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Abstract of the dissertation 

 

Breaking the Routine: Understanding the Interplay of Control Synergies and Reinforcement 

Learning to Improve Motor Training and Recovery in Neurologic Conditions 

By 

Merav Rachel Senesh 

Doctor of Philosophy in Mechanical and Aerospace Engineering  

University of California, Irvine, 2021 

Professor David J. Reinkensmeyer, Chair  

Neurological conditions, such as stroke and Parkinson’s Disease are leading causes of chronic 

disability mainly due to the motor impairment. The current common solution for reducing motor 

impairment is to apply intensive movement practice, which is conducted by rehabilitation 

therapists. To aid patients and therapists in this goal, recent research efforts are focused on 

designing robotic devices and wearable sensors that help therapists promote optimal forms of 

practice without directly supervising training. However, it has been hypothesized that recovery 

may be limited when using these technologies because they encourage practice of ‘incorrect’ 

movements. Therefore, it is needed to further understand and characterize motor learning of 

‘correct’ movements, in order to design beneficial mechanical devices that promote the recovery 

of patients. This dissertation provides insight into the optimal conditions for machine-assisted 

movement motor training by first studying the kinematics of movement recovery patterns after 

stroke to identify what are the ‘correct’ movements needed to progress in recovery, and second, 

by studying sensor-based feedback for promoting the practice of the desired movements.   

We first revisited a well-known but controversial model of early movement recovery after 

stroke – the proportional recovery (PR) model. We utilized a mathematical and behavioral 

approach to examine the PR model and explain why a portion of stroke survivors do not follow 

the proposed proportional recovery model. Our results showed that individuals “stuck” in 
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abnormal control synergies (the “flexion” and “extension” arm synergies, defined by certain arm 

kinematics) recovered less than predicted by the proportional recovery model. Moreover, 

individuals who shifted from using abnormal control synergies to individuated joint control 

showed greater responsiveness to robot-assisted movement training.  

Next, we analyzed clinical assessments of 319 persons’ abilities to perform “out-of-

synergy” and “in-synergy” arm movements after chronic stroke using the Upper Extremity Fugl- 

Meyer (UEFM) scale. Our result showed that for some individuals with moderate impairment, 

rudimentary dexterity corresponded with reduced ability to move the arm in-synergy, i.e., there is 

a competition between the two types of movement. This result suggests that at least some 

individuals with a moderate impairment level may have not yet made the “switch” from practicing 

the in-synergy movement to more high-level control movements. In such cases, it would seem 

logical that rehabilitative movement training should focus on promoting those movements.  

Based on these finding we then analyzed the effectiveness of three different rehabilitation 

training types on “breaking out” of synergy by introducing a new analysis of the UEFM 

assessment. We found that diverse (88 different exercises) arm/hand training was better at 

promoting the transition and was characterized with an early “breakpoint” on the impairment scale.  

We then asked how can we design an effective sensor-based feedback strategy that 

promotes a desired switch between movement patterns? We elected to investigate the use of 

reinforcement feedback, a motor training strategy that, while straightforward to implement with 

technology and capable of improving learning retention, has been neglected in rehabilitation 

technology. We did so by first studying the proposed paradigm in the context of shaping dance 

performance. We chose dancers because they are movement experts, i.e., individuals who work 

intensively for many years in order to learn a variety of complex movement abilities. Therefore, 

we hypothesized that they would have high levels of control flexibility, allowing them to move 

away from their established movement patterns toward novel patterns, and that, by studying this 

flexibility, we could better understand how to promote such flexibility.   Surprisingly, the dancers 

found the proposed task to be difficult, and we found evidence of learning only in 14% of the 

motor practice sessions. The successful sessions were characterized by relatively low initial 

success rate, significantly more wrist than ankle movements in the initial period, and intermediate 

durations between successful movements. These findings provided guidance for how to make 

movement training with reinforcement feedback more effective.  
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Specifically, to better shape movements, we next developed an adaptive reinforcement 

feedback algorithm based on the concept of “hints”, which we implemented by initially presenting 

easier versions of the goal task, and then rewarding actions that progressively moved closer to the 

goal task. We tested this approach by comparing it with a conventional and fixed feedback 

approach with a group of college engineering students who played a novel computer game we 

developed based on the idea of dancing by moving a computer mouse. The adaptive algorithm 

caused a significantly higher initial success rate (as designed) but also caused a significantly higher 

final success rate therefore demonstrating a superior learning process. Moreover, there was a 

significant decrease in the reported frustration level for some objectives with adaptive 

reinforcement, although this effect was smaller than expected as frustration was more strongly 

associated with average success than initial success. Success in finding the target movement could 

not be predicted by initial success alone for the fixed feedback in this case. Surprisingly we also 

found that repeated exposure to reinforcement training promoted free movement diversity; a 

finding with implications related to the beneficial effect of diverse training with stroke patients 

mentioned before.  

