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Abstract. The goal of this work is to evaluate if changes in brain connectivity
can predict behavioral changes among subjects who have suffered stroke and have
completed brain-computer interface (BCI) interventional therapy. A total of 23
stroke subjects, with persistent upper-extremity motor deficits, received the stroke
rehabilitation therapy using a closed-loop neurofeedback BCI device. Over the
course of the entire interventional therapy, resting-state fMRI were collected at
two time points: prior to start and immediately upon completion of therapy.
Behavioral assessments were administered at each time point via neuropsycho-
logical testing to collect measures on Action Research Arm Test, Nine-Hole Peg
Test, Barthel Index and Stroke Impact Scale. Resting-state functional connectivity
changes in the motor network were computed from pre- to post-interventional
therapy and were combined with clinical data corresponding to each subject to
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estimate the change in behavioral performance between the two time-points using
a machine learning based predictive model. Inter-hemispheric correlations
emerged as stronger predictors of changes across multiple behavioral measures in
comparison to intra-hemispheric links. Additionally, age predicted behavioral
changes better than other clinical variables such as gender, pre-stroke handedness,
etc. Machine learning model serves as a valuable tool in predicting BCI
therapy-induced behavioral changes on the basis of functional connectivity and
clinical data.

Keywords: Brain-computer interface � Stroke rehabilitation � BCI therapy �
Upper extremity motor recovery � Resting-state fMRI � Machine learning �
Predictive model

1 Introduction

Approximately 800,000 individuals in the U.S. experience a new or recurrent stroke
(ischemic or hemorrhagic) each year [7]. In recent years, there has been a significant
decrease in stroke mortality, indicating that most stroke subjects survive their initial
stroke event; however, survivors are often left with life-long impairments involving one
or more of their motor, speech, visual etc., abilities. Specifically, upper extremity motor
deficits are frequently observed in 30–66% of stroke survivors after six months of the
stroke [6]. The majority of subjects have some spontaneous functional recovery after a
stroke event. However, rehabilitative therapies can further improve motor recovery
several months after stroke to enhance quality of life for survivors [13].

An emerging technology for stroke rehabilitation that has been shown to stimulate
additional recovery is brain-computer interface (BCI). Electroencephalogram (EEG)-
based BCI detects neural signals and uses them as inputs to provide real-time feedback,
enabling users to modulate their own brain activity. This is a promising therapy for
those with motor disabilities by allowing self-modulation of neural signals to control
assistive devices such as computers during rehabilitative tasks without relying on
residual muscle control [3]. Previous studies have shown potential functional benefits
associated with the use of BCI technology in stroke rehabilitation including neural
reorganization and improved behavioral and motor function [8, 10, 11, 13]. Real-time
feedback in the form of reward for the production of certain brain activity patterns
relative to others while performing a task raises the possibility that there are changes in
brain activation patterns produced during tasks similar to those involved in BCI
therapy; an important implication could be that BCI therapy can induce detectable
changes in brain activation patterns in stroke subjects.

Studies have suggested that an association exists between resting-state networks and
the reorganization of neural processes in post-stroke motor recovery [2, 11].
Resting-state functional magnetic resonance imaging (rs-fMRI) is a powerful tool to
measure the temporal correlation of the spontaneous, low-frequency (<0.1 Hz) blood
oxygenation level dependent (BOLD) signals across regions in the resting brain.
Oscillations in the BOLD fMRI signals are indicative of self-organizing dynamic
behavior of the brain, and these fluctuations are suggested to be associated with the
flexibility and variability in motor function and cognition [1, 5]. Recent neuroimaging
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studies have demonstrated that there are overlapping networks involved during resting-
state fMRI as well as motor imagery and motor execution fMRI tasks [4, 8]. The motor
network commonly includes cortical areas such as the primary motor area (M1), pre-
motor cortex (PMC) and supplementary motor area (SMA) as it is widely accepted that
activity in these cortical regions maintains a dynamic equilibrium at resting-state and is
modulated during task performance. Prior work indicates that resting-state brain con-
nectivity can be potentially used to track brain changes following brain-computer
interface (BCI) therapy [8], which serves as the motivation for this present study.

