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Associate Editor: The manuscript has been reviewed by two reviewers. The reviewers agree 

that the topic of the study, namely, the application of serious gamming in stroke rehabilitation, 

is indeed relevant. The use of multimodal sensing (EMG, FMG and IMU) to decode movement 

intention also follows the recent trends in the state of the art. Finally, it is commendable that 

the study has been performed in 10 stroke subjects. However, both reviewers have identified a 

number of significant limitations related both to the study design as well as the presentation of 

the work. As explained in the comments, essential information is missing regarding the 

experimental protocol, statistical analysis and important design decisions (e.g., grouping of 

the classes in the online assessment, classifier selection, choice of movements etc.). As pointed 

out by Reviewer 2, the study includes online assessment but the results are reported for the 

offline and "simulated" (pseudo-online) conditions 

only, and the analysis was not clearly explained. Finally, both reviewers have concerns about 

the level of integration of the Smart-Sleeve. I hope that the comprehensive comments of the 

reviewers will be useful to the authors. 

 

Thanks for these comments and for pointing out several important limitations. We have 

carefully updated the manuscript point-by-point based on the detailed comments provided by 

the reviewers below.  

 

Reviewer's Comments: 

Reviewer: 1 

 

Summary of the main findings: 

This article presents an experiment for patients suffering from upper extremities impairment 

following a stroke. The study involves 10 stroke patients in performing hand movements within 

2 serious games. The patients are equipped with a system including different kind of sensory 

technology: electromyography, force myography and inertial sensing. The results of this 

experiment include both an online analysis and an offline analysis of the accuracy of the 

machine learning algorithm(s). The online results were achieved with the 3 sensor types and 

an LDA classification algorithm. The accuracy reached 70.2% for all 12 movements and were 

increased when splitting the movements into several groups. The offline analysis includes a 

comparison of classification accuracy when using single or multiple combinations of the types 

of sensors. EMG+FMG+IMU resulted in the best classification accuracy, very closely 

followed by EMG+FMG with which there was no statistically significant 

difference. The paper also presents an analysis of the movements that are the most likely to be 

confused with each other. The experiment involved a subjective questionnaire, which the 

patients had to fill, showing a generally positive opinion of the proposed games and setup. 

 

Thanks for your comprehensive summary of this study.  

 



Strengths and limitations: 

The paper includes an online analysis, which is valuable as the results of offline analyses are 

often over-estimated and very different when going online. The systems include 3 types of 

sensors, the combination of the 3 have not often been seen in previous research. The serious 

games proposed could improve rehabilitation of patients by increasing their motivation. The 

study involves 10 stroke patients whereas often the systems are tested on intact subjects. An 

offline analysis completes the online analysis to find better results with different offsets than 

the initially chosen ones. The offline analysis also compares different algorithms and confirm 

that the chosen one had the best performance. 

The online analysis only includes one sensor-modality configuration. An online comparison of 

the multimodality configuration and the EMG unimodality would have had a higher impact to 

state that this system is better than the state-of-the-art. The comparison with the previous 

literature is insufficiently mentioning the online/offline criterion of the studies. Only a 

comparison with the offline results is made. A comparison with the online results of your paper 

is missing. Some details about the material and methods are missing to be able to properly 

analyze the paper and, if confirmed or not, could imply an overlooked protocol preparation. 

The statistical tests used are not mentioned. 

 

Thanks for the nice summary highlighting the potential strengths and drawbacks of this study. 

We have responded to each specific comment point-by-point below, addressed limitations, and 

updated the manuscript accordingly.  

 

General comment on the methods, results and data interpretation: 

The data interpretation seems consistent with the results. The material and methods are 

described in details but important points are still missing to properly understand and analyze 

the paper (more in details below). In particular the statistical analysis misses the applied test, 

and the serious games miss important details, including the training protocol, to properly 

understand and evaluate it.  

 

Sorry for the lack of clarity in the manuscript. We’ve updated the manuscript based on your 

suggestion and added more content accordingly. We added more detailed and clear text in the 

Methods and Results. To make the Methods and Results part easier to read, the manuscript was 

restructured and rewritten (more in details below). In addition, we added more meaningful 

analysis and added more content in the statistical analysis subsection. The results and 

corresponding interpretation of results were added in the Results and Discussion of the 

manuscript.  

 

Detailed review report: 

1. Title: "Smart-sleeve" seems counter-indicative to me when seeing the picture of the device 

in Fig.1, which resembles more to 2 bracelets. It is also 2 different systems powered differently. 

Therefore, the Smart-sleeve term doesn't seem the most appropriate. 

 

Thank you for these comments, and we agree that “Smart-sleeve” might give the wrong 

impression. To clarify, we changed the title to “Wearable Multimodal - Serious Game System 



for Hand and Cognitive Rehabilitation after Stroke.” Also, we updated the whole manuscript 

and changed “smart sleeve” to “wearable multimodal-based system.” 

 

2. List of authors: "Student Member, IEEE", "Member, IEEE" should be removed as this is not 

an IEEE journal. 

 

Thanks for pointing this out. We have removed the IEEE references. 

 

3. The secondly submitted manuscript doesn't seem to follow JNER template. 

This review was done on the initially submitted manuscript. Some corrections seem to have 

been already made within the abstract at least. I will assume these are the only corrections 

made and not read a second time the newly formatted manuscript. 

 

Yes, thanks! We edited our manuscript which is now fully based on the JNER template. 

 

Abstract: 

4. Force myography*, Electromyography* 

 

Thanks! We have changed “Force myographic, Electromyographic” to “Force myography, 

Electromyography.” 

 

Introduction: 

5. "hospital-based hand function rehabilitation of patients" sounds quite heavy, please 

reformulate. 

 

We agree that this phrase sounds heavy, and we’ve updated the text in the Introduction as 

follows: “For hospital-based rehabilitation of low hand motor function, artificial assistance or 

exoskeleton gloves are commonly used for passive training [1].” 

 

6. "For hospital-based… training" please cite a reference. 

 

Thanks! We added a citation: “F. Vanoglio et al., “Feasibility and efficacy of a robotic device 

for hand rehabilitation in hemiplegic stroke patients: A randomized pilot controlled study,” 

Clin. Rehabil., vol. 31, no. 3, pp. 351–360, 2017.”. 

 

7. "tangible-interaction-objects-based rehabilitation system" please explain what it is. 

 

Thanks for this advice. Tangible-interaction-objects-based rehabilitation systems are systems 

that enable users to interact with the systems through manipulating tangible digital devices.  

For example, a user could use a digital fork to interact with the virtual food in the rehabilitation 

system. To clarify, we updated the text in the Introduction as follows: “Tangible-interaction-

objects-based rehabilitation systems have been developed [2], [3], which enable users to 

interact with the systems through manipulating tangible digital devices. These systems are 

friendly to the elderly and can reduce a user’s learning curve [4].” 



 

8. l.60 What about other tracking methods such as VR trackers, Vicon system or magnetic 

tracking? 

 

We classified the VR trackers and Vicon system into the camera-based rehabilitation which 

uses optical techniques and needs grounded devices. For hand rehabilitation systems, the 

magnetic sensors were commonly integrated on data gloves [1] to monitor the finger movement 

just like flex sensors or accelerometers. Therefore, we classified the magnetic tracking in data 

gloves. To clarify, we’ve added text in the Introduction as follows: “Data gloves were 

commonly integrated with flex sensors, accelerometers, or magnetic sensors [5]” to clarify. 

 

9. l.64-55 "however…damage" needs reference 

 

We’ve added a citation: “B. Cesqui, P. Tropea, S. Micera, and H. I. Krebs, “EMG-based pattern 

recognition approach in post stroke robot-aided rehabilitation: A feasibility study,” J. Neuroeng. 

Rehabil., vol. 10, no. 1, 2013.” 

 

10. l.67 "around the wrist" -> justify why around the wrist and not the forearm 

 

The FMG-based wristband was used to measure the tendon slide of the wrist, so that is why it 

was attached around the wrist instead of the forearm. To clarify, we’ve updated the text in the 

Introduction as follows: “Barometric sensors have been employed to estimate hand gestures by 

measuring the tendon slide of the wrist [6].” 

 

11. l.71 The literature review of serious games is not developed enough and their interests not 

highlighted enough. Have they proved their effectiveness? 

For instance: 

Rego, Paula, Pedro Miguel Moreira, and Luis Paulo Reis. "Serious games for rehabilitation: 

A survey and a classification towards a taxonomy." 5th Iberian conference on information 

systems and technologies. IEEE, 2010. 

Nissler, Christian, et al. "Vita—an everyday virtual reality setup for prosthetics and upper-

limb rehabilitation." Journal of neural engineering 16.2 (2019): 026039. 

