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A B S T R A C T

Soft robotics have come to the forefront of devices available for rehabilitation following stroke; however,
objective evaluation of the specific brain changes following rehabilitation with these devices is lacking. In this
study, we utilized functional Magnetic Resonance Imaging (fMRI) and dynamic causal modeling (DCM) to
characterize the activation of brain areas with a MRI compatible glove actuator compared to the conventional
manual therapy. Thirteen healthy volunteers engaged in a motor-visual fMRI task under four different conditions
namely active movement, manual passive movement, passive movement using a glove actuator, and crude tactile
stimulation. Brain activity following each task clearly identified the somatosensory motor area (SMA) as a major
hub orchestrating activity between the primary motor (M1) and sensory (S1) cortex.

During the glove-induced passive movement, activity in the motor-somatosensory areas was reduced, but there
were significant increases in motor cortical activity compared to manual passive movement. We estimated the
modulatory signaling from within a defined sensorimotor network (SMA, M1, and S1), through DCM and high-
lighted a dual-gating of sensorimotor inputs to the SMA. Proprioceptive signaling from S1 to the SMA reflected
positive coupling for the manually assisted condition, while M1 activity was positively coupled to the SMA during
the glove condition. Importantly, both the S1 and M1 were shown to influence each other’s connections with the
SMA, with inhibitory nonlinear modulation by the M1 on the S1-SMA connection, and similarly S1 gated the M1-
SMA connection. The work is one of the first to have applied effective connectivity to examine sensorimotor
activity ensued by manual or robotic passive range of motion exercise, crude tactile stimulation, and voluntary
movements to provide a basis for the mechanism by which soft actuators can alter brain activity.
1. Introduction

Passive range of motion exercise of joints in the paralyzed extremity is
a very basic therapy in neurorehabilitation. This intervention can
mobilize the paretic limbs and induce re-growth of neural circuitry,
which would eventually aid recovery through neuroplasticity (Jack et al.,
2001). In the past decade, there has been a major surge in the adoption of
soft robotic actuators (Godfrey et al., 2018; Haghshenas-Jaryani et al.,
2016; Koh et al., 2017; Tarvainen et al., 2018) which can replace or
supplement conventional manual therapy to provide passive joint
mobilization continuously for successful rehabilitation outcome. How-
ever, there is a paucity of research examining the real-time effects of
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exercise therapy on brain function to investigate further the mechanism.
On top of that, characterization of such robotic actuators in the activation
of brain areas compared with conventional manual therapy has not been
elucidated sufficiently due to technical challenges in illustrating the
neurophysiological or functional activity.

Functional MRI is an advanced imaging method that allows the
spatial mapping of the different circuitry of the brain noninvasively. MR-
glove (Yap. et al., 2017) is a MRI-compatible soft robotic glove, devoid of
metallic components, which enables mapping brain function on a real
time basis while carrying out motor/sensory tasks. To probe the neural
networks that are involved during brain activation, of significant
importance is the understanding of: 1) the motor and sensory interaction
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in inducing invariant sensory stimulation and structuring sensorimotor
function and 2) the need of self-organization mechanisms to digest and
structure the information brought forward by a number of sensory and
motor elements.

Integral to this sensory and motor network is the supplementary
motor area (SMA) which is a region localized in the posterior part of the
superior frontal gyrus (Penfield and Welch, 1951). The SMA is an area
with rich connections to both cortical and subcortical structures (Dum
and Strick, 1991; Maier and Remus, 2002; Mitz and Wise, 1987; Murray
and Coulter, 1981). Furthermore, the SMA is embedded in motor circuits
through its connections with the primary motor cortex, premotor cortex,
and cingulate cortex (Luppino, 1993). Dorsal anterior cingulate cortex is
known to undergo task-related undirected functional coupling with both
the SMA and primary motor cortex (M1), but sends task-specific directed
signals specifically to the SMA (Asemi et al., 2015) which has connec-
tions to the insula (Luppino et al., 1993), basal ganglia (Inase et al.,
1999), cerebellum (Akkal et al., 2007), thalamus (Behrens et al., 2003)
posterior parietal lobe (Zhang et al., 2012), and contralateral SMA (Liu
et al., 2001). Qualitatively, the anterior and posterior portions of the
SMA appear to be engaged in different types of tasks such as sensory,
speech expression, and memory (Chung et al., 2005). SMA is modulated
by the interactive effects of proprioceptive and efference copy based
information (Stock et al., 2013). When SMA is damaged structurally, it
may entail a global akinesia, predominantly on the contralateral side,
mutism while preserving muscle strength (Potgieser et al., 2014).