EEG-based BCI intervention is a promising rehabilitation therapy for improving
motor function after stroke; however, the changes in functional connectivity in the
brain following this therapy are not fully understood. Changes in resting-state func-
tional connectivity (rs-FC) were examined in eight seed regions of interest within the
motor network that play a dominant role in motor development, specification and
execution. Specifically intra-hemispheric and inter-hemispheric connectivity measures
were compared within this network. The aim of this present study was to investigate the
effect of BCI interventional therapy using a closed-loop neurofeedback device intended
to improve motor function in stroke subjects on behavioral performance metrics using
changes in rs-FC in the motor network by analyzing data of 23 stroke subjects. To
study the change in FC and behavior over time, we chose to utilize rs-fMRI data from
two different time points, namely before starting and immediately upon completion of
the interventional therapy. Additionally, clinical variables associated with the subjects
were factored in. A number of behavioral measures were collected during neuropsy-
chological assessments that served as the behavioral outcome variables. With the help a
non-linear machine learning regression model, we analyzed the correlation between
change in FC and clinical variables to change in behavioral outcomes.

2 Materials and Methods

2.1 Study Design

A permuted-block design that included subject characteristics such as gender, stroke
chronicity and severity of motor impairment was employed to randomly assign subjects
to either the Crossover Control group or BCI therapy group (Experimental Only).
Subjects in the BCI therapy group received interventional rehabilitation therapy with
functional assessment and MRI scans at four time points: (1) pre-therapy, (2) mid-
therapy, (3) post-therapy and (4) 1 month after completing the last BCI therapy.
Subjects in the Crossover Control group first received three functional assessments and
MRI scans during the control phase in which no BCI therapy was administered, and
their assessments were spaced at intervals similar to those given during the BCI therapy
phase. After completing the control phase of the study, the Crossover Control group
moved to the BCI therapy phase of the study. This study paradigm, as illustrated in
Fig. 1, was chosen to determine if any outcome effects were attributable to BCI training
vs. practice effects. All subjects completed at least 9 and up to 15 two-hour sessions of
interventional BCI therapy. For the purposes of this study, we chose to analyze the
change in rs-FC and change in behavior between time points (1) and (3) i.e. pre-therapy
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to post-therapy. Furthermore, we combined the subjects from the Crossover Control
group and the BCI therapy into a single sample group to provide more power to the
analysis.

2.2 Sample Characteristics

Subjects were recruited as part of an ongoing stroke rehabilitation study to evaluate
interventional therapy using a BCI device targeting upper extremity motor function.
Inclusion criteria were as follows: (1) at least 18 years or older; (2) persistent upper
extremity motor impairment resulting from ischemic or hemorrhagic stroke; (3) ability
to provide written informed consent. Exclusion criteria included: (1) concurrent neu-
rodegenerative or other neurological disorders; (2) psychiatric disorders or cognitive
deficits that would preclude a subject’s ability to provide informed consent; (3) preg-
nant or likely to become pregnant during the study; (4) allergies to electrode gel, metal
and/or surgical tape, contraindications to MRI; (5) concurrent treatment for infectious
disease. All participants provided written informed consent. The Health Sciences
Institutional Review Board of the University of Wisconsin-Madison approved the
study, including all of the measures assessed and therapies administered to subjects.
The mean age of the sample was 63 years. The sample included 10 female and 13 male
subjects; 20 right-handed subjects, 2 left-handed subjects and 1 ambidextrous subject;
13 subjects with a right-hemispheric lesion and 10 subjects with a left-hemispheric
lesion. Individual study subject characteristics are summarized in Table 1 below.