 

Thanks for the question! The effectiveness of serious games in upper limb motor rehabilitation 

has been proven, and serious games showed better performance than conventional 

rehabilitation [7]. Also, the “VITA” study was a valuable work and has been cited in our paper. 

We updated the text in the Introduction as follows: “In addition, to optimize the engagement 

of patients [8], a large amount of games have been designed and utilized in rehabilitation 

systems [9], [10], [11]. The effectiveness of serious games has proven to be better than 

conventional rehabilitation in upper limb motor function rehabilitation [7].” 

 

12. l.72 "serious games" -> it is not clear here if the serious games are new ones or based on 

existing ones. 

 



The games were newly developed by us. To clarify, we updated text in the Introduction as 

follows: “The purpose of this paper is to present a new rehabilitation system and newly 

developed serious games for motor function training.” 

 

Methods: 

A. 

13. "A. System Structure" can be misleading -> It seems more like an overview and it should 

be written in this paragraph that more details follow. 

 

Thanks for the valuable advice. We changed “System structure” to “System overview” to 

clarify. We also added text in Methods A as follows to clarify: “More details about the system 

are presented below.” 

 

14. l.86-87 Is this system wired in comparison to the EMG electrodes? Please specify. 

 

Both the pressure sensors and the IMU were connected by a USB cable. We added text “the 

pressure sensors and IMU are connected by a USB cable” in Methods A to clarify. 

 

B. 

15. l.93 cite reference 

 

Thanks for the advice. We’ve added the reference below. 

D. J. Gladstone, C. J. Danells, and S. E. Black, “The Fugl-Meyer Assessment of Motor 

Recovery after Stroke: A Critical Review of Its Measurement Properties,” Neurorehabilitation 

and Neural Repair. 2002. 

 

16. l.102 cite reference for the WMFT 

 

Thanks! We’ve added the reference below. 

Wolf, S.L., Catlin, P.A., Ellis, M., Archer, A.L., Morgan, B. and Piacentino, A., 2001. 

Assessing Wolf motor function test as outcome measure for research in patients after stroke. 

Stroke, 32(7), pp.1635-1639. 

 

17. Fig. 2 caption cites ref. 52 instead of 36. It would be good to have the abbreviations 

included in the figure as well. 

 

Thanks! This reference was indeed incorrect. We’ve updated the caption citation and updated 

Figure 2 to include abbreviations. 

 

C. 

18. A reference to figure 1 should be made. 

Fig1. doesn't show in enough details the sensors. Additional pictures and/or schematics would 

be needed for the FMG+IMU system. For instance, the flex-rigid board mentioned l. 120 

doesn't seem to be visible on the figure. 



 

Thanks! We’ve added the reference of Fig 1. The flex-rigid board is the yellow band showed 

in the FMG figure and IMU figure in Fig. 1. We’re also sorry for the unclear description. 

Sensors were mounted on that flex-rigid board but not connected through that board. We made 

several versions of the wristbands which consist of a barometric pressure sensor and an IMU. 

The version that used flex-rigid board was not very stable, and for the final experiment, the 

new version we used had all the sensors mounted on flex-rigid board but connected the sensors 

through wires. To clarify, we updated the text in Methods C as follows: “Thus, a flex wristband 

containing 8 barometric pressure sensors …” and “A 9-axis IMU (BNO055, BOSCH Inc, 

Stuttgart, Baden-Württemberg, German) was mounted on the back of the flex wristband to 

detect kinematic information.” In addition, we updated Figure 1 to make the structure clearer. 

 

19. l.110 electromyographic 

 

We changed “electromagnetic” to “electromyographic.” 

 

20. l.113 Are these electrodes also covered by something? Please specify. 

Yes, the electrodes are covered up by an elastic band. We updated the text in Methods C as 

follows to clarify: “Thus, 6 EMG wireless sensors from the Trigno Wireless EMG System 

(MAN-012-2-6, Delsys Inc., Natick, MA, USA) were selected and placed evenly around the 

forearm, about 10cm away from the elbow, covered and kept in place by an elastic band.” 

 

21. l.116 Why the wrist? Wouldn't it provide better signals on the forearm? Please justify. 

 

Thanks for asking; that’s a good question. The tendon slide happened on the wrist, and people 

can even see the deformation change of the wrist during hand movement. The FMG-based 

wristband we proposed was used to measure the tendon slide of the wrist. We mentioned this 

in Methods C: “During wrist and hand movements, tendons of the wrist are shortened and 

lengthened, and muscles are deformed, resulting in wrist contour change.” 

 

22. l.122 Why wasn't the fused value that the Bosch sensors provide used? Please justify. 

 

We extracted 12 features from the IMU, including 9 raw value (three axis 3-dimensional 

accelerations, 3-dimensional angular velocities, and 3-dimensional magnetic field strengths) 

and three fused value (3-dimensional Euler angles). The Euler angles and quaternions can 

provide similar orientation information as features in the classification algorithm, so we only 

selected Euler angles as features and didn’t use quaternions. These features could provide 

comprehensive information for machine learning algorithms. 

 

23. l.124 It is not clear at this point if the system is wired or wireless. A more precise picture 

or schematics as mentioned before would help. 

 

Thanks for the suggestion. We’ve added a picture in Fig. 1 and added the text “the barometric 

pressure sensors and IMU are connected by a USB cable” in Methods A to clarify.  



 

24. l.129 There does not seem to be text in Fig.3b. Please specify. 

 

Yes, that’s right! We developed a software interface for collecting the training data, but we 

didn’t put the screenshot of the interface in the paper because of the page limitation. The 

“…text and pictures…” in l.129 referred to that software interface instead of the serious games. 

To clarify, we updated the text in Methods C as follows: “… a user-friendly instruction 

program was developed. Users were asked to perform movements corresponding to the text 

and pictures shown on the software interface for training data collection.” 

 

D. (Section D is now Section E in the updated manuscript.) 

25. Fig.3 Was the lower part of Fig.3b, indicating the movements corresponding to the objects, 

shown to the patients? Or did they have to remember it from a previous training? 

 

The movements corresponding to the objects were not shown to the patients during the serious 

game “Best Salesman.” Patients became familiar with the movements in the training phase, 

and then, as we mentioned in the Testing Protocol, they were shown the demos and were given 

instructions so that they could connect objects to corresponding movements. We clarified on 

the description of Fig. 4b as follows: “The corresponding movements are only shown during 

training to stimulate cognitive rehabilitation.” 

 

26. l.137 "to interact with targets in the game" Please specify, the term interaction here is very 

general. 

 

Thanks for the suggestion. We provided additional information on the targets being chosen by 

doing the corresponding movement. We updated the text in Methods E as follows to clarify: 

“Finally, the estimated movement was used as input to the game, allowing patients to choose 

targets by performing the corresponding movement.” 

 

27. l.148 Refer to the table of the supplementary materials. Please specify that the training was 

done on these groups only and that in was therefore not possible to predict a movement not 

included in the specific group. 

 

Thanks! We moved the reference and explanation from the “Best Salesman” paragraph up here 

to clarify. The text in Methods E was updated as follows: “The 12 movements are divided into 

4 groups for ‘Find the Sheep,’ which are displayed in different game rounds (Supplementary 

File II. Grouping of the different movements). Many of the movements we selected are similar, 

such as the spherical grasp and the cylinder grasp. By dividing the movements into several 

groups, the real-time recognition accuracy of the system is improved. During the game, the 

system loads the classification model trained for the current movement group. The game has 

multiple difficulty levels. The higher the difficulty level, the more times the cards will be 

rearranged. Although the moving speed of cards was set to be the same throughout this 

experiment, users have the option to set the moving speed according to their ability in daily 

use.”  



 

28. l.151 "moving speed" Was it the same for patients during the experiment? If so, what speed 

was it? In the video, there seem to be only one switch of card. Was it also the case in the 

experiment? If not, how many switches of cards was there? Was the speed increasing over the 

repetitions? If the speed was not the same for every subject, do you consider the classification 

accuracy reliable, e.g. some subjects might have overestimated their speed, some other not, 

which might explain why some subjects found the game too easy and some too difficult? Please 

discuss. 

 

Thanks! This is a meaningful question! The moving speed was the same for patients during the 

experiment. The speed was 3s per switch. For each trial of the “Poker Game” experiment, one 

switch per round was used at the start for six rounds, and then, two switches per round were 

applied which means the level of difficulty was higher. The speed wasn’t increased over the 

repetitions during the experiment. We have that option, but we did not use it in the experiment. 

In this paragraph, our goal was to describe the multiple options available for setting up this 

game. No matter the speed, switches can be set up easily. To make this clearer, we updated the 

text in Methods E as follows: “Although the moving speed of the cards was set to be the same 

throughout this experiment, users have the option to set the moving speed according to their 

ability in daily use.” 