The results of this dissertation set the ground for development of a novel class of movement 

training technologies for individuals with neurological conditions based on adaptive reinforcement 

feedback. For training of the arm after stroke, we envision an implementation using a wearable 

sensor and an “arm dance” paradigm in which the patient trains by moving the arm to music while 

receiving adaptive reinforcement feedback about movement individuation, speed, or smoothness. 

We believe that in this way we can better promote diverse but ‘correct’ movements, compared to 

existing robotic and wearable sensor training approaches.  Another possible application is in the 

context of physical therapy for individuals with Parkinson’s Disease, where the proposed training 

paradigm could be used to promote learning to make faster and bigger movements.   
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CHAPTER 1: Introduction 
 

Neurological conditions such as stroke and Parkinson’s Disease are two of the leading causes of 

chronic disability in the world, with individuals often experiencing some form of motor 

impairment. Intensive movement practice facilitated by robotic devices and wearable sensors can 

reduce motor impairment, but it is still unclear how to design these devices to promote optimal 

forms of practice.  

Rehabilitation therapists commonly caution that practice of the wrong types of movements will 

limit recovery. Yet it is unclear what constitutes wrong movement practice, how wrong 

movement practice limits recovery, and how a mechanical device can promote “correct” 

movement practice. This dissertation seeks to provide insight into optimal conditions for 

machine-assisted movement practice by studying the interplay of a known motor control 

structure – control synergies – and a common motor learning mechanism – reinforcement 

learning. We investigate this interplay by studying it in three contexts – after stroke, in dance 

learning, and in motor training using a computer game.  

 

1.1 Stroke 

 

Stroke is the fourth leading cause of death according to the World Health Organization 2019 

report1  and one of the three leading causes of disability-adjusted life-years (DALYs) worldwide 

with reported DALYs of 116445.1 years in 2016.2 Due to the limited acute treatment options 

after stroke (because of the short treatment window), the majority of patients present some 

paresis and limited function, most often of the upper limb and hand.3–6  

When a stroke occurs, there is often damage to the motor cortex and its descending pathways. It 

is widely accepted that the primary motor cortex (M1), the secondary motor cortex (SMA) and 

its descending corticospinal tract (CST) play a major role in the hand motor control .7–10  

However, the CST is not the exclusive route to spinal motoneurons; instead there are several 

indirect routes, which could mediate the cortical command to the hand and the arm. One of the 

indirect routes is the cortico-reticulospinal tract (CRST). The reticulospinal tract (RST) 

originates from the medial pontine-medullary reticular formation (Figure 1. Source : Li et al7). 
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The RST has a role in posture and locomotion control, superimposing required modifications to 

accommodate uneven terrain.11 Additionally, it was shown in monkeys and humans that the RST 

can support bilateral coordination of the upper extremity12 including the finger muscles.13,14 It is 

largely accepted that plasticity in the ipsilesional (same side of the lesion) primary motor cortex 

primarily contributes to recovery of motor function after stroke, while the role of the 

contralesional (half of a patient's brain or body away from the site of a lesion) primary motor 

cortex and the connected descending pathways (CRST) are not completely understood and 

depends on the motor impairment .14–17 Because the mechanism underlying motor recovery 

after stroke is still not fully understood, the clinical ability to accelerate recovery is still 

challenging.  

 

Figure 1: A unifying pathophysiological account for post-stroke motor control, source: Li et al7. 

When damage occurs to the corticospial tract (CST) and CRST after stroke on one hemisphere (red 

asterisk), their output signals diminish. Subsequently, the medial CRST of the contralesional hemisphere 
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becomes unopposed, upregulated gradually, and hyperexcitable. 

 

 

A recent model of upper extremity movement recovery after stroke, the proportional recovery 

(PR) model, suggests that most people (the so-called “fitters” whose impairment change over the 

first 6 months fit the model) with hemiparesis after stroke appear to recover 70% to 80% of the 

difference between their baseline and the maximum impairment score with no dependence on 

rehabilitation (equation 1).  

∆𝑆 𝑚 𝑇 𝑆  (1) 

Where  ∆𝑆 is the mean change in impairment score for all subjects with a baseline score of 𝑆 ,  

𝑇 is the maximum score, and 𝑚 0.7 0.8 is the slope. This model was first introduced by 

Prabhakaran at el18 in 2008 in the context of upper extremity movement using the Fugl-Meyer 

scale.  