In work conducted by Bishop et al., 11 regions have been shown to
comprise the sensorimotor network (Bishop, 2014). Many of these nodes
such as the SMA, PMC, M1, Cerebellum, and S1 are considered to be
relevant to the sensorimotor network as shown by previous literature
(Kuhtz-Buschbeck et al., 2008; Grefkes et al., 2010; Bardouille and Boe,
2012). Furthermore, the SMA had the highest node degree with a degree
of 13. In a study investigating voluntary movement, Orgogozo et al.
(Orgogozo and Larsen, 1979) showed that during motor activity, there
was an increase in cerebral blood flow to the SMA in addition to the
sensorimotor cortex. However, during the mental counting task, blood
flow was not increased to the SMA, highlighting its importance to tasks
that require movement, irrespective of complexity. Several other studies
have confirmed the central role of the SMA in movement using MEG
(Pollok et al., 2004) and fMRI (Floyer-Lea andMatthews, 2004; Bardouille
and Boe, 2012). Xu et al. (Xu et al., 2014), examined the differences in the
neural networks produced from a motor execution task (unilateral
dominant UL) and a motor imagery task, using functional connectivity
fMRI (fcMRI). Using only 13 ROIs, the authors conclude that the SMA is
the only hub or ‘key’ node within the motor execution network in their
study. Finding the SMA as a hub coincides with the present study.

We hypothesized that the sensory inputs elicited by a passive range of
motion exercise may modulate SMA to provide signals to activate primary
motor cortex subsequently. In this work, we utilized the MRC-glove
enabling continuous flexion/extension of fingers by a pneumatic
controller to produce passive proprioceptive stimulation in a magnetic
field. For the comparison, we applied manually actuated proprioceptive
activation simulating conventional physiotherapy, active voluntary visuo-
motor control and tactile sensory activation. We investigated functional
relations of the motor network by mapping the network correlations be-
tween the SMA, primary somatosensory cortex (S1) and M1 using undi-
rected analysis of the fMRI Blood-Oxygen-Level-Dependent (BOLD) time
series data. To assess modulatory signaling from the SMA to M1, we used
effective connectivity analysis using nonlinear dynamic causal modeling
which measures the influence of one brain area on that of another area.

2. Materials and method

2.1. Participants

Thirteen healthy right-handed volunteers (mean age of 25.7� 17.25
[n¼ 9 males, mean age 35.6� 16.8 and n¼ 4 females, mean age is
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35.75� 20.87]) participated in the study. Inclusion criteria comprised no
previous record of joint injuries or deformities, no previous history of
stroke, spinal cord injury, or muscular dystrophy, and healthy status with
BMI between 18.5 and 24.9. Exclusion criteria included being over-
weight, hand injuries, permanent metallic implants (such as pacemaker,
surgical clips, dental braces, metal ear implants, history of metal frag-
ments in eyes) and subjects who did not wish to be photographed or
recorded. All participants were right-handed. This study was approved by
the National Healthcare Group Domain Specific Review Board and
informed consent were obtained from all patients.

2.2. Study design

To assess the effect of a self-assisted soft-robotic actuator on the brain,
we conducted a randomized functional MRI study where participants
were involved in four separate functional MRI interventions: 1) Active:
voluntary flexion/extension of fingers following the paradigm, 2) Manual
passive: manual flexion/extension of fingers by an assistant with holding
patient’s fingers, 3) Sensory: crude touch of hand dorsummanually by an
assistant, and 4) Glove passive: Continuous automatic passive flexion/
extension of fingers (0.1 Hz) by a soft robotic actuator. A full validation of
the soft robotic glove, MR-glove, has been published in our recent study
(Yap et al., 2017; refer to schematic in Fig. 1).

2.3. MRI data acquisition

MR scans were performed on a 3T Tim Trio scanner (Siemens, Ger-
many) with a 32 channel head array coil. Subjects lay supine in the
scanner with a rubber bulb in each hand and resting in custom hand
supports to prevent movement. A T1-weighted anatomical image was
acquired with a magnetization prepared rapid gradient-echo (MPRAGE)
sequence with the following parameters: TR¼ 1900ms, TI¼ 900ms,
TE¼ 2.52ms, FOV¼ 256� 256, flip angle¼ 8, number of slices¼ 176,
voxel size¼ 1mm isotropic, and slice thickness¼ 1mm. Functional MRI
data were acquired using a single shot Echo Planar Imaging (EPI)
sequence using the parameters: TR¼ 3000ms, TE¼ 35ms,
FOV¼ 182� 182, voxel size¼ 3.4mm isotropic, and number of mea-
surements¼ 89. Data acquisition was carried out during a visual-
attention motor task where the subjects were asked to close and open
their hand during the paradigm. The paradigm consisted of an 18 s rest
followed by 5 active blocks of 30 s each interleaved with 21 s rest and
then ended with 18 s rest. In each 30 s active block, the task was a dy-
namic finger flexion and extension cued by a visual stimulus of a moving
hand. Both the flexion and extension time were 3 s. The guidance cue
instructed subjects to close or open their corresponding hand according
to the cue. Functional scans were performed for each of the left and right
hands. The same paradigm was applied to all the conditions tested. The
conditions were randomized for every subject. In the Active task, subjects
actively and voluntarily followed the cues on the screen. In the Glove
passive task, flexion/extension of the glove was controlled by a custom
written script that was synced to the paradigm and was therefore auto-
matically triggered by the paradigm and scanner. A custom written script
controlled both the onset and frequency of flexion/extension of the glove
according to the paradigm. The Manual passive task, on the other hand,
was initiated by an assistant who stood by the subject and followed the
task cues by moving the subjects hand in line with the paradigm prompts.
The same paradigm was followed for the Sensory task only that in this
instance the assistant performed sensory touch of the hand dorsum in line
with the cues presented. The assistant was holding a timer to control the
frequency (1 Hz) of the sensory touch.