 

29. l.158-165 It is not clear whether this paragraph relates to the two games or the 2nd game. 

Please specify. 

 

Thanks for your advice! We’ve updated the text in Methods E to clarify as follows: “Like the 

‘Find the Sheep’ game, the different movements are divided into groups to increase the 

accuracy of the classification model. We assumed 1 second would be enough for patients to 

react and perform the corresponding movement. Therefore, at the end of each round, when the 

cards in ‘Find the Sheep’ stopped moving and the products in ‘Best Salesman’ were shown, 

the game waited 1 second before collecting input from the patients. In addition, only the 

predictions from the first ….”  

 

30. l.162-163 "we assumed…game" I don't understand, could you please reformulate? How 

long had a patient in total to complete one round? Does one round correspond to finding the 

sheep card for instance? 

 

Sorry for the unclear statement. Each new round started at the end of the previous round when 

the cards would appear and switch with each other (in the Poker Game) or new customers 

would come in and new objects appear (in Best Salesman). One second after that time, the 

system would assume patients performed the movement and started to predict. 

We clarified in Methods E as follows: “Therefore, at the end of each round, when the cards in 

‘Find the Sheep’ stopped moving and the products in ‘Best Salesman’ were shown, the game 

waited 1 second before collecting input from the patients.” 

 

31. l.159 How many movements per group? In the Supplementary Material, there seem to be 



only 3 groups for the Best Salesman which do not reference all the movements. Why only 7 

movements and why these ones? 

 

There are three movements per group, as we showed in the Supplementary TABLE I. The 

serious game “Best Salesman” was designed to train patients’ ADLs, so movements which can 

be related to grasping different shaped objects (foods) were chosen. For example, Hooklike 

Grasp (HG) can be connected to grasping a cup with a handle. And only the seven movements 

were related in the game. We wanted the hand gestures to be intuitive for patients just like the 

movements they normally do in daily activities instead of just remembering the connection 

between movements and objects. Therefore, only seven movements which are easy to relate to 

the objects were chosen. We’ve added text in Methods E to clarify as follows, “Only seven 

ADLs-related movements which can be easily connected to objects were selected in “Best 

Salesman”, so that patients can intuitively know what hand gesture they should do when they 

see the object pictures just like they normally do in daily activities.” 

 

32. l.164 Why not wait for a stable output? Please discuss. 

 

We assumed that 1 second after the cards appeared and switched with each other (Poker Game) 

or new customers came in and new objects appeared (Best Salesman) would be enough for 

patients to react and perform the corresponding movement. If the system waits too long, users 

may feel that it has low-speed reaction and that it’s not real-time. To clarify, we updated the 

text in Methods E as follows: “We assumed 1 second would be enough for patients to react and 

perform the corresponding movement. Therefore, at the end of each round, when the cards in 

‘Find the Sheep’ stopped moving and the products in ‘Best Salesman’ were shown, the game 

waited 1 second before collecting input from the patients.”  

 

33. Why the first 10 samples? Please justify. 

 

Thanks! We found our description is not precise enough. It should be the voting result of ten 

windows’ results. Therefore, it should say “only the predictions from the first ten samples 

starting from the 1st second were used.” In addition, one window’s result is not stable. We 

didn’t predict the results for offline or real-time classification validation, which usually use 

each window’s results. In real-life usage, the period of 10 windows are acceptable, and the final 

prediction can be more robust and accurate. We updated the text in Methods E to clarify as 

follows: “In addition, only the predictions from the first ten windows starting from the 1st 

second were used. The most predicted movement was then regarded as the patient’s actual 

movement and sent to the game. The comprehensive results of ten windows were acceptable 

in real-time use and stable in prediction.” 

 

E. (Section E is now Section F in the updated manuscript) 

34. l.167 What kind of triggers is it? 

 

The triggers are triggers we put in the code, which correspond to different movements. We 

clarified this in Methods F as follows: “Data of different movements were segmented 



automatically based on triggers in the data collection code, which correspond to different 

movements.” 

 

35. l.168 It is not clear what it is talked about here and how the training was done. l.171 Please 

specify how many seconds of movements were recorded. Here it is mentioned that during the 

training part of serious games, the first 2 seconds and the last 0.5 second are removed, while 

just before l. 164 it says that it was only the first second that was removed. Please explain. 

 

Thanks for pointing this out, and sorry for the unclear statement. I think this is unclear due to 

the structure of our paper. The training phase is described in the Testing Protocol. For the data 

from training phase, the first 2 seconds and the last 0.5 second are removed. When patients 

played the serious games, the classification model started to predict patients’ movements after 

1 second in each round. To make it easier to read and understand, we put Methods G Testing 

Protocol before Methods D Serious Game, following your suggestion below, and updated the 

text in Methods F as follows: “Thus, for the data collected in the training phase, the first 2 

seconds and the last 0.5 second of each movement are removed to reduce interference.” 

 

 

F. (Section F is now Section G in the updated manuscript) 

36. To my understanding, the features were stacked together into a 68-feature vector and there 

was no specific fusion algorithm with eventual weights, is that correct? Why was the LDA 

specifically chosen here? Was there any relation between choosing this algorithm and the use 

of multimodal data? 

 

Yes, the features were stacked together into a 68-feature vector, which is a feature-level fusion, 

and we didn’t use any weight. LDA has proven to be both accurate and fast for training in 

previous research [12]. Also, it has been proved to be more robust than other approaches [13]. 

Thus, we chose LDA. We also compared LDA with other algorithms in Methods H, and it had 

the best performance. We updated the text in Methods G to clarify as follows: “This linear 

classifier can simplify the computational complexity, shorten the time, and still produce an 

accurate recognition result, and it has also proven to be very robust [13].”  

 

G. (Section G is now Section D in the updated manuscript) 

37. It might be easier for the general comprehension of the manuscript if G is placed earlier 

(for instance before D. 

 

Thanks for the advice! Sorry for this unclear part of the paper. To make it easier to read and 

understand, we put Methods - Testing Protocol before Methods - Serious Game, following your 

suggestion. 

 

38. Table I: explain what MMSE is in the caption. Please specify in caption if higher is better 

for the different scores. 

 



Thanks for the valuable suggestion! We added extra information about MMSE in the caption 

to clarify as follows: “1Mini–Mental State Examination, used to measure the cognitive 

impairment, ranging from 0 to 30.” We also added extra text about the description of scores as 

follows: “Higher scores in MMSE, Brunnstrom stage, and FMA indicate better cognitive/motor 

function.” 

 

39. "the center of flex-rigid" It is unclear what it is. Please reformulate. 

 

Thanks for the suggestion! The center of the flex-rigid board is where the 4th and 5th sensors 

are located. We clarified in Methods D as follows: “Therefore, the fourth and fifth pressure 

sensors of the 8-sensor-flex-wristband were aligned to the center of the underside of the 

patient’s wrist, with the other sensors wrapping around to the upper side of the wrist.” 

 

40. l.231 How many seconds of recording were done for each action? How was that thoroughly 

implemented to be consistent for all subjects? Start/Stop buttons are visible in the 

supplementary figure. Were they used by the experimenter?  If so, there wouldn't be the same 

number of samples for each action: how would that influence the machine learning algorithm? 

Please discuss. 

 

Thanks for the question! Each action lasts 6 seconds in each trial, and each subject was asked 

to perform 5 trials in the training phase. To clarify, we updated the text in Methods D as follows: 

“Then, patients were asked to perform 5 formal trials in the training phase, with 1-minute 

breaks in between. Each trial consisted of the data collection of 12 movements, and each 

movement lasted 6 seconds, with a 4-second break between movements.” 

In addition, the recording of the data was consistent for all subjects. The recording data of each 

action were the same. The start button was used to start a trial instead of each action in a trial. 

The timing of each action was completed automatically by the software we developed, and the 

stop button was used to stop the whole system if some accident happened rather than just 

stopping the recording of data. To clarify, we updated the text in the caption of Supplementary 

Figure 1 as follows: “The start button was used to start each trial of the test, and then the 

software would automatically time the current movement and change to the next movement. 

The stop button was used to stop the system if some testing mistake occurred.” 

 

41. l.234. One session of what, it is not clear. What a trial is, is also not clear. Maybe repetition 

would be a more appropriate word that trial? Please specify. 