Fig. 1. Study paradigm of BCI-EEG interventional therapy [13]

Table 1. Subject demographics and characteristics

Subject ID Age (years) Gender Affected
arm

NIH
stroke
scale

Time since
stroke
(months)

Pre-stroke
handedness

Lesion
hemisphere

1 52 Male Right 8 15 Right Left
2 61 Female Right 8 16 Right Left
3 68 Male Right 0 3 Right Left
4 66 Male Right 6 23 Right Left
5 73 Female Right 0 2 Ambi Left
6 59 Male Right 2 28 Right Left

(continued)
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2.3 BCI Intervention Procedure

The BCI-EEG setup is presented in Fig. 2. The closed-loop neurofeedback device used
in therapy incorporates feedback from EEG from visual display, tongue stimulation and
functional electrical stimulation. Subjects received no more than three sessions of
interventional therapy per week, and the total BCI therapy lasted up to six weeks.
The BCI therapy ran on the BCI2000 software 9 version 2 with modifications for
administering tongue stimulation (TDU 01.30, Wicab Inc.), along with functional
electrical stimulation (FES) (LG-7500, LGMedSupply; Arduino 1.0.4). EEG signals
were detected and recorded from a 16-channel EEG cap and amplifier (Guger Tech-
nologies) during the BCI therapy.

Each session started with an open-loop screening task to optimize the control signals.
During this screening task, each subject was asked to move either their left or right hand
with resting periods in between; this was conducted using words on a screen as cues,
“right”, “left” or “rest”, in blocks of 4 s. The specific movements, that subjects chose,
ranged from opening or closing one’s hand, squeezing hand and wrist flexion; these
movements served as baseline abilities for each individual. During the screening session,
the subjects were not given any feedback. Attempted movement was used for the initial
screening and closed-loop feedback conditions to structure the neurofeedback training
conditions similar to the mental processes used when performing real-world movement.
For this reason, control signals were based on neural activity patterns of subjects per-
forming movement to aid in strengthening the persistence of movement-related brain

Table 1. (continued)

Subject ID Age (years) Gender Affected
arm

NIH
stroke
scale

Time since
stroke
(months)

Pre-stroke
handedness

Lesion
hemisphere

7 45 Female Left 6 99 Right Right
8 71 Female Left 6 26 Right Right
9 80 Male Left 2 20 Right Right
10 76 Male Left 3 132 Right Right
11 43 Male Right 2 12 Right Left
12 75 Female Left 7 23 Right Right
13 61 Male Right 0 17 Right Left
14 48 Male Left 3 6 Left Right
15 56 Male Right 2 17 Right Left
16 50 Male Left 4 16 Right Right
17 77 Male Left 1 22 Left Right
18 69 Male Left 1 90 Right Right
19 82 Female Right 0 19 Right Left
20 74 Female Left 8 6 Right Right
21 64 Female Left 1 6 Right Right
22 42 Female Left 3 87 Right Right
23 57 Female Left 7 12 Right Right
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activity patterns. Following the initial screening, subjects performed a closed-loop task,
where they received real-time visual feedback in the context of a game to gain training
on how to modulate brain activity while moving each hand. In the game, subjects were
prompted to move a cursor (ball) onto a target area, and target areas were positioned on
the left or right side of the computer screen. Subjects were told to move his/her left or
right hand to control the movement of the ball towards the direction of the target
presented on the screen. Real-time EEG signals were used to calculate lateral cursor
movement. During each BCI therapy session, all subjects completed 10 runs of the
game, each run including 8–12 trials, with visual feedback.

Once subjects successfully completed 10 runs of the game with visual feedback and
achieved consistent accuracy (� 70%), both tongue stimulation and functional electrical
stimulation (FES) were incorporated into the session. Tongue stimulation, continuous
electro-tactile stimulation of the tongue on an electrode grid, was administered in each
following trial. FES was administered to muscles of the impaired arm when neural
activity signals corresponding to impaired arm movement were detected on EEG during
a trial in which subjects had to move the cursor to a target on the screen that matched the
side of the impaired arm. In order to keep subjects engaged in the tasks, the size of the
target on the screen could be changed to increase the difficulty of the task if they showed
normal cursor control and accuracy. Additionally, if subjects were unable to perform the
task with proper cursor control, the task difficulty could be reduced.