2.4. Data processing and analysis

Data pre-processing and analysis were performed using the FMRIB’s
Software Library (Jenkinson et al., 2002; FSL 5.0.9, Analysis Group,
FMRIB, Oxford, UK, www.fmrib.ox.ac.uk/fsl), and FreeSurfer (Fischl,

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


Fig. 1. A schematic diagram of the study design. (A) In the MRI scanner, participants engaged in a visual motor task which comprised a dynamic finger flexion and
extension cued by a visual stimulus of a moving hand. In each stimulation block, the guidance cue instructed subjects to close or open their corresponding hand
according to the guidance cue. Participants wore the glove in their corresponding hand during glove passive task. (B) A schematic representation of the paradigm used
which comprised 18 s rest followed by 5 active blocks of 30 s each interleaved with 21 s rest and then ended with 18 s rest with each block comprising repeated hand
closing-opening motions. Each task was performed twice, once for the right hand and once for the left hand.

F.A. Nasrallah et al. NeuroImage 202 (2019) 116023
2012; Martinos Center for Biomedical Imaging, Laboratory for Compu-
tational Neuroimaging, Boston, United States).

Each fMRI run was corrected for slice timing (FSL-slicetimer), head
motion (FSL-MCFLIRT; Jenkinson et al., 2002), and skull stripped
(FSL-BET; Smith, 2002). Scans with head movement more than 1.5mm
were excluded (Caparelli et al., 2003) to avoid any influence of head
movement on the results. The skull-stripped, intensity corrected T1
structural images and fMRI runs were then resampled to a voxel size of
2� 2� 2mm3 and linearly co-registered to each other using FreeSurfer’s
bbregister tool (Greve and Fischl, 2009) that used the cortical surface
reconstruction to improve structural-functional MRI co-registration. The
individual’s T1 image was then normalized to the standard Montreal
Neurological Institute (MNI) template linearly using FMRIB’s linear
co-registration tool (FLIRT) (Jenkinson et al., 2002; Jenkinson and
Smith, 2001) and non-linearly using FMRIB’s nonlinear co-registration
tool (FNIRT) generating warp files used to register fMRI runs to MNI.
fMRI data were then spatially smoothed using a Gaussian kernel of full
width at half maximum (FWHM)¼ 6mm to decrease spatial noise.

To generate individual voxel-wise statistical parametric maps of brain
activity representing each task in contrast to rest condition, we used the
general linear model (GLM). For each participant, we constructed the
GLM design matrix by modeling the regressors for each task as described
in Fig. 1. These task-regressors were convolved with a canonical hemo-
dynamic response function to generate an estimate response function for
each task. We fed our GLM a design matrix for each task, including task
hemodynamic responses, six rigid parameters of motion artifacts,
average time courses of the white matter, and average time courses of
ventricles. The resulted individual maps were assessed to make sure that
the pattern of functional activity is matching with the experimental
paradigm.

Group average maps for contrast images of each task (Active-rest,
Glove-rest, Manual-rest, Sensory-rest) in each group were computed as
one sample group averages using a mixed effects statistical model
(FLAME, Feat, FSL). To assess the differences in brain activation between
different tasks (i.e. Active Right vs Glove Right, Active Left vs Manual
Left, etc.), we calculated voxel-based paired t-tests (within subjects) in
each group using a mixed effect model (FLAME, Feat, FSL) for each task.
All statistical analysis maps were corrected for age and gender as con-
founding factors and corrected for multiple comparisons using family-
wise correction (α< 0.05).

2.5. Dynamic causal modeling of effective connectivity

A post-hoc series of hypotheses were designed to examine the task-
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related modulation of effective connectivity within a core sensorimotor
network. These hypotheses were focused specifically on BOLD-signal
changes for Glove versus Manual passive movement conditions (right-
hand only), and aimed to explain the unique engagement of the SMA
during the Manual-R condition. Dynamic causal modeling (DCM) re-
quires user-specified regions of interest (ROI) to form the ‘nodes’ of hy-
pothesized networks with different configurations of connectivity and
interaction (Friston et al., 2003; Kahan and Foltynie, 2013; Stephan et al.,
2010). These ROIs are defined based on the results of the group-level
GLM analysis (see below, Results section) and a prior knowledge of the
structure and function of these areas. Based on the group analysis
described above, for the specific effects of interest from Manual>Glove
for the right-hand, we selected five ROIs from peak-voxels within the
SMA (MNI coordinate: 2, �16, 62), left and right M1 (left: 32, �16, 62;
right: 30,�16, 62) and left and right S1 (left: 40,�32, 54; right: 40,�32,
62). Each ROI was defined as 5mm spheres around these group-level
peaks, with adjustment for the individual subject’s local maxima. We
constrained coordinate adjustment to subject-specific local maxima
within each anatomical area of interest as defined by Human Motor Area
Template (Mayka et al., 2006). A separate subject-level GLM was con-
ducted with SPM12 (n¼ 13, controls) for just these two task conditions
of interest (Glove-R and Manual-R, versus rest). From this reduced GLM,
we then extracted the subject-level time-series of task-related signal--
change within each ROI. These time-series were used as inputs to DCM so
as to assess the mechanisms for sensorimotor integration underlying the
two passive movement conditions.