 

Thanks for the advice! In this case, a session is nothing more than a sequence of trials and 

doesn’t have any specific meaning by itself, so we deleted the mention of a “session.” We kept 

“trial” which is a common expression in experiments. Each trial consisted of the data collection 

of 12 movements, and each movement lasted 6 seconds, with a 4-second break between 

movements. To clarify, we updated the text in Methods D as follows: “Then, patients were 

asked to perform 5 formal trials in the training phase, with 1-minute breaks in between. Each 

trial consisted of the data collection of 12 movements, and each movement lasted 6 seconds, 

with a 4-second break between movements.” 



 

42. I don't understand if there was a familiarization phase, which is considered within the 

training phase? Was there a familiarization phase for each game? Or was it a familiarization 

phase for performing the movements? 

 

Sorry for the unclear statement. We do have a familiarization phase for both the training phase 

and game phase, including describing the movements and showing instructional pictures and 

demos to the patients. Then, we ask them to try to follow the instruction software to perform 

corresponding movements and ask them to try to play serious games to get familiar with the 

serious games. To clarify, we updated the text in Methods D as follows: “Next, patients were 

asked to perform movements following the instruction software we developed (Supplementary 

File  V. Interface of the instructional software) to get familiar with the movements and the 

system. The software shows the text and pictures of the current movement and the movement 

that comes next. ……. After finishing the training, patients rested for ten minutes while 

watching a game demo video to get familiar with two serious games.” 

 

H. 

43. The statistical tests applied are missing. Was there any analysis of the normality of the data? 

Was a method used for adjusting for multiple comparisons? 

 

Sorry for the missing information. We added the text in Methods H as follows: “One-way 

analysis of variance (ANOVA) was conducted to assess if there were differences between using 

different sensor configurations, different algorithms and different cutoffs. If there was a 

difference, LSD procedure was used for post hoc analysis. The statistical significance was set 

to p<0.05.” We also updated the text in the Results as follows: “The average offline 

classification accuracies of applying DT, KNN, RF, and SVM were 62.7%, 72.9%, 78.4%, and 

80.9%, which were lower than LDA’s 81.0% accuracy. However, LDA only had significant 

difference with DT and KNN (p<0.05).” 

 

III Results 

44. l.288 70.2% is the accuracy of the real-time simulation for 12 movements. When was that 

calculated when the games were only made with groups of actions? 

 

Sorry, we can see that this part became unclear. The two different scores, offline accuracy and 

simulated real-time accuracy, are calculated as follows: the offline accuracy uses the collected 

training data and works with the most optimal cut-offs, which were discovered after doing the 

experiment. The simulated real-time accuracy also uses the collected training data but with the 

suboptimal cutoffs, which were decided before the experiment and used during the games. We 

were planning to gather the online real-time accuracy of the system, but this proved to be too 

difficult in a hospital setting with patients. As we mentioned in the manuscript, it’s hard to tell 

patients’ movements only by observing. We were not able to simultaneously collect which 

movement was on the screen, which movement the patients performed, and which movement 

was predicted by the model to check the accuracy of the model. Instead, we calculated this 

“simulated real-time accuracy” after the experiment was over to determine how well the model 



worked during the game. We think this sentence makes the paper unnecessarily complicated, 

so we decided to leave it out for now.  

 

45.Table II Have all patients used a glove setup before? 

 

Thanks for the question! Yes, the hospital we went to has some gloves for rehabilitation in 

the treatment lobby, which patients have used before. In addition, they wore gloves before 

in daily life. 

 

IV Discussion 

46. When comparing with previous literature: are these studies offline or online? Why only 

comparing the offline result? A comparison of your online result with the literature is missing. 

 

Thanks for the suggestion! We compared our offline results with other studies’ offline results. 

We did not compare with the online results since we only have a simulated real-time accuracy 

for reasons stated above in comment 44. However, the real-time performance of our multi-

sensor-based model should be validated through a classic, formal real-time test such as Motion 

Test instead of being validated by the results of serious games in our future work. We updated 

the text in the Discussion to clarify as follows: “In addition, we’ll conduct a formal real-time 

experiment such as Motion Test and analyze the real-time accuracies of different algorithms 

and different sensor configurations to verify the real-time performance of the proposed multi-

sensor fusion model on stroke patients.” 

 

47. It would be interesting to know if there is a link between the high/low motor function and 

if they judge the game difficult/challenging or not. 

 

That’s a very interesting problem. We didn’t find a link between subjects’ level of motor 

function and their opinion about the difficulty/challenge of the games. We calculated the 

Pearson correlation coefficient between the challenge score from patients’ questionnaires and 

their FMUE/Brunnstrom stage/MMSE and didn’t find correlation (r<0.5). Maybe subjects’ 

opinions were affected by many factors, which may include motor function, cognitive function, 

age, and education level.  

However, we added lots of new contents and results in Methods H, the Results and the 

Discussion. 

First, we added the confusion matrixes of EMG-alone-based hand gesture classification and 

FMG-alone-based hand gesture classification to show the contribution of different sensors on 

different gestures. In addition, Pearson correlation coefficients (PCCs) between EMG-based 

offline accuracies, FMG-based offline accuracies, and EMG-FMG-IMU-based offline 

accuracies for all subjects were calculated to study the correlation between the performances 

of different physiological information-based movement recognition. For this part, we added 

text in Methods H as follows: “Also, the confusion matrixes of EMG-alone-based hand gesture 

classification and FMG-alone-based hand gesture classification were created to show the 

contribution of different sensors on different gestures. In addition, Pearson correlation 

coefficients (PCCs) between EMG-based offline accuracies, FMG-based offline accuracies, 



and EMG-FMG-IMU-based offline accuracies for all subjects were calculated to study the 

correlation between the performances of different physiological information-based movement 

recognition.” We also added text in the Results as follows: “For both EMG-based and FMG-

based hand gesture classification (Fig. 7), the performances of recognition on some gestures 

were the same. For example, CG and SG were easily misclassified with each other in both 

models. However, when recognizing other gestures, different models performed differently. 

For example, MF was often mistakenly recognized as HG when the EMG-based model was 

applied, and MF was easily misrecognized as O when the FMG-based model was applied. 

There’s a correlation between classification accuracies of the EMG-based model and 

classification accuracies of the FMG-based model (r = 0.69, p<0.05) (Fig. 8), and there’s also 

a correlation between classification accuracies of the EMG-based model and classification 

accuracies of the EMG-FMG-IMU-based model (r = 0.73, p<0.05) (Fig. 8). There’s a high 

correlation (r = 0.94) between classification accuracies of the FMG-based model and 

classification accuracies of the EMG-FMG-IMU-based model (p<0.05) (Fig. 8).” Finally, we 

added text in the Discussion as follows: “The EMG-based model and FMG-based model 

showed different performances on gesture recognition, and the information from these two 

models can be used to compensate for each other to increase the robustness of the system. In 

addition, there’s a significant high correlation between subjects’ FMG-based hand gesture 

classification accuracies and their EMG-FMG-IMU-based hand gesture classification 

accuracies, which indicate FMG information has the most influence on the multi-sensor fusion 

model.” 

 

Fig. 7. Confusion matrixes for movement classification based on different sensor 

configurations. (a) Confusion matrix for EMG-based movement classification. (b) Confusion 

matrix for FMG-based movement classification. 

 

 

 



 

Fig. 8. The correlation of FMUE scores and different sensor configuration-based classification 

accuracies for all subjects.  

 

In addition, to analyze the correlation between subjects’ upper limb motor function and their 

different information-based hand gesture classification accuracies, PCCs between the FMUE 

scores of stroke patients and their offline accuracies of EMG-based, FMG-based, and EMG-

FMG-IMU-based hand gesture classification were calculated, respectively.  

We added text in Methods H as follows: “To analyze the correlation between subjects’ upper 

limb motor function and their different information-based hand gesture classification 

accuracies, PCCs between the FMUE scores of stroke patients and their offline accuracies of 

EMG-based, FMG-based, and EMG-FMG-IMU-based hand gesture classification were 

calculated, respectively.” We also added text in the Results as follows: “There’s a correlation 

(r=0.78) between FMUE and offline classification accuracies of the FMG-based model 

(p<0.05). However, there’s no significant correlation between FMUE and the offline 

classification accuracies of the EMG-based model (r = 0.61, p=0.065) or the EMG-FMG-IMU-

based model (r = 0.61, p=0.063), respectively (Fig. 8).” Finally, we added text in the Discussion 

to clarify as follows: “Results showed significant correlation between subjects’ upper limb 

motor function and the offline accuracies of FMG-based hand gesture recognition, which 

indicates wrist-tendon-slide-related information has the potential to be used to assess the upper 

limb motor function of stroke patients.” 

 

Also, the correlation between subjects’ performance in playing serious games and their motor 

function, cognitive function, and movement recognition accuracies were analyzed by 

calculating PCCs of patients’ average scores in two serious games and their FMUE, MMSE, 

and EMG-FMG-IMU-based hand gesture classification offline accuracies, respectively. 