The Fugl-Meyer scale is the most commonly used outcome measure for the assessment of 

recovery after stroke.19 The Fugl-Myer (FMA) test20 was developed in the 1970’s as a measure 

of sensorimotor impairment after stroke based on the work of Twitchell21 and Brunnstrom22, 

assuming that recovery after stroke follows a determined sequence. The FMA is divided into five 

domains: Motor function (Upper Extremity (FMUE) – 33 items, Lower Extremity (FMLE) – 17 

items), Sensory function (12 items), Balance (7 items), Joint range of motion (22 items) and Joint 

pain (22 items). Each item is scored on a 3-point ordinal scale (2 points for the item being 

performed completely, 1 point for the item being performed partially, and 0 for the item not 

being performed). The FMUE includes items dealing with the shoulder, elbow, forearm, wrist, 

and hand and examine volitional movement within synergies (activation of a group of muscles to 

contribute to a particular movement23) , movement combining synergies, and out-of-synergy 

movements (individual joint control). The FMUE was proven to have both high validity and high 

inter-rater and test-retest reliability.24–28  

The PR model was later presented using measures of the lower limb impairment, visuospatial 

neglect and aphasia in humans, as well as success at reaching pellets in a rodent stroke model 
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(Table 1), leading to the possibility that it reflects a fundamental biological mechanism of 

recovery. 

Table 1: Summary of studies reporting PR after stroke.  

FM = Fugl-Meyer, UE = Upper Extremity, LE = Lower Extremity, LCT = Line cancellation task. WAB = 

Western Aphasia Battery, GABS = General Bedside Aphasia Score, mos = months, wks = weeks 

Study Scale 
Item 

score 
Baseline 

Follow-

up 
N 

Slope 

of PR 
R2 

Non-

Fitters 

[%] 

Winters et al.29  UEFM 0/1/2 <72 hr 6 mos 211 0.9 0.94 30% 

Prabhakaran et 

al.18 
UEFM 0/1/2 <72hr 

3 or 6 

mos 
41 0.69 0.89 17% 

Byblow et al.30 UEFM 0/1/2 2wks 

26wks 

12wks 

6wks 

48 

0.68 

0.51 

0.41 

0.87 

0.76 

0.68 

 

19% 

Winters et al.31  LCT 0/1 14days 6mos 90 
0.97 

0.81 

0.78 

0.85 
11% 

Guggisberg et al.32 UEFM 0/1/2 2-4 wks 3mos 63 0.7 0.7 51% 

Smith et al.33  LEFM 0/1/2 <72 hr 3mos 32 0.74 0.93 No 

Veerbeek et al.34 LEFM 0/1/2 <72 hr 6mos 202 0.64 0.77 13% 

Lazar et al.35  WAB 0/1 <72 hr 90days 21 0.73 0.76 No 

Marchi et al.36 
LCT 

GBAS 

0/1 

0/1 
3 wk 3mos 49 

0.71 

0.71 

0.76 

0.94 
18% 

Corbett et al.37 

Skilled 

pellet 

reaching 

task 

0/1 <1 wk 
3-10 

wks 
593 0.66 0.5 62% 
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Recent work by Hawe et al.38 and Hope et al.39 showed that a PR-like relationship  arises even if 

outcomes are unpredictable and recovery is random. Mathematical coupling between ∆𝑆 and 𝑆  

(since ∆𝑆 𝑚 𝑇 𝑆 ), high variability of 𝑆  compared to 𝑆 , and ceiling effects all contribute 

to the PR model.  However, if this linear correlation is a result of mathematical coupling 

then why does PR not arise for a certain subset of stroke patients – the so-called “non-

fitters”? Byblow et al. 30 and Stinear et al.40 suggested that individuals who at baseline 

evaluation, i.e. 72 hours post-stroke,  did not have a motor evoked potential (MEP) response 

were highly likely to be the non-fitters.  But the common behavioral characteristics of the 

“non-fitters” and their response to rehabilitation remain an open question.  

 

Another clinical challenge is the inter-subject large variability observed in response to 

rehabilitation after stroke. Preclinical and clinical results indicate that rehabilitation therapies 

after stroke are generally not a “one size fits all “.41–44  The large variability often seen in results 

of rehabilitation studies (for example see Figure 2. source: Klamroth-Marganska et al.45) leads to 

unclear contradicting conclusions.46,47 Understanding this variability and identifying target 

population treatments holds the potential of increasing rehabilitation benefits and reducing 

health costs.   

 
Figure 2: Changes in FMA-UE scores for robotic and conventional therapy reported by Klamroth-Marganska et 

al.45  

Average ± standard deviation is plotted for each time point. 
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1.2 Dance learning and augmented feedback 

 

Dance, a complex organized pattern of movement usually with rhythmic and/or other people 

synchronization, provides a promising context for research of motor control and motor learning. 

When people dance, they must not only deal with a great number of degrees of freedom coming 

from manipulating many joints, muscles, and feasible movement directions, but also synchronize 

each movement with continually changing external information. Adding augmented feedback 

cues like vibrotactile feedback signals and investigating the change in the dance movements has 

the potential to yield new insights into the motor control system. Moreover, comparing the 

performance of dancers and nondancers on different tasks would directly contribute to 

developing effective training methods for naiver users. 

