1
	1
	 	1
	1
	1
	1
	1
	9

	Ramos-M et al. (2019) [53]
	1
	1
	1
	1
	1
	1
	1
	 	 	1
	1
	8

	Ang et al. (2015) [54]
	1
	1
	 	1
	1
	 	 	1
	1
	1
	1
	7

	Kasashima-Shindo et al. (2015) [55]
	1
	 	 	1
	 	 	1
	1
	1
	1
	1
	6


1 = eligibility criteria; 2 = random allocation; 3 = concealed allocation; 4 = baseline comparability; 5 = blind subjects; 6 = blind therapists; 7 = blind assessors; 8 = adequate follow-up; 9 = intention-to-treat analysis; 10 = between-group comparisons; 11 = point estimates and variability




Adverse events
Eight of the included studies (n = 33) announced that no serious adverse events were found while applying BCIs in patients after stroke [6, 7, 15, 16, 35, 50, 52, 64]. However, it is noteworthy that a few subjects reported mild discomfort after receiving BCI training, such as transient nausea [7], fatigue [7, 52], headaches [52], increased blood pressure [52], and allergies to electrode slices [6]. In Ang et al.’s study, the authors had already excluded patients with epilepsy, but one case dropped out due to a mild transient seizure occurring several hours after the intervention [6].

Single-group studies
Eleven of the 18 single-group studies evaluated the effects of BCIs on the improvement of the motor recovery of the upper extremities [37, 57, 59, 61, 63, 64, 66–68, 70, 71], and all of them showed significant improvements in motor function, as measured by the FMA-UE, the Action Research Arm Test, and the Box and Block Test. In particular, the average duration since stroke onset indicated that the subjects were at chronic stages, and so improvements in motor function were less likely to be caused by spontaneous recovery. In those single-group studies in which statistical analysis had not been performed, most likely due to the small sample size, descriptive statistics indicated that the majority of subjects benefited from the BCI treatment [26, 37, 58, 60, 62, 65, 69]. However, Buch et al. [56] found that six out of eight subjects could volitionally control the BCI system via the ERD of the mu rhythm, whereas there was no significant improvement in residual finger extension, as measured by the Medical Research Council Scale, after 13 to 22 training sessions. One reason for this might be that all subjects were unable to move their paretic hand because of severe hemiplegia. Another reason for this might be the way in which the outcome measure, the Medical Research Council Scale, which measures gross hand motor function, was not sensitive to minor recovery in hands caused by the BCI training.

Controlled-trial studies
Immediate effects on upper extremity motor function
In total, 174 and 139 patients from 12 studies were included in the BCI group and the control group, respectively. The PEDro scores ranged from 4 to 10, with an average score of 6.6 ± 1.7 (Table 3). The pooled results showed that BCIs had a significant effect on the improvement of upper extremity function, compared with control interventions (SMD = 0.42; 95% CI = 0.18–0.66; I2 = 48%; P < 0.001; fixed-effects model) (Fig. 2). The funnel plot looked generally symmetrical (see supplementary material, Figure S1) and no evidence of publication bias was noted according to the Egger’s test conducted (β = 1.703; standard error = 1.982; P = 0.410). The sensitivity analysis showed that the BCI training had significant effects on upper extremity function when only studies with good or above methodological quality were included (SMD = 0.62; 95% CI = 0.33–0.90; I2 = 46%; P < 0.001; fixed-effects model). The meta-regression showed that neither the total number of sessions (β = 0.028, standard error = 0.024, P = 0.252) nor the cumulative time of training (β = − 0.007, standard error = 0.021, P = 0.732) were significant predictors of the effect size (Fig. 3).
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Fig. 2Comparison of the immediate effects of BCI interventions and control interventions on upper extremity motor function. The change in scores and standard deviations (SD) of both BCI and control groups in the 12 included studies were pooled and the overall effect of the BCIs was computed as a standard mean difference (SMD) with 95% confidence interval. The results indicated that BCI training was significantly effective at improving upper extremity function SMD = 0.42; 95% CI = 0.18–0.66; I2 = 48%; P < 0.001; fixed-effects model)
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Fig. 3Meta-regression scatterplots show the relationship between the effect size (standardized mean difference) and number of sessions (a), and the cumulative training time (b). In each subplot, the straight line shows the regression line and the curves around it show the 95% confidence interval