Besides this, the correlation between subjects’ average scores in two serious games were 

analyzed by PCCs. The statistical significance for PCCs was set to p<0.05.  

We added text in the Methods as follows: “In addition, the correlation between subjects’ 

performance in playing serious games and their motor function, cognitive function, and 

movement recognition accuracies were analyzed by calculating PCCs of patients’ average 



scores in two serious games and their FMUE, MMSE, and EMG-FMG-IMU-based hand 

gesture classification offline accuracies, respectively. Besides this, the correlation between 

subjects’ average scores in two serious games were analyzed by PCCs. The statistical 

significance for PCCs was set to p<0.05.” We added text in the Results as follows: “There’s a 

correlation (r = 0.78) between subjects’ average scores of playing ‘Find the Sheep’ and patients’ 

average scores of playing ‘Best Salesman’ (p<0.05) (Fig. 9). However, there’s no correlation 

(r<0. 5) between scores of each serious game and MMSE, FMUE, and offline classification 

accuracies, respectively.” We also added text in the Discussion as follows: “Also, it's 

interesting that subjects showed consistency in two different serious games. However, the 

performances of patients in either game were not correlated to either their upper limb motor 

function, their cognitive function, or their hand gesture classification accuracy, which may 

indicate that the performance of patients in the game may be caused by a combination of 

multiple factors.” 

 

Fig. 9. The correlation between average scores of serious games “Find the Sheep” and “Best Salesman.” 

 

We added the performance of the patients by showing their average scores for each trial. New 

figures and new text have been added in the manuscript to clarify. We added text in Methods 

– Statistical Analysis as follows: “The average scores of all the subjects for each trial in the 

serious games ‘Find the Sheep’ and ‘Best Salesman’ were calculated and analyzed to show the 

performance of the patients while playing serious games.” 

We also added new text and a new figure in the Results as follows: “The average scores across 

all the subjects for each trial in the serious game ‘Find the Sheep’ were 5.6, 4.9, 5.8, 5, and 5.3 

(Fig. 10). In addition, the average scores of each trial in the serious game ‘Best Salesman’ were 

11, 13.5, 11.5, 11.4, and 13.4 (Fig. 10).”  



 

Fig. 10. The average scores of all the subjects for each trial in the serious games “Find the Sheep” and 

“Best Salesman.” 

 

However, we didn’t see an obvious improvement in scores over time while subjects were 

playing the game. We assumed the main reason is the games were difficult for the subjects. 

Most subjects were elderly people and suffered from brain injuries, which could have made 

their learning curve pretty long. The test was limited to only 5 trials per game, which is not 

enough for patients to learn. We updated the text in the Discussion as follows: “In addition, 

when subjects were playing the game, there was not an obvious improvement in their scores 

over time. We assumed the main reason is the games were difficult for the subjects. Most 

subjects were elderly people and suffered from brain injuries, so their learning curve may be 

relatively long. The serious games’ settings need to be further considered in the future research.” 

 

48. "some patients reported that the games moved too fast to complete the movements" unclear 

if the speed was the same for all patients or if they adjusted it. 

 

Thanks for the question. This question seems to be similar to question 26. The moving speed 

was the same for patients during the experiment. The speed was 3s per switch. For each trial 

of the “Poker Game” experiment, one switch per round was used at the start for six rounds, and 

then two switch per round were applied which means the level of difficulty was higher. The 

speed wasn’t increased over the repetitions during the experiment. We have that option but did 

not use it in the experiment. In this paragraph, we mainly describe the multiple options for 

setting up this game. No matter the speed, switches can be setup easily. To make it clearer, we 

updated the text in Methods D as follows: “Although the moving speed of the cards was set to 

be the same throughout this experiment, users have the option to set the moving speed 

according to their ability in daily use.”  

 

49. A universal classification model would be extremely difficult to implement and would 

require a lot of data, it is already very challenging with intact subjects and will be even more 

for stroke patients. 

 

We totally agree that a physiological information-based universal classification model was too 

hard to achieve. We’ve deleted the mention of a potential universal model and updated the text 

in the Discussion as follows: “The patients need to train before using the proposed system. 



Future work could be focused on increasing the robustness of the proposed system, addressing 

the problem of decreased recognition accuracy caused by sensor picking.” 

 

50. Please discuss the interest of classification over regression in this case. 

 

Our goal was to develop a wearable-sensors-based serious game system for the rehabilitation 

of hand function. The goal of rehabilitation is to help patients regain ADLs, so the training of 

ADLs-based hand gestures was really meaningful in the rehabilitation. We noticed that there 

are lots of studies doing research on regression, such as finger angle regression or wrist angle 

regression, which can certainly be applied in single-finger or wrist training models. However, 

the classification of ADLs-based hand gestures is more suitable to our research and application 

goal.  

 

V Conclusion 

51. The last sentence of the conclusion is too long. Please modify. 

 

Thanks for pointing it out. We’ve updated the text in the Conclusion as follows: “The multi-

sensor fusion method can improve the motion recognition performance with stroke patients. 

This effective model can be used both in unassisted serious-game-training systems and also in 

the active robotic-assisted rehabilitation system or ADLs-based orthosis.”  

 

Reviewer: 2 

Comments to the Author 

1. In this work authors have developed and implemented a multi-sensor interactive framework, 

based on serious gaming, intended for active rehabilitation of stroke survivors with upper limb 

impairments. Active engagement of stroke patients during the rehabilitation process is an 

important and an outstanding challenge, thus this manuscript tackles a rather relevant question 

and does so using methods which are emerging and known to be appropriate. Both sensory 

fusion and gamification of the rehabilitation are powerful tools known to have strong potential 

when appropriately integrated into recovery process of stroke survivors. However, the work 

presented here seems to lack information and scrutiny in order to assess the true potential of 

the proposed solution and demonstrate its contribution beyond the already known concepts. 

Mainly and unfortunately, the work seems to have omitted the opportunity to quantify the 

relevant user engagement, their improvement (functional, training, learning), and the 

performance of the developed controller in a real-time and meaningful way. While providing 

users with the real-time solution, the work conducts its assessments only in the offline manner 

(or in a pseudo-online way which still keeps the user out of the loop during the assessment). 

This has been previously shown to be a poor predictor of clinically relevant scores when it 

comes to HMIs [1], [2]. Moreover, as authors correctly claim, the entire concept of 

gamification has been introduced into rehabilitation for the purpose of engagement and more 

informed monitoring of user progress. However, this work here doesn't seem to provide any in 

game performance observations. As it seems that there have been progressive levels of 

difficulty (though not really fully explained), both games could have benefited from integrating 

metrics reporting on user skill development and controller performance. Instead of looking 



solely into detached classification performances, the amount of correctly provided instructions 

over time could have been investigated. It is indeed the case that the true motions are hard to 

be distinguished (particularly in more affected patients), but this should have not been the goal 

of the investigation in the first place as authors are claiming to focus on the user rehabilitation. 

So, the much more insightful observations would be related to the improvement of the real-

time control over time as this in itself would be representative of emergence of the distinct 

motions that authors have identified as relevant for the motion restoration process. 

 

Thank you very much! We really appreciate your valuable comments and suggestions. We 

thank you for your approval of our study, and we understand your concerns about the study 

and paper. We will try to answer the questions, update unclear parts in the paper, and address 

shortcomings. 

As we said in the Introduction and the Discussion, lots of studies have been working on EMG-

based pattern recognition on stroke patients for rehabilitation purposes or assistance in daily 

living purposes. However, the classification accuracies for stroke patients were relatively low 

compared with healthy subjects due to the impairments of the affected upper limb. Therefore, 

we would like to use more sensors to access more comprehensive information about stroke 

patients’ affected sides, which includes forearm muscle activities, wrist tendon slide, and 

kinematic information. These different sensors’ data can compensate for each other, and a 

feature-level fusion method was used which enabled a higher classification accuracy. EMG is 

sensitive to high-strength hand gestures, and FMG is less sensitive to strength compared with 

EMG. Patients suffering from upper limb dysfunction have different degrees of strength due to 

the different impairment level, and as we mentioned in the Discussion, “the quality of EMG 

signal is easily affected by the surface fat of the human body. The majority of stroke patients 

are elderly, with a lot of fat on their arms. In this case, the EMG signal from their forearms can 

be affected, and the FMG information can be used as compensation to increase the robustness 

of the system.” Thus, the multi-sensor fusion model is a good option to apply in an active, 

unassisted rehabilitation system or to be used in pattern-recognition-based orthoses or 

exoskeletons.  

We agree that we didn’t validate the performance of the proposed multi-sensor model in a real-

time way but instead validated the performance in offline and simulated real-time ways. 