The models were based on five ROIs that are known to be highly
interconnected (Mayka et al., 2006), including interhemispheric con-
nections between both S1 and both M1 nodes. Hence our network was
designed with bidirectional connections between all five nodes. This
configuration was validated by comparing three structural models
(without any task-related modulation or driving input): 1)
fully-connected; 2) all but direct S1-M1 connections with just the SMA
node being fully connect to the other 4 nodes and; 3) all but direct
connections across hemispheres between left S1 and right M1 or right S1
to left M1 (Fig. S1). Despite penalties for complexity in the model se-
lection process, the most complex, fully-connected design was 99% more
likely to fit the data than the other two more restricted designs.

This fully connected network then formed the base template of all
eight DCMs in our constrained model-space (Fig. 6). These were further
divided as two ‘families’ of sets of four models. Each of these four designs
varied by one key aspect: the nonlinear modulation of effective con-
nections to the SMA. Nonlinear modulation is simply the influence of the
activity of one region on the communication between two other regions
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(Stephan et al., 2008). Crucially nonlinear DCM incorporates this aspect
of modulation of connectivity by a specific neural population, reflecting a
neurobiological mechanism for neural gain control; whereas, in bilinear
models the source of this kind of modulation is unspecified (Stephan
et al., 2008; Breakspear, 2013).

Our nonlinear designs tested for the interactions between the activity
of the left S1 and M1 regions, and the connections to SMA (self-con-
nections or incoming connections from other network nodes). These are
depicted in Fig. 6, with the “Sensory” hypotheses (Fig. 6A, C) being that
S1 exerts nonlinear modulation (gating) of connections to the SMA,
whereas the “Motor” hypotheses (Fig. 6B, D) proposes that the M1 exerts
nonlinear modulation on these SMA connections. Next, we specified two
designs for driving inputs which represented externally driven neural
changes, here resulting from our two passive movement tasks (Friston
et al., 2003). In Fig. 6 the ‘dual-input’ design is shown, with both the S1
and M1 receiving task-related driving inputs, i.e. both sensory and motor
representations were generated from both the tasks. This dual input node
design was incorporated into the first four models proposed (models 1 to
4, Fig. 6A and B) and constituted one model family. For the second half of
the model-space (6–8), the design was posed such that only the S1
received direct driving inputs and thus the M1 received signals only via
sensory representations of the task (‘single-input’ family, Fig. 6C and D).

Finally, the specifications for the task-dependent modulation of
connectivity between regions were kept constant across all models
(Fig. 6). This was informed by the group-level analysis highlighting
broader engagement of sensory areas in the Manual-R condition, while
more prominent motor cortex engagement was observed in the Glove-R.
We specified the modulation of connections between M1 and SMA and
left-right M1 regions by Glove-R, hypothesizing a greater motor response
in this condition. The Manual-R condition was hypothesized to involve a
greater sensory response, and so, we modelled this condition as modu-
lating the S1-SMA connection and left-right S1 connection.

The second stage of DCM analysis, Bayesian model selection (BMS), is
data driven and uses a Bayesian approach to estimate the likelihood that
the model fit for one model exceeds that of all other models in the model-
Fig. 2. Rendered group functional MRI maps of activated regions of the brain. Pa
Active and Right Active, (B) Left Glove and Right Glove, (C) Left Manual and Right
Red-yellow represents the positive activity in relation to the task paradigm and blue-g
average maps were corrected using false discovery rate correction with a< 0.05.
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space (Rigoux et al., 2014). BMS applies a penalty for complexity (pref-
erence for most parsimonious model) while selecting the model which
best accounts for the data (Stephan et al., 2009). RFX addresses hetero-
geneity or outliers within the group (Penny et al., 2010), and this second
level analysis (the key BMS result reported here) is the ‘exceedance
probability’ and allows for model-space partitioning to compare subsets
of models – here we employed this to compare dual versus single-input
designs. The family or model with the highest exceedance probability
is considered as ‘winning’ relative to the other models tested, it is most
likely to explain the observed fMRI effects. Here we applied a two-stage
model-selection procedure: firstly comparing two families to select the
best design for driving-inputs (dual or single nodes, Fig. 6A and B versus
C,D); and secondly, comparing all individual models to examine the
central hypotheses regarding indirect modulation of SMA connections by
either M1 or S1 influence (termed ‘motor’ or ‘sensory’ hypotheses,
respectively, Fig. 6). In this way we confirmed the model features most
relevant to our hypotheses. Finally, Bayesian Model Averaging can be
useful to delineate between models that perform similarly (as was the
case here) and provide parameter estimates for coupling and modulation
of connectivity which accounts for this uncertainty across the
model-space (Stephen et al., 2010).