2.4 Data Acquisition

Neuroimaging scans were acquired at all the four time points mentioned previously.
However, we chose to use the imaging data from two of those four time points, namely:
time point (1) i.e. prior to starting the intervention and time point (3) i.e. immediately

Fig. 2. BCI-EEG interventional therapy setup [8]
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upon completion of intervention. Rs-fMRI scans were acquired on GE 750 3T MRI
scanners (GE Healthcare, Waukesha, WI) using an 8-channel head coil. 10-minute
resting state scans were acquired while subjects’ eyes were closed using single-shot
echo-planar T2*-weighted imaging: TR = 2.6 s, 231 time-points, TE = 22 ms,
FOV = 22.4 cm, flip angle = 60°, voxel dimensions of 3.5 � 3.5 � 3.5 mm3, 40 slices.
T1-weighted axial images were obtained at the start of each scan using FSPGR BRAVO
sequence (TR = 8.132 ms, TE = 3.18 ms, TI = 450 ms) over a 256 � 256 matrix with
156 slices (flip angle = 12°, FOV = 25.6 cm and slice thickness = 1 mm).

2.5 Neuropsychological Assessment

In order to assess the behavioral impact of the BCI therapy, neuropsychological
assessments were administered at the four previously specified time points. Corre-
sponding to the imaging data, we were interested in behavioral changes between
pre-therapy to post-therapy. The following standard behavioral measures were evalu-
ated each time: Action Research Arm Test (ARAT) [9, 14], the 9-Hole Peg Test
(9-HPT) [15], Barthel Index [18], and Stroke Impact Scale (SIS) [16, 17]. Scores for
the 9-HPT were calculated using the mean of two attempts with the impaired hand.
ARAT scores reflect a total score assigned for the subject’s impaired hand. The SIS
scores encompass multiple aspects of which we take into account the following stan-
dard domains: Activities of Daily Living, Hand Function, Mobility and Strength. In
accordance with standard SIS scoring practice, SIS domain scores were transformed to
yield a percentage of possible points obtained that have been used for the analysis here.

2.6 Data Preprocessing

Rs-fMRI data were preprocessed using Analysis of Functional NeuroImages [20]
and FMRIB Software Library [21]. The preprocessing steps included: removing the
first three volumes of each scan, images despiking, slice time correction, alignment
with anatomical scan, spatial smoothing with a 4-mm FWHM (full width at half
maximum) Gaussian kernel, transformation into TLRC space (3.5 mm isotropic),
motion censoring (per TR motion > 1 mm or 1°), nuisance regression, bandpass
filtering (0.009–0.08 Hz). We did not perform global signal regression. Additionally,
motion within each volume was computed, and volumes with motion > 1 mm were
censored.

2.7 Functional Connectivity in the Regions of Interest

Seed regions within the motor network were based on prior findings that have looked at
resting-state connectivity in stroke population [4, 8]. The areas identified were based on
a network of cortical and subcortical areas activated during visually paced hand
movements. The regions of interest (ROIs) of this network include the primary motor
cortex (M1), supplementary motor area (SMA), thalamus and lateral premotor cortex
(PMC) in the right and left hemispheres visualized in Fig. 3, [12] and are abbreviated
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as per Table 2. The MNI coordinates for the 8 ROIs were used to create 8-mm
spherical seed ROIs for this study. For each subject, time series from the 8 ROIs were
extracted from the spatially standardized residuals for the resting EPI data. The motor
mask constituting the 8 ROIS was then used to extract the time series for each region,
and an 8 � 8 ROI correlation matrix was computed for each subject. The computed
correlation coefficients were standardized to their z-scores. The change in FC from
time-point before BCI therapy to time-point after BCI therapy were used as input
features for the machine learning regression model.

2.8 Clinical Data

Often times, factors such as age and gender can impact the changes in behavior over
time and need to be taken into account. Thus, in the regression model for this work, we
consider the following clinical variables: age, gender, side of affected arm, NIH Stroke
Scale (NIHSS), time since last stroke (TSS) and pre-stroke handedness score
(pre-hand). These clinical factors were evaluated separately, as well as combined with
FC features, in order to predict change in behavioral measures.