Subgroup analysis of the effects of different BCI tasks
With regard to the driving tasks of BCIs, MI-based BCIs were the most popular and the ERD in the mu and/or beta frequency bands was used to drive the BCI feedback devices [6, 7, 17, 35, 47, 49, 50, 52]. We also found movement attempt-based BCIs developed in two studies [62, 63]. In studies conducted by Kim et al. and Jang et al., the feedback devices were driven by a concentration index that was calculated based on the power of low beta (12–15 Hz), mid-beta (16–20 Hz), and theta bands when subjects were observing movements [46, 51]. A subgroup analysis indicted that both movement attempt-based (SMD = 0.69; 95% CI = 0.16–1.22; I2 = 0%; P = 0.010; random-effects model) and action observation-based (SMD = 1.25; 95% CI = 0.0.05–2.45; I2 = 72%; P = 0.040; random-effects model) BCIs tended to show superior clinical effects, compared with MI-based BCIs (SMD = 0.16; 95% CI = − 0.13 – 0.45; I2 = 0%; P = 0.290; random-effects model), in regard to the improvement of upper extremity function (Fig. 4). However, the difference among subgroups was not significant (P = 0.070). The funnel plot of the subgroup meta-analysis for the effects of MI-based BCIs looked symmetrical (Figure S2) and no evidence of publication bias was found based on the Egger’s test conducted (β = 1.153; standard error = 1.327; P = 0.418).
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Fig. 4A subgroup analysis for the effects of different BCI mental tasks. The 12 included studies were categorized into motor imagery-based BCIs (eight studies), movement attempt-based BCIs (two studies), and action observation-based BCIs (two studies), depending on the nature of the mental tasks. The results indicted that both movement attempt-based (SMD = 0.69; 95% CI = 0.16–1.22; I2 = 0%; P = 0.010; random-effects model) and action observation-based BCIs (SMD = 1.25; 95% CI = 0.0.05–2.45; I2 = 72%; P = 0.040; random-effects model) tended to show superior clinical effects, compared to MI-based BCIs (SMD = 0.16; 95% CI = − 0.13 – 0.45; I2 = 0%; P = 0.290; random-effects model) in regard to improving upper extremity function. However, the difference among subgroups was not significant (P = 0.070)





Subgroup analysis of the effects of different devices combined with BCIs
With regard to BCI feedback devices, upper extremity robot and arm orthosis were most commonly used [7, 15, 49, 50, 52], followed by FES [6, 16, 46, 51], and visual feedback [17, 35, 47]. A subgroup analysis indicated that only FES triggered by BCIs had a significant large effect on motor function recovery, compared with control interventions (SMD = 1.04; 95% CI = 0.47–1.62; I2 = 37%; P < 0.001; random-effects model), while neither BCIs combined with robots (SMD = 0.04; 95% CI = − 0.30 – 0.38; I2 = 0%; P = 0.820; random-effects model) or visual feedback (SMD = 0.46; 95% CI = − 0.03 – 0.95; I2 = 0%; P = 0.060; random-effects model) had significant differential clinical effects with control interventions (Fig. 5). The difference among subgroups was significant (P = 0.010). The funnel plot of the subgroup meta-analysis of the effects of BCIs combined with robots looked symmetrical (Figure S3) and no evidence of publication bias was found based on the Egger’s test conducted (β = 0.344; standard error = 1.318; P = 0.811). The funnel plots of the subgroup meta-analyses of FES and visual feedback are presented in Figure S4 and Figure S5, respectively.
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Fig. 5A subgroup analysis of the effects of different devices combined with BCIs. The results indicated that only BCIs triggering the stimulation of FES had a significantly large effect size on motor function recovery, compared with control interventions (SMD = 1.04; 95% CI = 0.47–1.62; I2 = 37%; P < 0.001; random-effects model), while both BCIs combined with robots (SMD = 0.04; 95% CI = − 0.30 – 0.38; I2 = 0%; P = 0.820; random-effects model) and with visual feedback (SMD = 0.46; 95% CI = − 0.03 – 0.95; I2 = 0%; P = 0.060; random-effects model) had no significant differential clinical effects with control interventions