However, to our best knowledge, this is the first time that an EMG-FMG combined (or EMG-

FMG-IMU combined) multi-sensor fusion model was applied on stroke patients with upper 

limb dysfunction. The different sensor configurations were analyzed offline and compared with 

each other. We agree that a real-time test is necessary to validate the performance of the model 

when it comes to HMIs. However, it should be validated through a classic, formal real-time 

test such as Motion Test instead of being validated by the results of serious games. Moreover, 

as you kindly mentioned, our research focused on proposing on a stroke rehabilitation system, 

and the real-time validation part is not our main goal. However, we think that the real-time test 

should be performed in the future study, and we updated the text in the Discussion as follows: 

“In addition, we’ll conduct a formal real-time experiment such as Motion Test and analyze the 

real-time accuracies of different algorithms and different sensor configurations to verify the 

real-time performance of the proposed multi-sensor fusion model on stroke patients.” 



In addition, we apologize for the unclear statements in the paper. One of the contributions of 

the paper is that we also designed and developed two new serious games which combined the 

motor function training and cognitive function training together. We’ve clarified in the 

Introduction as follows: “The purpose of this paper is to present a new rehabilitation system 

and newly developed serious games for motor function training.” We contacted lots of patients 

and clinicians before the game design and tried to understand their real needs. On one hand, 

patients felt bored during the daily conventional training, and most of them also felt very 

depressed because of the dysfunction of body. Providing the serious games can make them 

more involved and more enthusiastic about the training, and hopefully, the game can make 

them happier and improve their mental state. Also, the ADLs-related training is very important 

for them to restore abilities in daily life. Thus, we tried to make the serious games peaceful and 

attractive while also including the ADLs-related movements and creating a simulated life scene 

in the serious game “Best Salesman.” On the other hand, most patients’ attention and cognition 

had declined because of age (most of them were elderly people) and brain damage. Even 

patients who can reach the same level as healthy subjects in clinical-based cognitive function 

assessment such as MMSE claimed that their cognition—including concentration, memory, 

and reaction—were worse compared to before their stroke. Thus, we included the cognition 

training in the serious game to train users’ concentration and memory so that users could 

perform motor function and cognitive function training together. 

In addition, we did set up progressive levels of difficulty. Sorry for not making this clear. For 

each trial of the “Poker Game” experiment, one switch per round was used at the start for six 

rounds, and then two switches per round were applied which means the level of difficulty was 

higher. However, we didn’t change difficulty levels between different trials. In addition, the 

moving speed of the cards wasn’t increased over the repetitions during the experiment. We 

have that option of setting up different speeds, but we didn’t use that in the experiment. To 

make it clearer, we updated the text in Methods D (changed to E already) as follows: “Although 

the moving speed of the cards was set to be the same throughout this experiment, users have 

the option to set the moving speed according to their ability in daily use.”  

We agreed that studying the improvement of patients’ learning or their function over time is 

very meaningful. It’s very meaningful to focus on the performance of the patients while they 

play the proposed serious games. We added the performance of the patients by showing their 

average scores for each trial. New figures and new text have been added in the manuscript to 

clarify. We added text in Methods – Statistical Analysis as follows: “The average scores of all 

the subjects for each trial in the serious games ‘Find the Sheep’ and ‘Best Salesman’ were 

calculated and analyzed to show the performance of the patients while playing serious games.” 

We also added new text and a new figure in the Results as follows: “The average scores across 

all the subjects for each trial in the serious game ‘Find the Sheep’ were 5.6, 4.9, 5.8, 5, and 5.3 

(Fig. 10). In addition, the average scores of each trial in the serious game ‘Best Salesman’ were 

11, 13.5, 11.5, 11.4, and 13.4 (Fig. 10).”  



 

Fig. 10. The average scores of all the subjects for each trial in the serious games “Find the Sheep” and 

“Best Salesman.” 

 

However, we didn’t see an obvious improvement in scores over time while they played the 

game. We assumed the main reason is the games were difficult for the subjects. Most subjects 

were elderly people and suffered from brain injuries, which could have made their learning 

curve pretty long. The test was limited to only 5 trials per game, which is not enough for 

patients to learn. We updated the text in the Discussion as follows: “In addition, when subjects 

were playing the game, there was not an obvious improvement in scores over time. We assumed 

the main reason is the games were difficult for the subjects. Most subjects were elderly people 

and suffered from brain injuries, so their learning curve may be relatively long. The serious 

games’ settings need to be further considered in the future research.” 

We also think conducting a long-term, randomized control trial on stroke patients is necessary 

for validating if using the proposed system can improve the motor function and cognitive 

function of stroke patients over time, and it is also necessary to compare the effectiveness of 

the proposed system with conventional therapies. We’ve updated the text in the Discussion as 

follows: “In future work, a long-term, randomized control trial involving stroke patients with 

upper limb dysfunction should be conducted to validate whether doing training with the 

proposed system can improve the upper limb motor function and cognitive function of stroke 

patients. Also, the effectiveness of the proposed system should be compared with conventional 

therapies.” 

 

2. Still, when considering the offline and pseudo-online analysis, there is certain level of 

confusion in the way that results have been presented and analyzed. Initially, the way that the 

manuscript is organized and written it is hard to understand what protocol was used for 

training the system and which exact control approach was implemented in the end. It still 

eludes me why was analysis done on different number of classes and which exact inputs were 

used in the games as it seems that there are different class reductions ("clusterings") taking 

place across different evaluation scenarios. Also, the data across these scenarios have been 

treated differently with variable sections of motions being removed or included based on rather 

weak and seemingly arbitrary justifications (reaction times and signal disturbances don't seem 

to coincide with any of the previously well-established protocols and the provided justification 

are not based up on any sources). 

 



Sorry for the unclear statement in the manuscript. We agree that the organization and wording 

of the manuscript leads to a certain level of confusion. To make the manuscript easier to 

understand, we put Methods – Testing Protocol before Methods – Serious Game according to 

the great suggestion proposed by the other reviewer. Also, we added and updated a large 

amount of text in the manuscript to make it clearer. 

For the offline analysis, the classification of 12 movements was performed. The protocol for 

offline analysis was updated in Methods – Statistical Analysis as follows: “To validate the 

efficiency and accuracy of the proposed classification algorithm, the average accuracy of the 

LDA-based 12 movement classification was calculated. Five trials in the training phase were 

used to perform an offline test, using leave-one-out cross-validation. Training data and test data 

for offline testing were both taken from the 2 to 5.5 second.”  

For the method that was actually used, the first 2 seconds and the last 0.5 second of each 

movement of the data collected from the training phase were removed, and then, these data 

were used to train classification models for serious games. When patients played the serious 

games, the classification model started to predict patients’ movements after 1 second of each 

round. To explain what protocol was used for training the system and what protocol was used 

in the game phase, we updated the text in the first paragraph of Methods - Serious Game as 

follows: “Two serious games (Fig. 4) were newly developed based on movement estimation. 

The first 2 seconds and the last 0.5 seconds of data collected from the training phase were 

removed and the rest of the data were used to train models for the serious games.” We also 

updated the text in the last paragraph of Methods - Serious Game as follows: “We assumed 1 

second would be enough for patients to react and perform the corresponding movement. 

Therefore, at the end of each round, when the cards in ‘Find the Sheep’ stopped moving and 

the products in ‘Best Salesman’ were shown, the game waited 1 second before collecting input 

from the patients. In addition, only the predictions from the first ten windows starting from the 

1st second were used. The most predicted movement was then regarded as the patient’s actual 

movement and sent to the game. The comprehensive results of ten windows were acceptable 

in real-time use and stable in prediction.” To explain the game phase protocol and grouping 

details, we updated the text in the second paragraph of Methods - Serious Game as follows: 

“The 12 movements are divided into 4 groups for ‘Find the Sheep,’ which are displayed in 

different game rounds (Supplementary File II. Grouping of the different movements). Many of 

the movements we selected are similar, such as the spherical grasp and the cylinder grasp. By 

dividing the movements into several groups, the real-time recognition accuracy of the system 

is improved. During the game, the system loads the classification model trained for the current 

movement group. The game has multiple difficulty levels. The higher the difficulty level, the 

more times the cards will be rearranged. Although the moving speed of cards was set to be the 

same throughout this experiment, users have the option to set the moving speed according to 

their ability in daily use.”  