3. Results

As mentioned in the “Study Design” section, four different conditions
were investigated during functional MRI for both left and right hands: 1)
Active task: where subjects actively/voluntarily performed flexion and
extension of fingers following cues in the fMRI paradigm, 2) Manual
passive task: where subjects performed manual flexion and extension of
fingers that was aided by another assistant who followed the cues, 3)
Sensory task: where an assistant performed crude touch of the hand
dorsum manually in line with the cues presented during the task, and 4)
Glove passive task: where subjects underwent continuous passive flexion
and extension of fingers that was automatically controlled by a pneu-
matic controller.
rticipants underwent a visual-motor task under four different conditions: (A) left
Manual, (D) Left Sensory and Right Sensory performed by healthy participants.
reen represent negative activations in relation to the task paradigm. These group



Fig. 3. Group Average maps of functional MRI data representing areas of increased/reduced activity between Glove-assisted movement and movement
performed by another person assistance (Manual) (A) of the left hand and (B) Right hand. Red-yellow represents higher activity in the Glove task in contrast to
Manual task, while blue-green represents higher activity in Manual task as compared to Glove Task. These group difference maps were corrected for multiple
comparisons using false discovery rate (a< 0.05) with a cluster-thresholding method with z> 2.3 and p< 0.05.

Fig. 4. Group difference maps for functional MRI data representing areas
of differences between active and passive movement conditions. (A) Active
Left movement versus Glove-assisted Left (B) Active Right versus Glove Right
(C) Active Left versus Manually-assisted Left (D) Active Right versus Manual
Right. Red-yellow represents higher activity in the voluntary active condition as
compared to glove or manual passive movement, while blue-green represents
higher activity in glove or manual passive movement as compared to voluntary
active condition. Comparisons were performed using paired t-test and the
resulted group difference maps were corrected for multiple comparisons using
false discovery rate (α< 0.05) with cluster-thresholding method with z> 2.3
and p< 0.05. G1 refers to Task 1 in comparison and G2 refer to Task 2 on the
color bar.
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3.1. BOLD activation of the motor network during active, manual passive,
glove passive, and sensory tasks

Fig. 2 represents the group average statistical maps representing the
brain BOLD activity following each fMRI task intervention. In the Active
left, a significant increase in the BOLD signal activation was seen in the
5

bilateral primary motor cortex (M1), primary sensory cortex (S1), sup-
plementary motor area (SMA), auditory cortex, and insula; right Superior
frontal gyrus (SFG), and left supramarginal gyrus (SMG), and superior
temporal gyrus (Fig. 2A). The active right task showed similar activa-
tions, but with the peak activity in M1 and S1 located in the left hemi-
sphere with patterns of increases in BOLD activity located in the bilateral
M1, S1, SMA, insula, SMG, middle cingulate cortex (MCC), medial tem-
poral lobe, and hippocampus, along with left premotor, and right angular
gyrus (Fig. 2B). The glove passive left task showed BOLD activity in right
M1, right S1, right anterior cingulate cortex (ACC), bilateral precuneus,
and left superior parietal lobule (SPL) (see Fig. 2C). Glove passive right
task showed more BOLD activity located at left M1, left S1, left insula,
bilateral MCC, ACC, middle frontal gyrus (MFG), precuneus, dorsolateral
prefrontal cortex (DLPFC), SMG, angular gyrus, SMA, orbitofrontal gyrus,
and superior and middle temporal gyrus (STG, MTG) (see Fig. 2D). The
manual passive left activated the right M1, S1, MTG, ITG, middle and
inferior occipital gyrus, the bilateral SMA, MCC, SMG, precuneus, and
SPL (Fig. 2E); while the right manual passive task activated the left M1,
S1, left middle and inferior frontal gyrus, and orbitofrontal gyrus, along
with bilateral SMA, precuneus, STG, MTG, SPL, middle and inferior oc-
cipital gyrus, and insula (Fig. 2F). The sensory left task activated the
bilateral S1, auditory cortex, STG, MTG, ACC, MCC, medial frontal gyrus,
cuneus, precuneus, caudate, and putamen, and right medial temporal
cortex, and MFG (Fig. 2G), while right sensory task activated left S1 and
cuneus, bilateral auditory cortex, SMA, STG, MTG, ACC, medial frontal
gyrus, and precuneus, and MFG with decreased activity in bilateral
middle and inferior occipital gyrus (Fig. 2H).
3.2. BOLD activity during glove activation and manual passive exercise

When comparing between Glove assisted passive movement and
manual assisted movement, we were able to identify the differences in
the neural components involved in both tasks. Interestingly, the glove
passive task showed reduced bilateral paracentral cortex, MCC, and SMA
as compared to manual passive task using both right and left hands; and
left M1 for left hand movement, and bilateral M1, S1, insula, inferior
occipital gyrus activity for right hand as compared to manual passive task
(Fig. 3A and B). Furthermore, we observed increased activity in the glove
passive task as compared to the manual passive task in left M1, S1, SPL,