Long-term effects on upper extremity motor function
Five studies consisting of one of excellent quality [16], three of good quality [7, 50, 53], and one of fair quality [49], evaluated the long-term effects of BCIs on upper extremity motor function. However, the follow-up times were inconsistent, ranging from 6 weeks [50], to 8 weeks [7, 49], to six-to-12 months [16, 53]. Ang et al. followed up subjects twice after the intervention, after 6 weeks and after 18 weeks [50]. Four studies utilized robots as the BCI feedback device [7, 49, 50, 53], while Biasiucci et al. combined BCIs with FES [16]. The meta-analysis indicated that BCIs did not show any significant differential effects compared with control interventions, regardless of whether we used the data from the follow-up at 6 weeks (SMD = 0.12; 95% CI = − 0.28 – 0.52; I2 = 0%; P = 0.540; fixed-effects model) (Fig. 6) or 18 weeks (SMD = 0.11; 95% CI = − 0.29 – 0.51; I2 = 0%; P = 0.590; fixed-effects model) in Ang et al.’s study [50]. The funnel plot of the former looked symmetrical (Figure S6) and no evidence of publication bias was found based on the Egger’s test conducted (β = 1.210; standard error = 2.687; P = 0.683). A similar result was also identified, in that BCIs combined with robots had comparable effects with those of the interventions in the control groups (SMD = 0.01; 95% CI = − 0.45 – 0.47; I2 = 0%; P = 0.960; fixed-effects model).
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Fig. 6A comparison of the long-term effects of BCI interventions and control interventions on upper extremity motor function. The inputted data consisted of the change in scores between baseline and follow-up. Five studies followed up with patients from between 6 weeks to six-to-12 months. Ang et al. followed up with subjects twice after the intervention, after 6 weeks and after 18 weeks [48]. Our meta-analysis indicated that BCIs did not show any significant differential effects compared with control interventions when we used the follow-up data from Ang et al.’s study at 6 weeks [48] (SMD = 0.12; 95% CI = − 0.28 – 0.52; I2 = 0%; P = 0.540; fixed-effects model)





Spasticity, strength, activities of daily living, and shoulder subluxation
The spasticity assessment for upper extremities was identified in four studies, one of excellent methodological quality [16] and three of good methodological quality [15, 17, 46]. Nevertheless, none of the studies showed any significant differences in regard to the spasticity between groups after the interventions. Two studies found that the BCI groups recovered more in terms of muscle strength than the control groups [16, 17]. In addition, a significant effect on the activities of daily living, measured by the Modified Barthel Index, was found in one study [51]. Jang et al. applied a BCI triggering FES in patients with shoulder subluxation after stroke; the results showed that the BCI group made more significant improvements in the distance from the inferior acromial to the central point of the humeral head than the control group, but the improvement in regard to pain intensity was comparable between the groups [46].

Potentiating effects of tDCS on BCI training
Two studies, which included 21 and 16 patients in the experimental and control groups, respectively [54, 55], have explored the potentiating effects of tDCS on BCI training. The meta-analysis, presented in Fig. 7, indicated that tDCS could not further facilitate the clinical effects of BCIs in regard to improving hemiparetic upper extremity motor function in patients with stroke (SMD = − 0.30; 95% CI = − 0.96 – 0.36; I2 = 0%; P = 0.370; fixed-effects model), compared with sham tDCS.
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Fig. 7The potentiating effects of tDCS on BCI training in regard to improving upper extremity function. The meta-analysis indicated that the tDCS could not further potentiate the clinical effects of BCIs in regard to improving upper extremity motor function in patients with stroke (SMD = − 0.30; 95% CI = − 0.96 – 0.36; I2 = 0%; P = 0.370; fixed-effects model)





Neural mechanism behind the clinical effects
The neural mechanism underlying the clinical effects of BCIs was evaluated in six studies covering cortical activation, excitability of the corticospinal tract, interhemispheric imbalance, and functional connectivity change [6, 15–17, 35, 49]. An fNIRS study showed that the activation of the ipsilesional premotor cortex (PMC) significantly increased after BCI training, while no significant change was observed in the control group [35]. Both Li et al. [6] and Pichiorri et al. [17] identified the way in which the ipsilesional hemisphere, especially the sensorimotor cortex, had more robust desynchronized activity during MI tasks involving affected hands in the BCI group than in the control group [17]. Moreover, BCIs were shown to be effective in rebalancing interhemispheric activities [15].
Functional connectivity change (FCC) was measured in three studies based on fMRI [49] and EEG [16, 17]. The fMRI study was of fair quality, due to non-randomization and a small sample size, but showed that the FCC during resting states was consistently higher in the BCI group than in the control group [49]. However, these statistical analyses were not significant. The two studies based on EEG showed conflicting results, in that Biasiucci et al. found that BCI training could significantly promote higher FCC among the motor network system during resting states [16]. Pichiorri et al., however, found that interhemispheric connectivity density did not differ significantly between or within groups before and after training [17]. However, the study found that there was a significant positive correlation between the increase in ipsilesional connectivity at rest and functional improvement in the BCI group; this relationship could not be found in the control group [17].