Fig. 3. Motor network with seed regions used in analysis [8]

Table 2. Shorthand representation of the eight ROIs used for the analysis

ROI Shorthand

Left primary motor cortex L.M1
Right primary motor cortex R.M1
Left premotor cortex L.PMC
Right premotor cortex R.PMC
Left supplementary motor area L.SMA
Right supplementary motor area R.SMA
Left thalamus L.Thal
Right thalamus R.Thal
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2.9 Data Analysis

We model this data by fitting a machine learning based regression model to FC and
clinical data in order to predict behavioral measures. In particular, supervised learning
support vector machines (SVM) [19] are employed. Typically used as a classifier, SVM
can also be used for regression analysis [22] and is known as Support Vector
Regression (SVR). SVR forms a non-parametric method by implementing the kernel
trick. The principle behind the using SVR analysis is described below:

Consider pair of multiple data points, x1; y1ð Þ; . . . xl; ylð Þf g � X � R, X being the
input space. While the xis represent the input features, the yis represent the outcome
variable. Here, the xis are the FC values or the clinical data corresponding to each
subject and yis stand for the behavioral outcomes such as 9-HPT, ARAT, BI, SIS
measures. The goal, then, is to find a non-linear function that fits the xis such that the
estimated value of yis within a specified small margin of error from the true yis. If f is
the estimated function, we have:

f xð Þ ¼ \w; x[ þ b

where, w 2 X, and b 2 R, U;V denotes the dot product in X.
Ensuring that w turns out to be small ensures that the estimated yis will deviate from

true yis within a small margin. This problem can be rewritten in the form of a convex
optimization as follows:

minimize
1
2

wj jj j2

subject to
yi �\w; xi [ � b� e
\w; xi [ þ b� yi � e

�

where, e is the small allowable margin of error between true yi and estimated yi.
The above can be reformulated again to cope with possible infeasible constraints

that may arise in the optimization problem by incorporating slack variables. This is
analogous to the concept of “soft margin” in SVM classifiers that allow for marginally
higher error to get a more superior performance overall. The reformulation, then,
becomes:

minimize
1
2

wj jj j2 þC
Xl
i¼1

ðfi þ f�i Þ

subject to
yi �\w; xi [ � b� eþ fi
\w; xi [ þ b� yi � eþ f�i

fi; f
�
i � 0

8<
:

where, C[ 0 is a constant that determines the extent to which error more than e are
allowed. The given method for regression can be applied to the linear case where a
linear estimate between input and output values is predicted. With the use of SVM, a
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kernel method [23] can be applied which can predict non-linear relationships between
the input and the output variables, thus, giving a better fit to the data. We implemented
the SVR using a Gaussian radial basis function for a kernel given by:

k xi; xj
� � ¼ exp � jjxi � xjjj2

2r2

 !

where, jjxi � xjjj2 is the squared Euclidean distance between two input feature points
and r is a free parameter. The kernel transforms the input feature dataset into a higher
dimensional feature space where a linear separation may exist.

A leave-one-out-cross-validation (LOOCV) was used to predict the outcome
variable since it is a method that gives the most unbiased estimate of test error [25]. In a
LOOCV approach, the same dataset can be used for both the training and testing
phases. During each fold of LOOCV, a data point is left out and training is performed
on the remaining data points. The left out data point is used as a testing point to predict
the outcome corresponding to it and evaluate the error measure of prediction. Each data
point is left out only once, and so, the number of folds is equal to the number of data
points in the sample. We assessed the performance of the SVR using the root mean
squared error given by the following equation:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
l

Xl
i¼1

ðyesti � yiÞ22

vuut
where, yesti � yi term is the measure of error between the estimated outcome and the
true outcome. A good SVR should have low values of RMSE.