Fig. 5. Group Average maps of functional
MRI data representing areas of increased/
reduced activity between passive and
sensory conditions. (A) Glove-assisted left
compared to sensory left, (B) glove right
versus sensory right, (C) Manual left versus
sensory left, and (D) Manual left versus sen-
sory right. Red-yellow represents higher ac-
tivity in the glove or manual in contrast to
Sensory, while blue-green represents higher
activity in sensory task as compared to glove
or manual. Comparisons were performed
using paired t-test and the resulted group
difference maps were corrected for multiple
comparisons using false discovery rate (a<
0.05) with cluster-thresholding method with
z> 2.3 and p< 0.05. G1 refers to Task 1 in
comparison and G2 refer to Task 2 on the
color bar.
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and lingual gyrus (BA 17) for the left hand; and in bilateral pre-SMA,
lingual gyrus, SFG, insula, middle and inferior frontal gyrus (BA10/
11), STG, ITG, and thalamus for the right hand (Fig. 3A and B).

3.3. BOLD activities in glove passive and manual passive task are different
as compared to voluntary motor task

When comparing between voluntary movement task, and both glove
assisted passive movement and manual assisted movement, we were able
to identify the differences in the neural components involved in both
voluntary and assisted movement tasks. The active left task showed
increased activity in the left M1, S1, SPL, insula as compared to glove left
and showed decreased activity in right premotor, middle frontal gyrus,
SPL, SMG, and left superior and middle occipital gyrus (Fig. 4A).
Compared to glove right, active right showed increased activity at the
bilateral SMA, and left M1, S1, and SPL; while showed decreased activity
in bilateral pre-SMA, ACC, precuneus, cuneus, and lingual gyrus, along
with left SMG, and right middle frontal gyrus, inferior frontal gyrus, and
orbitofrontal gyrus (Fig. 4B).

Furthermore, as compared to manual left, active left showed
increased activity at the bilateral S1, and precuneus, and in left M1, SMG,
and insula along with right MCC (Fig. 4C). Compared to the manual right,
active right showed increased activity at the left M1, S1, SPL, STG, SFG,
SMG, insula, and premotor along with right angular gyrus, while showed
decreased activity in bilateral middle and inferior occipital gyrus, and left
lingual and fusiform gyrus (Fig. 4D).

3.4. BOLD activities in glove passive and manual passive task are different
as compared to sensory task

We showed in Fig. 5 the differences in BOLD activity between the
glove and manual passive tasks and the sensory tasks to identify the non-
sensory components contributing to their pattern of activation.
Compared to left sensory task, glove passive left showed increased
6

activity in right M1, S1, premotor, and SPL, while showed decreased
activity at bilateral SFG, DLPFC, and ACC, and right STG (Fig. 5A).
Furthermore, compared to right sensory, glove assisted right showed
increased left M1, S1, SPL and premotor, and showed decreased activity
in the bilateral lingual gyrus, left MFG, and left IFG (Fig. 5B).

In contrast to the left sensory task, the left manual passive task
showed decreased BOLD activity in bilateral ACC, VMPFC, SFG, SMG,
angular, STG, and posterior cingulate cortex (PCC), and right S1, while
the increased BOLD activity was observed in the superior parietal lobule,
middle and inferior occipital gyrus, and precuneus (Fig. 5C). Further-
more, the right manual passive task showed increased BOLD activity in
left M1, S1, SPL, middle and inferior frontal cortex (Fig. 5D) compared to
the right sensory task.

3.5. Dynamic causal modeling of the sensorimotor network

Comparing the models at the family level showed that neither the
dual-input family nor the family of single-input models were particularly
more likely than the other, with family-wise exceedance probabilities of
52.1% and 47.9% respectively. Moving to model-wise BMS, we high-
lighted twomodels out of the eight specified as close competitors: models
number 6 and 7. However, again estimates of model evidence were not
able to clearly delineate a ‘winning’ model as both model 6 and 7 being
similarly likely to outperform the rest of model-space by 25.8% and
26.2% respectively. Furthermore the Bayesian Omnibus Risk (BOR) for
out model-space indicated that the risk of a type 1 error was very high,
with a 91.2% chance that in fact all models were equally likely (Rigoux
et al., 2014). This high BOR is also indicated by the protected exceedance
probabilities, a more conservative estimate of model likelihood which by
accounting for the BOR quantifies the probability that any one model is
actually more likely than the others beyond chance. The exceedance and
protected exceedance probabilities for each model are plotted in Fig. 7A,
with protected probabilities showing that the likelihood of any model
winning beyond chance was consistently low for all models (12–15%).