Discussion
The present systematic review and meta-analysis summarizes the safety profiles, clinical effects, and neural mechanism underlying the clinical effects of BCI training in regard to stroke. In this systematic review, we have included both single-group and controlled studies. We have also included updated data published in recent issues and excluded old data to avoid duplicating the inclusion of the same cohorts. The overall methodological quality of the included studies was good. Two of them in particular were rated as being of excellent quality by the PEDro scale [16, 35].
Adverse events
First, we checked the safety of BCIs for patients after stroke. All studies announced that BCIs were safe, and there were no severe adverse events after receiving BCI treatment. However, some symptoms of discomfort, such as transient nausea [7], fatigue [7, 52], and headaches [52], were reported in a few subjects. Fatigue is one of the most common symptoms post stroke, with a high prevalence ranging from 29 to 77% [72]. One type of fatigue is induced by psychological problems that may be associated with low motivation and post-stroke depression [72]. In many of the included studies, researchers excluded patients with post-stroke depression [7, 15, 16, 50]. Another is exertion fatigue, which may be worsened by intensive physical exercise and mental effort [72]. The BCI training includes mental practices and patients need to concentrate hard on the instructions and feedback to reach a high level of self-regulation [25]. In particular, Frolov et al. found that the majority of patients reported fatigue after 20 to 30 min of training [52]. Therefore, to avoid fatigue during the BCI training, a short rest period after 15 to 20 min of training may be practical.