Three cases of SVR were implemented, namely: (a) change in FC from pre-
intervention to post-intervention as the input features to predict behavioral outcomes,
(b) clinical variables as input variables to predict behavioral outcomes, (c) change in
FC and clinical variables together as input variables to predict behavioral outcomes.
The SVR generates a weighting system to rank the various input features in the order of
their importance in predicting the outcome variables. We implemented SVR on
MATLAB (R2015b; MathWorks, Natick, MA, USA) with the help of The Spider
Machine Learning Toolbox library for SVR [24].

3 Results

We present the results of using a non-linear SVR with a Gaussian kernel by the fol-
lowing cases: The prediction of changes in behavioral outcomes from pre-intervention
to post-intervention was performed using (a) changes in FC only (b) clinical variables
only and (c) changes in FC and clinical variables combined. Among the top 10 ranked
predictors, a greater number of inter-hemispheric FC changes were observed compared
to intra-hemispheric FC changes for almost all the behavioral measures in cases (a) and
(c). Also in both these instances, while intra-hemispheric FC change between left M1
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and left PMC was ranked within top 10 predictors, inter-hemispheric FC change
between left M1 and right M1 was ranked within top 5 predictors corresponding to
changes across all behavioral measures. Age emerged as the top ranked clinical variable
associated with changes in all the behavioral outcomes in (b) as expected. In (c),
however, age predicted changes particularly in ARAT for affected side, BI, SIS for
strength of affected side and SIS for mobility. Although the difference is small, reduced
RMSE values were observed in case (c), thus, suggesting that combining FC changes
with clinical variables might form a better predictive model as compared to cases (a) and
(b) with a larger sample size. Detailed list of top 10 ranked predictors by the SVR
weights can be found in Tables 3, 4 and 5 below. The behavioral outcomes are listed by
the following shorthand: 9HPT (A) for 9-HPT of affected side, 9HPT (U) for 9-HPT of
unaffected side, ARAT (A) for ARAT of affected side, ARAT(U) for ARAT of unaf-
fected side, SIS (Str) for Strength, SIS (ADL) for Activities of Daily Living, SIS
(Mob) for Mobility and SIS (Hand) for Hand Function.

Each SVR is evaluated using RMSE for assessment of quality of prediction.
Lower RMSE values represent better performance. The RMSE for the three SVRs are
presented by case in Table 6 below. RMSE_FC, RMSE_Clinical, RMSE_FC+Clinical
are used as shorthand to denote the three cases of SVR respectively.

Table 3. The top 10 ranked predictors of change in behavioral measures using change in FC as
input features from pre-intervention to post-intervention

ID 9HPT
(A)

9HPT
(U)

ARAT
(A)

ARAT
(U)

Barthel
Index

SIS
(Str)

SIS
(ADL)

SIS
(Mob)

SIS
(Hand)