Fig. 6. Model-space of 8 Dynamic Casual Models built by combining several design aspects for modulation and driving inputs. Model-space of 8 DCMs built
by combining several design aspects for modulation and driving inputs. Shows Families 1 (models 1–4, panels A & B) and 2 (models 5–8, panels C & D) which
have alternatives for the driving inputs of Glove (G) and Manual (M) right-handed passive movement conditions. Vertically the models are divided into “Sensory
Hypotheses” (A & C) for nonlinear modulation of SMA connections by S1 (1.1. for models 1 & 5; 1.2 for models 2 & 6), versus the “Motor Hypotheses” (B & D) for
nonlinear modulation of SMA connections by M1 (2.1. for models 3 & 7; 2.2 for models 4 & 8). The task-related modulations of G and M conditions on the intrinsic
connections between regions was kept constant across all eight models. Note: for ease of displaying our modulatory hypotheses, only those intrinsic connections that
were the hypothesized to be modulated are displayed, however the models were specified with all nodes being bidirectionally connected to each other, as per the ‘fully
connected’ configuration in Fig. 6.
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Nevertheless, the two top-performing models both belonged to the
single-input family in which only the left S1 received driving inputs from
the task stimuli for right-hand Glove and Manual passive movements.
Given this Bayesian Model Averaging (BMA) was employed to estimate
themodel parameters of the strongest features of our model-space. Again,
BMA accounts for the uncertainty of a model-space in estimating
coupling and modulating parameters of the model network, adjusting
these in line with the likelihood of the individual model features.

The results of BMA produced a set of parameters which captured the
features of two nonlinear hypotheses with a single-input design: models:
H1.2 where the left S1modulates the left M1 to SMA connection strength;
and H2.2 with the left M1modulating connection of left S1 with the SMA.
The estimates for intrinsic connections (A-matrix) are provided in
Table 1. The estimates for task-relatedmodulation, and driving inputs are
shown in Fig. 7B, while panel C shows the estimates of nonlinear mod-
ulation of incoming connections with the SMA. This combination model
implicates a dual-gating of sensory and motor inputs to the SMA. The
positive (excitatory) connectivity between left S1 and SMA being upre-
gulated by the Manual condition (Fig. 7B), but then with the primary
motor area reducing this S1-SMA coupling (�6.7%). The primary so-
matosensory cortex had negative (inhibitory) intrinsic connectivity with
SMA, which the Glove condition increased (greater inhibition signal),
while nonlinear modulation of by the left S1 reduced the coupling
strength between M1-SMA (�7.9%).
7

4. Discussion

To the best of our knowledge, this is the first paper to compare the
brain responses ensued by manual or robotic passive range of motion
exercise, crude tactile stimulation, and voluntary motor activation on a
real time basis. This study utilized a motor-visual fMRI task to investigate
the activation of sensory and motor brain areas and implemented dy-
namic causal modeling to understand the causal inferences of the brain
circuitry involved in such stimulation.
4.1. Functional MRI findings following motor-sensory activation

Based on fMRI findings, active voluntary movement showed a sig-
nificant increase in the BOLD signal in the contralateral M1, S1 and SMA
(Figs. 2A and 3A). The robotic passive proprioceptive stimulation acti-
vated the contralateral M1, S1, SMA and the posterior cingulate (Figs. 2B
and 3B). The manual passive joint exercise preferentially activated the
posterior cingulate, and S1 in the corresponding hemispheres (Figs. 2C
and 3C). On the other hand, the sensory task, crude touch, activated S1
and SMA but not M1 (Fig. 2D). These findings are consistent with a
previous study showing that proprioceptive processing is important for
appropriate motor control, providing error-feedback and internal repre-
sentation of movement for adjusting the motor command (Cignetti et al.,
2017). The unique engagement of the SMA and M1 during the manual
passive and glove passive condition, not during crude tactile stimulation,



Fig. 7. Bayesian Model Selection from a model-space of 8 dynamic causal
models of effective connectivity. (A) Comparison of all eight models with the
exceedance probability (xp) plotted for each model. Highlighted in green is the
best performing model: dual-design with the sensory hypothesis (H1.2) of the S1
gating the inputs from M1 to SMA. (B)Mean parameter estimates of the strength
of driving inputs by task conditions and of the task-related perturbation of
connectivity (Glove and Manual task-related changes indicated by purple and
orange numbers respectively). The values in brackets are the intrinsic coupling
parameter for that connection, for the details of all estimates of intrinsic
coupling parameters see Table 1. (C) Mean parameter estimates for the
nonlinear modulation of the left M1-SMA connection by S1 (Model 6: Hypoth-
esis 1.2, blue dashed line), and by left M1 on to SMA self-connections (Model 7,
hypothesis 2.1, green dashed line). Note: all parameters were obtained by
Bayesian model averaging (BMA) as the results of BMS were inconclusive given
the BOR: 0.9119 and similar probabilities for the two top performing models.

Table 1
Bayesian Model Averaged estimates for intrinsic coupling parameters within our
fully-connected network. Negative values imply an inhibitory connection and
positive values an excitatory connection.