In addition, the serious game “Best Salesman” was designed to train patients’ ADLs, so that 

movements which can be related to grasping different shaped objects(food) were chosen. For 

example, Hooklike Grasp (HG) can be connected to grasping a cup with a handle. And only 

the seven movements were related in the game. We wanted the hand gestures to be intuitive 

for patients just like the movements they normally do in daily activities instead of just 

remembering the connection between movements and objects. Therefore, only seven 



movements which are easy to relate to objects were chosen. To make the protocol clearer and 

explain why we reduced the movements and used a different grouping method in the serious 

game “Best Salesman,” we updated the text in the third paragraph of Methods - Serious Game 

as follows: “Only seven ADLs-related movements which can be easily connected to objects 

were selected in “Best Salesman,” so that patients can intuitively know what hand gesture they 

should do when they see the object pictures just like they normally do in daily activities. Like 

the “Find the Sheep” game, different movements are divided into groups to increase the 

accuracy of the classification model for “Best Salesman” (Supplementary File II. Grouping of 

the different movements).” 

 

3. Moreover, the manuscript goes on introducing results of different classifiers without really 

introducing them or justifying why they (and these in particular) have been considered in the 

first place. Finally, the statistical analysis seems to be arbitrary as the statistical tests have 

also not been introduced or their choice justified (we just get to know the value of the 

significance threshold). And the analysis is further difficult to judge as all reported results do 

not really show the spread or any other properties of the data samples. Given all these, it is 

very difficult to understand and apricate the potential of the work, even if just user-free analysis 

is considered. 

 

We agree that we didn’t really introduce the different classifiers we used in this study. We 

didn’t introduce why they were chosen in the first place due to the page limitation, but we think 

your comments make a good point. Thus, we introduce the algorithms we used by updating the 

text in Methods - Classification Algorithm as follows, “In previous research, decision tree (DT) 

[14], k-nearest neighbor (KNN) [15], random forest (RF) [16], and support vector machine 

(SVM) [17] were also used for stroke rehabilitation. Apart from LDA, these four algorithms 

were also tested for movement classification in the study.”  

As for the statistical analysis, we’re sorry that we did not include sufficient information about 

it. To clarify, we updated the text in Methods – Statistical Analysis as follows: “One-way 

analysis of variance (ANOVA) was conducted to assess if there were differences between using 

different sensor configurations, different algorithms and different cutoffs. If there was a 

difference, LSD procedure was used for post hoc analysis. The statistical significance was set 

to p<0.05.” We also updated the text in the Results to clarify as follows: “The average offline 

classification accuracies of applying DT, KNN, RF, and SVM were 62.7%, 72.9%, 78.4%, and 

80.9%, which were lower than LDA’s 81.0% accuracy. However, LDA only had significant 

difference with DT and KNN (p<0.05).” 

 

The work is motivated by the clinical need and is framed in a way so that it promotes system's 

usability and translation in the real word. However, this is somewhat impeded by the choice of 

target motions and the control system. Namely, the target gestures are neither strictly there for 

the sake of promoting dexterity (in that case there are different joint actions that have been left 

out and concurrent actions are missing) or to prioritize ADL relevant actions (no tripod pinch 

or other gestures which are predominate in handling daily objects [3]). As there are no 

combined motions, both the concept of dexterity and ADL is further diminished, and 

simultaneous fluent motions are indeed one of the indicators of improvement in clinical 



rehabilitation. This is not only affected by the motion selection, but also the choice of the 

control system. Classification explicitly aims at single action identification and control, which 

might be suitable for an HMI and early functional restoration but is a limiting factor. It is 

indeed possible to classify multi-DoF actions, but that is a very challenging procedure, and 

even here it has been indicated (though not really elaborated or extensively analyzed) that 

class reduction is necessary in order to maintain a level of system usability. 

 

Thank you very much! We are inspired a lot from this comment. We think ADLs-related 

training is very important for patients regaining their abilities in daily life. As you said, our 

research was motivated by the clinical need, and we agree that the proposed system didn’t 

perfectly restore a scene that is the same as the real environment. In this study, we only focused 

on the fine movements of the hands and wrists and did not include combined movements that 

are closer to ADLs. As you said, multi-degree-of-freedom action selection is very necessary, 

and we also mentioned this in the Discussion as follows: “During testing, patients were asked 

to drop their hands naturally on both sides of the body to perform the corresponding movements. 

In order to make the system more practical, the experiment could be carried out in a semi-

natural or total-natural environment in which patients could perform natural ADLs-related 

movements, such as drinking water, and a more practical model could be developed.” We 

didn’t include multi-DOF movements in this study because of the difficulty, just as you 

mentioned. Studies including healthy subjects and amputees proved that the accuracy of EMG-

based hand gesture recognition can be negatively influenced a lot by arm position variation, 

and we think the accuracy also can be pretty low when applied to stroke patients with upper 

limb dysfunction. The main goal of this research was to study the effectiveness of the EMG-

FMG-IMU multi-sensor model on hand gesture recognition for stroke patients. Therefore, we 

only included single-DOF hand gestures in this study. In fact, we have been doing research 

about what you suggested. We have been studying the performance of different sensor and 

algorithm configurations against arm position variation and developed a natural-movement 

recognition-based rehabilitation system for more ADLs-related movement training.  

In addition, we agree that we only included ADL-s related hand gestures from a clinical scale 

(FMA) and did not include other commonly used gestures, such as the tripod pinch as you 

mentioned. We will add this in the Discussion and list this as one of our limitations. In our 

future research, we will include more gestures that are highly related to ADLs.  

At the same time, as you said, it is very necessary to reduce the types of gestures to improve 

the accuracy of recognition in future research and practical applications. This is why we have 

divided the twelve gestures into different groups in the games to improve the stability of the 

system and the user's gaming experience. We will also discuss this in the Discussion part of 

the manuscript.  

To clarify, we updated the text in the Discussion as follows: “In addition, we only included 

single hand gestures, and multi-DOF concurrent movements were missing. Users were asked 

to drop their hands naturally on both sides of the body to perform the corresponding hand 

gestures, which didn’t restore the ADLs completely. In order to make the system more practical, 

the experiment could be carried out in a semi-natural or total-natural environment in which 

patients could perform natural ADLs-related movements, such as drinking water, and a more 

practical model could be developed. Also, more ADLs-related hand gestures should be 



considered in future work, such as a tripod pinch [18].” We also added text in the Discussion 

as follows: “In addition, it is necessary to consider reducing the number of gestures to improve 

the accuracy of recognition and performance of the system in future research and commercial 

product development.” 

 

4. The questioner given to the users seems to be rather unstructured and not really designed to 

provide any quantifiable reports which unfortunately diminishes its usability. It would have 

been much more informative if the questioner was to provide a scale of answers that could then 

be analyzed as the open-ended questions on such a limited patient population is open for free 

interpretation to an extent where the merits of the analysis are minimal. Especially when 

considered that the discussion goes on heavily relying on discrimination between the levels of 

claims across the subjects. Moreover, the discussion makes further claims about the 

performance and impact of the work that are not really deductible from the results and 

approaches presented in the work. At the same time, the comparisons made in the discussion 

with other works seem sometimes detached and open for debate as the exact contributions of 

this work are vague or over interpreted. In addition to sparsely and distributed explanation of 

the control system design, the manuscript fails to report details of the signal conditioning 

procedures across the acquisition modalities and at the output of the control system. 

 

Thanks for the comments. The questionnaire was designed to assess users’ subjective feelings 

about the proposed system, however, we agree that a more structured questionnaire would 

increase the usability of the report. We have thus added this as a potential limitation in the 

Discussion as follows: “Also, the questionnaire in the study was unstructured which is a 

potential limitation. A more structured questionnaire should be considered in the future work 

to strengthen these preliminary findings.” 

Also, we agree that our Discussion makes further claims about the performance and impact of 

the work. Therefore, we deleted “The EMG-based recognition strategies are usually 

hyposensitive to low-strength gestures, and the strain signals are more sensitive to low strength 

gestures [19]. In addition, the quality of EMG signal is easily affected by the surface fat of 

human body. The majority of stroke patients are elderly, with a lot of fat on their arms. In this 

case, the EMG signal of their forearm can be affected.” We also deleted the following from the 

Discussion: “were longer than we anticipated. In order to improve the accuracy of real-time 

classification and the practicability of the system, we will apply a new cutoff time for real-time 

classification in future research (e.g. Cutoff 1 and Cutoff 2 in supplementary file VII. 

supplementary TABLE 2 and Supplementary figure 2). In addition, we used four trials of data 

for training in the simulation, which is different from the 5 trials of training data in the actual 

real-time classification, so the actual real-time classification accuracy may be slightly higher 

than the simulation results, which also should be further explored in future research.” 

We did not apply any conditioning to the signals. We did try to use 20-500 Hz bandpass filter 

and 50 Hz comb filter on the EMG raw signal, but the EMG-based classification accuracy 

obtained was 69.3%, which is close to not using any filters: 69.6%.  