1 L.Thal-
R.Thal

L.M1-
R.M1

L.SMA-
L.Thal

L.Thal-
R.PMC

L.Thal-
R.SMA

R.PMC-
R.SMA

R.M1-
R.Thal

L.Thal-
R.Thal

L.SMA-
R.SMA

2 L.M1-
R.M1

L.Thal-
R.M1

L.Thal-
R.PMC

L.PMC-
R.SMA

L.PMC-
L.Thal

L.PMC-
R.SMA

L.M1-
R.M1

L.PMC-
R.SMA

L.PMC-
L.SMA

3 L.M1-
L.PMC

L.PMC-
R.SMA

L.M1-
R.M1

R.PMC-
R.Thal

L.PMC-
R.SMA

R.PMC-
R.Thal

L.Thal-
R.M1

L.M1-
R.M1

L.M1-
R.M1

4 L.SMA-
R.SMA

L.M1-
L.PMC

L.Thal-
R.SMA

L.M1-
R.M1

L.M1-
R.M1

L.Thal-
R.PMC

L.M1-
L.PMC

L.M1-
L.PMC

L.SMA-
R.Thal

5 L.PMC-
L.SMA

L.SMA-
R.PMC

L.Thal-
R.M1

L.SMA-
L.Thal

L.SMA-
R.Thal

L.M1-
R.M1

L.Thal-
R.PMC

R.PMC-
R.SMA

L.M1-
L.PMC

6 L.PMC-
R.PMC

L.M1-
R.PMC

L.PMC-
L.M1

L.M1-
L.PMC

L.SMA-
R.SMA

L.SMA-
R.PMC

L.Thal-
R.SMA

L.SMA-
R.PMC

L.SMA-
R.PMC

7 L.PMC-
R.SMA

L.M1-
L.SMA

R.Thal-
R.SMA

L.M1-
R.PMC

R.M1-
R.Thal

L.M1-
L.PMC

L.M1-
R.PMC

L.SMA-
R.Thal

L.M1-
R.PMC

8 L.SMA-
R.PMC

L.SMA-
L.Thal

L.Thal-
L.PMC

L.M1-
L.SMA

L.Thal-
R.Thal

L.M1-
R.PMC

L.SMA-
R.Thal

L.Thal-
R.M1

R.SMA-
R.Thal

9 R.PMC-
R.Thal

L.M1-
R.SMA

L.SMA-
R.Thal

R.SMA-
R.Thal

L.M1-
L.PMC

L.Thal-
R.SMA

R.SMA-
R.Thal

L.Thal-
R.SMA

L.Thal-
R.Thal

10 L.M1-
R.PMC

L.M1-
L.Thal

L.M1-
R.PMC

L.PMC-
L.Thal

L.M1-
R.PMC

L.PMC-
R.Thal

L.M1-
L.SMA

R.SMA-
R.Thal

L.M1-
L.SMA
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4 Conclusion

4.1 Summary

Changes in functional connectivity and clinical measures, together, can predict behav-
ioral changes in subjects undergoing BCI-aided rehabilitation for stroke recovery and

Table 4. Ranked predictors of change in behavioral measures from pre-intervention to
post-intervention using clinical data as input features

ID 9HPT
(A)

9HPT
(U)

ARAT
(A)

ARAT
(U)

Barthel
Index

SIS (Str) SIS
(ADL)

SIS
(Mob)

SIS
(Hand)

1 Age Age Age Age Age Age Age Age Age
2 NIHSS TSS TSS Affected

arm
Affected
arm

NIHSS TSS Pre-hand Affected
arm

3 Pre-hand Pre-hand NIHSS Pre-hand Pre-hand Affected
arm

Pre-hand TSS Pre-hand

4 Affected
arm

Gender Affected
arm

Gender TSS Pre-hand Gender Gender TSS

5 Gender Affected
arm

Gender TSS Gender Gender Affected
arm

Affected
arm

Gender

6 TSS NIHSS Pre-hand NIHSS NIHSS TSS NIHSS NIHSS NIHSS

Table 5. The top 10 ranked predictors of change in behavioral measures using change FC from
pre-intervention to post-intervention and clinical data as input features

ID 9HPT
(A)

9HPT
(U)

ARAT
(A)

ARAT
(U)

Barthel
Index

SIS (Str) SIS
(ADL)

SIS
(Mob)

SIS (Hand)