To: From:

1. left S1 2. left M1 3. left SMA 4. right S1 5. right M1

1. left S1 �0.122 �0.602 0.034 0.107 0.104
2. left M1 0.533 �0.114 0.172 0.039 �0.050
3. left SMA 0.221 �0.170 �0.031 �0.003 0.048
4. right S1 0.035 0.017 0.025 �0.091 0.106
5 right M1 0.072 0.037 0.010 0.119 �0.094
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supports our hypothesis that proprioceptive inputs elicited by passive
range of motion exercise may modulate SMA to provide signals to pri-
mary motor cortex. Given that SMA is a region with rich connections to
both cortical and subcortical structures and is modulated by the inter-
active effects of sensory input and efferent signal (Stock et al., 2013),
various interventions such as active voluntary movement, passive pro-
prioceptive stimulation and crude tactile stimulation were expected to
8

induce significant SMA activation.
The finding that manual passive task and sensory task, crude touch,

activated S1 more than glove passive task (Fig. 5) is understandable as
both of manual passive task and crude tactile stimulation were carried
out by an assistant hand with holding the subject’s fingers while glove
passive task was done by a soft actuator wrapping fingers. Manual pas-
sive task might have produced a significant amount of tactile stimulation
when holding the subject’s fingers to repeat flexion and extension on top
of proprioceptive stimulation. As such, manual passive task should have
exerted more intense influence on S1 and SMA than glove passive task.

4.2. Effective connectivity of the motor circuitry

The interactions based on effective connectivity amongst ROIs, SMA,
M1 and S1, were further explored with probing the unique engagement
of the SMA and M1 during the manual passive and glove passive condi-
tion. As shown in (Fig. 6), we placed the driving inputs of glove passive
and manual passive task conditions, as either exclusively to S1 or to both
of M1 and S1. While the SMA was not modelled as receiving driving
inputs for external events directly but receiving modulated information
flow from the other nodes of the model, family-wise (dual: M1 and S1,
versus single: S1 only). Bayesian model averaging implied that driving
proprioceptive inputs were received S1 exclusively, however family-wise
model selection was inconclusive in distinguishing the dual versus single
input families. From the combination of sensory and motor gating
incoming connections to the SMA our model of effective connectivity
implies that sensorimotor integration as being a bidirectional conver-
gence on the SMA. In a recent study, functional electrical stimulation
altered proprioception and increased the influence of M1 on S1, which
suggested that M1 should be considered as part of a sensorimotor hier-
archy providing top–down proprioceptive predictions (Gandolla et al.,
2014).

It is also notable that glove passive task activated M1 more and
manual passive task activated S1 more, though both of the tasks are
basically providing proprioceptive inputs in sensorimotor network (Song
and Francis, 2013), the differences in the context sensitive influence on
M1 and S1 would be characterized by the nature of each intervention.
The nature of manual passive task delivered by a human assistant com-
prises more intense tactile stimulation and less predictable propriocep-
tion while that of glove passive task delivered by a soft robotic actuator
comprises highly predictable proprioception (0.1 Hz) with less tactile
intensity (Fig. 7C).

Based on the outcome of Bayesian model averaging (Fig. 7 B & C) the
current model of effectivity connectivity implies that manual passive task
preferentially drives the signal from S1 to SMA as well as contralateral S1
and subsequently fine-tunes M1 activity which will send reciprocal
efferent signal to SMA. This feedback will modulate SMA according to
proprioceptive input from S1. In this way, a real-time modulation of the
motor command would be triggered by predictions of the sensory
consequence of the movement and any discrepancy with the actual
sensory feedback, in line with a predictive coding account of proprio-
ceptive feedback for active motor control (van Beers et al., 2002; Bays
and Wolpert, 2007; Franklin and Wolpert, 2011). Furthermore, the BMA
results include nonlinear modulation by the M1 which imply that the
highly predictable proprioceptive input produced by glove passive task
that the efferent signal fromM1 gates S1 signal heading to SMA. Together
these gating mechanisms can explain M1-or S1-initiated feedback to the
SMA-centered proprioceptive motor integration which may contribute to
the generation of internal body representations required for movement
monitoring (Sommer and Wurtz, 2008).

Though the effect of neurorehabilitation therapeutics, such as motor
imagery, on neuroplasticity has been frequently explored, the effect of
passive range of motion exercise therapy has been rarely investigated
using functional imaging tools. From a clinical perspective, our fMRI
study findings may present basic neurophysiological evidence regarding
the mechanism of how the physiotherapy mobilizing paralyzed
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extremities can change the brain metabolism to facilitate the recovery of
motor function. The potential difference between conventional manual
therapy and automated robotic therapy in the working process of pro-
prioceptive motor integration was discussed.

Furthermore, due to the limited sample size, caution should be taken
when making generalizations about the study findings, which should be
addressed in future trials.

5. Conclusion

The present study demonstrates that proprioceptive inputs produced
by a passive range of motion exercise can activate primary motor cortex
and the supplementary motor area orchestrates the proprioceptive motor
integration using the feedback mechanism. The Bayesian model selection
suggests proprioceptive drive might influence primary motor cortex
directly as well as indirectly via primary sensorimotor cortex activation
and the subsequent modulation of the supplementary motor area.
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