Clinical effects
The included single-group studies indicated that patients with stroke can benefit from various kinds of BCI designs in terms of improving the motor recovery of the hemiparetic upper extremity. It is noteworthy that patients with stroke at the chronic stage could also make improvements in their motor recovery, which expands the significance of BCIs in stroke rehabilitation. Our meta-analysis found that the immediate effects on upper extremity function showed a favorable medium effect (SMD = 0.42) induced by BCI training [73], which is lower than that of a previous meta-analysis (SMD = 0.79) [20]. The source of the discrepancy comes from two studies [50, 52]. The first, conducted by Ang et al., completed a randomized controlled trial employing three groups: a BCI-based haptic knob robot group, a haptic knob robot group, and a standard arm treatment group [50]. The results of the FMA-UE indicated that the haptic knob group showed the most significant improvement (7.3 ± 4.9), followed by the BCI-based haptic knob robot group (7.2 ± 2.3) and the standard arm treatment group (4.9 ± 4.1). In the previous meta-analysis, the authors regarded the standard arm treatment group as the control group. Thus, a large effect size was observed. However, in our meta-analysis, we considered the haptic knob robot group as the control group, based on the principle of the worst-case scenario. Thus, the pooled effect size in our meta-analysis was lower than that of the previous one [20]. The second study, conducted by Frolov et al., published updated data in 2017 [52], but the search date of the previous meta-analysis was up to December 2016 [20]. Therefore, in our study, we included the latest published data and excluded the old data [74]. If the two studies are excluded from our current meta-analysis, a high SMD is obtained (SMD = 0.60), which is close to the SMD reported in the previous meta-analysis (SMD = 0.79). Moreover, our sensitivity analysis included only studies with good or above methodological quality, which also indicated a medium effect size (SMD = 0.62). Taken together, these previously mentioned studies prove that the results of our meta-analysis are more robust, indicating a medium effect size in favor of the effects of BCIs on upper extremity function in patients after stroke.
To our surprise, the meta-regression showed that the number of training sessions and the cumulative duration of training were not significant predictors of effect size. The first explanation for this phenomenon might be the heterogenicity of external devices driven by BCIs. As we reported, the devices may be a key factor affecting the clinical effects. Therefore, the dose-effect relationship may be masked in this situation. The second explanation may be the potential existence of a non-linear improvement rate. Most forms of BCI training introduced in the included studies were based on MI. Patients might have difficulty controlling the devices at the beginning, as reflected by the low accuracy rate, which may be due to the higher level of mental effort required at this stage. Our subgroup meta-analysis also indicated that using MI as the mental task for BCIs might not produce the optimal effects, compared with action observation or movement attempts. However, subjects may control devices through MI very easily in the later stages, leading to an increase in accuracy rates. The difference in effort exerted during training may result in a non-linear improvement rate, where there is a greater improvement at the beginning than at the end. Finally, the dosage of BCI training might be suboptimal in some of the included studies, yielding a small effect size, which could affect the results of the meta-regression.
The first subgroup analysis explored the effects of different BCI tasks (e.g., MI-based, movement attempt-based, and action observation-based BCIs) on the improvement in the motor function of the hemiparetic upper extremity. Both the MI-based and movement attempt-based BCIs have previously been widely investigated and differential neural mechanisms have been proposed: MI-related network and Hebbian plasticity theory, respectively [16, 50]. Although studies have indicated that MI seems to share a similar brain network with movement execution [21] and could enhance the cortical excitability of M1 measured by increased MEP [25], many randomized controlled trials with strong methodologies did not support its clinical effects in regard to stroke, as reported in a recent meta-analysis [75]. Among our included studies, two of high quality compared movement-attempted-BCIs with sham BCIs. Our subgroup meta-analysis also showed movement attempt-based BCIs had superior effects, compared to MI-based BCIs. Movement attempt-based BCIs establish a closed sensorimotor loop, which can potentially restore the normal timing order of motor preparation, execution, and peripheral muscle effectors [30]; this form of plasticity may further strengthen corticospinal tract projection [16]. Further studies directly comparing the effects of these two different BCIs are necessary in future.
The second subgroup analysis among the modalities of BCI feedback disclosed an important message. The pooled effect size showed that the BCIs combined with robot training were insignificant [7, 15, 49, 50, 52]. In contrast, BCIs combined with FES had a large effect size, compared with FES alone and other control interventions [6, 16, 46, 51]. The latest Cochrane systematic review reported that robot-assisted arm training had a small effect size (SMD = 0.32) on arm function recovery in patients after stroke, indicated by high-quality evidence [76], while FES seemed to have a greater effect size on upper extremity motor function (SMD = 0.40) [77]. The possible mechanism could be explained by the specific role of FES in somatosensory stimulation. Previous studies in healthy individuals support the notion that neural activation of the primary sensorimotor cortex during motor tasks increases after receiving somatosensory stimulation [78]. Moreover, a study found that the projection of the primary sensory cortex to pyramidal cells of M1 played the role of the “driver” to the M1 [79], which indicates the essential role of somatosensory information in the production of high-quality motor outputs [80, 81]. A BCI system provides a closed-loop pathway from cortical activation to external feedback and then transfers the feedback to the patient’s brain [82]. BCI training can promote activity-dependent plasticity through self-regulated mental activity to produce near-normal brain activity. On the other hand, the combined external device provides sensory input to induce brain plasticity [83]. In summary, these indirect comparisons indicate that BCIs combined with FES may be a better combination than BCIs combined with robots in regard to upper extremity function recovery. Further randomized controlled trials should be conducted in the future to verify this hypothesis.
Only five studies included post-intervention follow-ups at various time points [7, 16, 49, 50, 53]. The pooled effect size showed no significant difference between BCI groups and control groups. The immediate post-intervention effects on upper extremity function were not significantly different between groups in three out of five studies [7, 49, 50]. Thus, it is reasonable to suggest that they had no significant difference at follow-up. Biasiucci et al. found a significantly favorable effect on the BCI group post intervention [30], but the difference in motor function between groups at follow-up was not significant. Therefore, the current review shows that long-term effects of BCI training are not evident. The long-term effects of rehabilitative interventions are important, but most of them were limited in terms of the durability of treatment effects, such as mirror therapy and virtual reality [18, 19].
In the included studies, some secondary outcomes were reported. Consistent results showed that BCI training cannot effectively improve patients’ spasticity. In fact, this result is also consistent with the effects of most conventional treatments [84]. Moreover, muscle strength, activities in daily living, and shoulder subluxation may be effectively improved after BCI training, but the number of studies was quite limited. Moreover, the group difference of mean change scores for the modified Barthel Index was 1.53, which is less than the accepted standard for a clinically meaningful functional improvement [85].
To date, only two studies including 37 patients investigated the potentiating effects of tDCS on MI-based BCI training [54, 55]. Our meta-analysis showed that there were no significant potentiating effects of tDCS on BCI training in terms of improving hemiparetic upper extremity function. On the other hand, both studies found increased ERD during MI, but they reported inconsistent results in regard to improvements in motor performance [54, 55]. Due to the limited number of studies, the effects of adding tDCS before BCI training in motor recovery in stroke are inconclusive and more studies are needed in future.