1 L.M1-
R.M1

L.Thal-
R.SMA

Age L.Thal-
R.SMA

Age Gender L.M1-
R.M1

L.PMC-
R.SMA

L.PMC-
L.Thal

2 L.M1-
L.PMC

R.PMC-
R.Thal

L.SMA-
R.Thal

L.SMA-
R.Thal

L.SMA-
L.Thal

L.PMC-
L.Thal

L.M1-
L.PMC

L.PMC-
R.Thal

L.Thal-
R.SMA

3 L.PMC-
L.Thal

L.PMC-
R.Thal

L.PMC-
R.Thal

L.SMA-
R.PMC

L.PMC-
R.Thal

L.PMC-
R.Thal

L.M1-
R.PMC

L.M1-
R.M1

L.M1-
R.M1

4 Gender L.M1-
R.M1

R.SMA-
R.Thal

L.M1-
R.M1

L.M1-
R.M1

Affected
Arm

L.M1-
L.SMA

L.M1-
L.PMC

L.M1-
L.PMC

5 L.PMC-
R.Thal

L.Thal-
R.PMC

L.M1-
R.M1

L.M1-
L.PMC

R.SMA-
R.Thal

L.M1-
R.M1

L.M1-
R.SMA

Gender L.M1-
R.PMC

6 L.M1-
R.PMC

L.M1-
L.PMC

L.PMC-
R.SMA

L.M1-
R.PMC

L.M1-
L.PMC

R.SMA-
R.Thal

L.Thal-
R.Thal

L.SMA-
R.Thal

L.SMA-
R.Thal

7 L.M1-
L.SMA

L.M1-
R.PMC

L.SMA-
L.Thal

L.M1-
L.SMA

NIHSS Age L.M1-
L.Thal

R.SMA-
R.Thal

Time since
stroke

8 L.M1-
R.SMA

L.M1-
L.SMA

L.SMA-
R.SMA

L.M1-
R.SMA

L.Thal-
R.Thal

L.SMA-
R.Thal

L.M1-
R.Thal

Age L.M1-
L.SMA

9 L.Thal-
R.SMA

Affected
Arm

L.M1-
L.PMC

Affected
Arm

L.M1-
R.PMC

L.M1-
L.PMC

NIHSS L.M1-
R.PMC

L.SMA-
L.Thal

10 L.M1-
L.Thal

L.M1-
R.SMA

L.M1-
R.PMC

NIHSS L.M1-
L.SMA

L.SMA-
L.Thal

L.PMC-
R.M1

L.M1-
L.SMA

L.M1-
R.SMA
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machine learning can help rank the predictors of change in behavior. Notably, it was
demonstrated that inter-hemispheric changes in FC in the motor network are more sig-
nificant than intra-hemispheric changes in driving the prediction for most of the behav-
ioral scales included in the neuropsychological battery. Among the clinical variables, age
appeared to be a significant factor in assessing changes in behavioral outcomes.

4.2 Discussion and Future Scope

This study highlights that machine learning based statistical tools such as the SVR can
provide information correlating neuroimaging changes to behavioral changes, although
it can be limited by the sample size used in the analysis. Additionally, the heterogeneity
of the cohort in terms of their lesion location, lesion volume and affected side due to
stroke may influence the result of the predictive model. A left hemispheric dominance
was observed among the top weighted features predicting behavioral measures. This
could potentially arise due to most subjects being right-handed prior to occurrence of
the stroke and would require inclusion of comparable number of left-handed subjects in
the sample in order to further analyze the effect of handedness. Furthermore, we have
not taken into consideration, the relationship between the multiple behavioral outcomes
in this work. Also, the direction of change in behavioral measurements has not been
considered. In particular, future work could assess the relationship between behavioral
gains and functional connectivity changes. The complete BCI-aided intervention
involved collection of imaging as well as behavioral data at four different time points,
of which the pre- and post-intervention data have been used in the current analysis. The
analysis, here, uses only two of the four time-points and could be expanded further by
considering the changes in FC over all the four time points and correlating it to
behavioral changes. This current approach, however, provides a basic framework for
future work to build a larger predictive model that incorporates data from additional
predictors in the form of other imaging modalities such as diffusion tensor imaging
(DTI), task-based fMRI, lesion maps, implements a multiple-output SVR to control for
possible correlations between outcome variables and utilizes a larger sample size.

Table 6. Root meant squared errors by outcome for the three SVRs implemented

Behavioral outcome RMSE_FC RMSE_Clinical RMSE_FC+Clinical

9HPT (A) 1.0231 1.5527 1.023
9HPT (U) 1.0208 1.3261 1.021
ARAT (A) 1.0261 1.1257 1.0252
ARAT (U) 1.0409 1.0969 1.0371
Barthel Index 1.0215 1.0984 1.0216
SIS (Str) 1.0264 1.5703 1.0261
SIS (ADL) 1.0241 1.0566 1.0238
SIS (Mob) 1.0282 1.5258 1.0274
SIS (Hand) 1.0238 1.272 1.0237
Mean SVR RMSE 1.0261 1.2916 1.0254
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