 

5. The manuscript (starting from the title) indicates the wearable sleeve solution which for me 

would include a multi-sensor garment that comes as a single piece that is to don and doff. 



Unfortunately, the demonstrated solution is far from it, and in fact is just another custom (and 

not even fully as it relies on an established EMG acquisition system) laboratory setup patched 

together with straps and double adhesives. Hence, this system could at best qualify with other 

multi-sensory approaches further decreasing the contribution of the work. However, this 

should have been used as an opportunity to truly analyze the contribution of different 

modalities beyond the offline classification accuracies. Investigation into data and information 

capacity and the resilience to real-time disturbances would have been welcome. 

 

Thank you for these comments, and we agree that “Smart-sleeve” might give the wrong 

impression. The FMG sensor and IMU were integrated in a wristband which was a single piece. 

However, the EMG sensors were electrodes attached to the forearm. The multi-sensor garment 

that comes as a single piece that can be taken on and off, as you mentioned, was our goal. 

However, the model used in this study was only a prototype to validate its possibility. To clarify, 

we changed the title to “Wearable Multimodal - Serious Game System for Hand and Cognitive 

Rehabilitation after Stroke.” Also, we updated the whole manuscript and changed “smart sleeve” 

to “wearable multimodal-based system.” 

We were inspired a lot from your comments, and we did more investigation and analyzed more 

data.  

First, we added the confusion matrixes of EMG-alone-based hand gesture classification and 

FMG-alone-based hand gesture classification to show the contribution of different sensors on 

different gestures. In addition, Pearson correlation coefficients (PCCs) between EMG-based 

offline accuracies, FMG-based offline accuracies, and EMG-FMG-IMU-based offline 

accuracies for all subjects were calculated to study the correlation between the performances 

of different physiological information-based movement recognition. For this part, we added 

text in Methods-H as follows: “Also, the confusion matrixes of EMG-alone-based hand gesture 

classification and FMG-alone-based hand gesture classification were created to show the 

contribution of different sensors on different gestures. In addition, Pearson correlation 

coefficients (PCCs) between EMG-based offline accuracies, FMG-based offline accuracies, 

and EMG-FMG-IMU-based offline accuracies for all subjects were calculated to study the 

correlation between the performances of different physiological information-based movement 

recognition.” We also added text in the Results as follows: “For both EMG-based and FMG-

based hand gesture classification (Fig. 7), the performances of recognition on some gestures 

were the same. For example, CG and SG were easily misclassified with each other in both 

models. However, when recognizing other gestures, different models performed differently. 

For example, MF was often mistakenly recognized as HG when the EMG-based model was 

applied, and MF was easily misrecognized as O when the FMG-based model was applied. 

There’s a correlation between classification accuracies of the EMG-based model and 

classification accuracies of the FMG-based model (r = 0.69, p<0.05) (Fig. 8), and there’s also 

a correlation between classification accuracies of the EMG-based model and classification 

accuracies of the EMG-FMG-IMU-based model (r = 0.73, p<0.05) (Fig. 8). There’s a high 

correlation (r = 0.94) between classification accuracies of the FMG-based model and 

classification accuracies of the EMG-FMG-IMU-based model (p<0.05) (Fig. 8).” Finally, we 

added text in the Discussion as follows: “The EMG-based model and FMG-based model 

showed different performances on gesture recognition, and the information from these two 



models can be used to compensate for each other to increase the robustness of the system. In 

addition, there’s a significant high correlation between subjects’ FMG-based hand gesture 

classification accuracies and their EMG-FMG-IMU-based hand gesture classification 

accuracies, which indicate FMG information has the most influence on the multi-sensor fusion 

model.” 

 

 

Fig. 7. Confusion matrixes for movement classification based on different sensor 

configurations. (a) Confusion matrix for EMG-based movement classification. (b) Confusion 

matrix for FMG-based movement classification. 

 

 

 

 

Fig. 8. The correlation of FMUE scores and different sensor configuration-based classification 

accuracies for all subjects.  

 

In addition, to analyze the correlation between subjects’ upper limb motor function and their 

different information-based hand gesture classification accuracies, PCCs between the FMUE 

scores of stroke patients and their offline accuracies of EMG-based, FMG-based, and EMG-

FMG-IMU-based hand gesture classification were calculated, respectively.  



We added text in Methods H as follows: “To analyze the correlation between subjects’ upper 

limb motor function and their different information-based hand gesture classification 

accuracies, PCCs between the FMUE scores of stroke patients and their offline accuracies of 

EMG-based, FMG-based, and EMG-FMG-IMU-based hand gesture classification were 

calculated, respectively.” We also added text in the Results as follows: “There’s a correlation 

(r=0.78) between FMUE and offline classification accuracies of the FMG-based model 

(p<0.05). However, there’s no significant correlation between FMUE and the offline 

classification accuracies of the EMG-based model (r = 0.61, p=0.065) or the EMG-FMG-IMU-

based model (r = 0.61, p=0.063), respectively (Fig. 8).” Finally, we added text in the Discussion 

to clarify as follows: “Results showed significant correlation between subjects’ upper limb 

motor function and the offline accuracies of FMG-based hand gesture recognition, which 

indicates wrist-tendon-slide-related information has the potential to be used to assess the upper 

limb motor function of stroke patients.” 

 

Also, the correlation between subjects’ performance in playing serious games and their motor 

function, cognitive function, and movement recognition accuracies were analyzed by 

calculating PCCs of patients’ average scores in two serious games and their FMUE, MMSE, 

and EMG-FMG-IMU-based hand gesture classification offline accuracies, respectively. 

Besides this, the correlation between subjects’ average scores in two serious games were 

analyzed by PCCs. The statistical significance for PCCs was set to p<0.05.  

We added text in the Methods as follows: “In addition, the correlation between subjects’ 

performance in playing serious games and their motor function, cognitive function, and 

movement recognition accuracies were analyzed by calculating PCCs of patients’ average 

scores in two serious games and their FMUE, MMSE, and EMG-FMG-IMU-based hand 

gesture classification offline accuracies, respectively. Besides this, the correlation between 

subjects’ average scores in two serious games were analyzed by PCCs. The statistical 

significance for PCCs was set to p<0.05.” We added text in the Results as follows: “There’s a 

correlation (r = 0.78) between subjects’ average scores of playing ‘Find the Sheep’ and patients’ 

average scores of playing ‘Best Salesman’ (p<0.05) (Fig. 9). However, there’s no correlation 

(r<0. 5) between scores of each serious game and MMSE, FMUE, and offline classification 

accuracies, respectively.” We also added text in the Discussion as follows: “Also, it's 

interesting that subjects showed consistency in two different serious games. However, the 

performances of patients in either game were not correlated to either their upper limb motor 

function, their cognitive function, or their hand gesture classification accuracy, which may 

indicate that the performance of patients in the game may be caused by a combination of 

multiple factors.” 



 

Fig. 9. The correlation between average scores of serious games “Find the Sheep” and “Best Salesman.” 

 

 

6. The current manuscript organization makes it challenging at times to follow and understand 

all the elements of the work. Furthermore, the language revisions are necessary as wordiness 

and colloquialisms are hindering the clear and concise communication. Finally, the work at 

times is not well referenced which undermines its credibility and, in combination with the 

previous, makes it difficult to distinguish assumptions from foundations. 

[1]        M. Ortiz-Catalan, F. Rouhani, R. Branemark, and B. Hakansson, "Offline accuracy: 

A potentially misleading metric in myoelectric pattern recognition for prosthetic control," in 

2015 37th Annual International Conference of the IEEE Engineering in Medicine and Biology 

Society (EMBC), Aug. 2015, vol. 2015-Novem, pp. 1140-1143, doi: 

10.1109/EMBC.2015.7318567. 

[2]        I. Vujaklija et al., "Translating Research on Myoelectric Control into Clinics—Are 

the Performance Assessment Methods Adequate?," Front. Neurorobot., vol. 11, no. February, 

pp. 1-7, Feb. 2017, doi: 10.3389/fnbot.2017.00007. 

[3]        M. Santello, M. Flanders, and J. F. Soechting, "Postural Hand Synergies for Tool 

Use," J. Neurosci., vol. 18, no. 23, pp. 10105-10115, 1998, Accessed: Feb. 21, 2018. [Online]. 

Available: http://www.jneurosci.org/content/jneuro/18/23/10105.full.pdf. 

 

 

Thanks for the comments and suggestions. We reorganized the manuscript and updated lots of 

content based on the two reviewers’ suggestions, and we apologize for the unclear language. 

We also revised based on a native speaker’s suggestions and hope it’s getting better. Finally, 

we referred to more work and added more citations as the two reviewers suggested.  
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