Neural mechanism
In addition to spontaneous recovery, the motor recovery of paretic extremities very much depends on the mechanism of neural plasticity at structural and functional levels. Post-stroke rehabilitation training may strengthen connections between neurons in existing neural pathways and lead to the formation of new neural connections [86]. Neural plasticity improvement at the structural level refers to the ability for changes to take place in terms of synapse number and size, receptor density, and the number of neurons in some brain regions [87]. At the functional level, the cortices that are not responsible for given movements may be recruited for movements during the motor recovery stage after a stroke [87]. The latter is known as cortical map reorganization, which is modulated by plenty of training, particularly in the ipsilesional hemisphere, for patients with stroke.
In the current systematic review, seven studies conducted investigations into the neural mechanism of BCIs. Consistent results of two EEG studies showed that, after BCI training, there was a higher power of desynchronization over the ipsilesional central area during MI tasks than pre-intervention, indicating greater activation of the ipsilesional motor system after BCI training [6, 35]. In particular, the PMC was significantly activated, as indicated in an fNIRS study of patients with subcortical stroke [35]. In addition to these randomized controlled trials, there were a large number of studies with pre-post single-group designs involving healthy subjects, which also indicated that BCIs could significantly activate the prefrontal cortex, PMC, and posterior parietal cortex [88, 89]. The PMC is strongly associated with motor planning and the execution of complex and goal-directed actions [90]. In patients after stroke, normal motor planning is disrupted, denoted by the extended processing time in motor planning [91]. Therefore, a limited number of studies pointed out that the potential mechanism was relevant to promoting the motor planning process.
Enhancing the excitability of motor cortex in the ipsilesional hemisphere has been proposed as the neural correlate in terms of the successful motor recovery of the hemiparetic upper extremity [92]. MEP, a quantification for corticospinal excitability, is used to probe the physiology of the motor cortex and the amplitude of MEP is assumed to correlate with motor performance [93]. The reduced amplitude of MEP can be noted after stroke and the absence of MEP over the ipsilesional M1 has been correlated with poor motor recovery and functional outcomes in patients with stroke in the long-term [94]. Mrachacz-Kersting et al. measured MEP to evaluate the effects of BCIs in terms of exciting the corticospinal tract [95]. The amplitude of MEP significantly increased after each session of BCI training, and the effect was sustained even 30 min after the intervention. In contrast, the sham BCI group showed no significant improvements at any level of stimulation intensity [95]. This result is also supported by other researchers [96] and may be another aspect of the neural mechanism of BCI in patients after stroke.
Revision of the interhemispheric imbalance has also been regarded as a target in terms of improving upper extremity function; for example, applying low-frequency rTMS to unaffected M1, Ramos-Murguialday et al. found a shift of activity in the M1 and PMC from the contralesional hemisphere toward the ipsilesional hemisphere during actual finger movements in patients with subcortical lesions, indicating the effects of BCIs in rebalancing interhemispheric activities [15]. However, Young et al. argued that this result could not be generalized to patients with cortical lesions because they found an ipsilesional lateralization during movements of affected hands at baseline toward a bilaterally distributed activity after receiving BCI training in a group of patients in which cortical lesions were involved [97]. A recent longitudinal observational study showed that the interhemispheric inhibition (IHI) was not associated with motor impairment after stroke and, in particular, the IHI was normal in the acute/subacute stage and gradually became abnormal at the chronic stage [98]. Moreover, another meta-analysis summarized the way in which there is no clear evidence for the hyper-excitability of the unaffected hemisphere or imbalanced interhemispheric inhibition [92]. Therefore, caution should be undertaken when interpreting interhemispheric rebalance as one of the mechanisms of motor recovery caused by BCI training.


Conclusion
BCI training is safe for patients after stroke. The present evidence shows that BCI training has significant immediate effects on the improvement of upper extremity motor function. However, a limited number of studies do not support its long-term effects. Movement attempt-based BCIs seem to be more effective than MI-based BCIs. FES may be a more useful device triggered by BCIs for functional recovery than other kinds of neural feedback. At present, a limited number of studies do not support the role of tDCS in potentiating the effects of BCI training. The neural mechanism of BCIs underlying the clinical effects is very likely to be relevant to the ipsilesional activation in the primary and secondary motor cortices. Even though many studies have been carried out and have shown significant effects of BCI-based rehabilitation on the improvement of upper extremity function, there exists a substantial heterogeneity in terms of the use of mental tasks, feedback devices, and clinical protocols, which deserves further investigation.
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