The term augmented feedback refers to additional information given by an external source, 

which can be a human expert or technical display (i.e., screen/ headphone or speaker/ haptic: 

robot or vibrotactile actuators). Feedback can be provided either during motor task execution 

(concurrent feedback) or after the task has being completed (terminal feedback). The 

effectiveness of each approach is a function of the functional task complexity and the feedback 

media display.48   

In this work we first focus on haptic feedback. Haptic interaction was shown to play an 

important role in the development and motor learning of infants, who use their hands and mouth 

as primary organizers and exploration instruments without visual control.49,50 Thus, it seems only 

natural to investigate the effectiveness of haptic feedback in motor learning in different complex 

motor tasks and different target populations. Haptic feedback can be provided both in the form of 

tactile feedback or kinesthetic perception. In the context of motor learning vibrotactile feedback, 

a signal is generated by an actuator that applies vibrational stimuli to the skin. The vibrational 

stimuli are guided by information on the acceleration/position of an extremity. Kinesthetic 

perception refers to receptors in muscles and tendons which allows an individual to feel the 

position of the body. The development of wearable technology created a platform to investigate 

the effectiveness of vibrotactile feedback during natural activity with minimum disruption and 

minimal latency.  
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Several studies have investigated the effectiveness of vibrotactile feedback during complex 

training. Eid et al.51 investigated the use of vibrotactile feedback for energy optimization during 

treadmill running. The control system read physiological data (heart rate and feet movement 

forces) to determine the intensity of training and provide feedback via the leg band device on 

whether to increase, decrease, or maintain the same training intensity. The actuation circuit was 

composed of five vibrotactile motors that were arranged vertically and actuated in a sequence 

(upward indicating that the user should increase intensity and downward when the user should 

decrease exercise intensity) to provide concurrent feedback. The vibrotactile feedback was 

compared with respect to control (no-feedback) and visual feedback (Nike Sportband watch) and 

was tested on 10 subjects. It was demonstrated that subjects who trained with the vibrotactile 

feedback improved their performance, recovered quickly from exercise and burned the desired 

calories in an optimal way (the intensity of the exercise was kept between 70 – 75%). It was also 

reported that whenever the subjects received a vibration signal, they slightly changed their step 

size and breath to become more efficient, and this change was bigger than when using the visual 

feedback system. Moreover, there were more fluctuations when the exercise was regulated using 

the visual feedback system since this form of feedback is not continuous (the subject cannot 

constantly look at the screen while running). Lieberman at el.52 developed and tested a wearable 

vibrotactile feedback suit which provided concurrent tactile feedback simultaneously over all 

joints based on the joint angles and the difference between expert movements and the user 

movements. The vibration signal was proportional to the joint error, i.e., when the user’s body is 

in the right position the feedback was zero. The system was composed of optical tracking, tactile 

actuators, feedback software and hardware. The system was tested on 40 subjects and on 5 

degree of freedom arm movement. Twenty subjects received visual feedback and the other 

twenty received visual and vibrotactile feedback combined. Results showed significant 

improvements in accuracy (p≤0.01, 27%) and 23% acceleration in learning rate for the combined 

feedback group. 

Similar results were shown with other types of movements  like  rowing53, snowboarding54, 

karate55, dance training56 and musical instrument education57, as well as in studies involving 

subjects with some neurological damage such as rehabilitation after stroke58,59 , balance in 

vestibulopathy60 and gait training for people with Parkinson disease.61 
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Although the use of haptic feedback has some advantages over the use of visual feedback during 

motor training (e.g., does not require specific head position or eye focus), due to the 2020 world 

pandemic we changed our experiment platform and switched to a remote computer game with 

visual feedback. Previously, the use of computer games combining with visual feedback as a 

teaching platform was investigated. Pany and Kay62 investigated the use of a computer game to 

improve pitch-matching ability in singing. During each trial, the player singing contour and the 

song’s melody were presented in real time. Players received a feedback based on how close their 

singing to the actual pitched in the song (i.e., their pitch-matching ability). The total score was a 

number between 0 to 100 and represented the percentage of correct sung pitches.  Students who 

played the game 1-5 times during the school year (n=967) had a significantly higher performance 

on the posttest than the students who did not used the program (n=218) and the students who 

used it more than 5 times (n=622). Yunusova et al.63 demonstrated the effectiveness of game-

based visual feedback for speech treatment in Parkinson’s disease. During training subjects 

received visual feedback based on their tongue movement amplitude in the form of a fire 

breathing dragon (longer range for higher amplitudes) or catching fish (larger net for higher 

amplitudes).  Eight of nine participants benefited from training, increasing their tongue 

amplitude as compared with the baseline. Similar results for gesture learning using error based 

visual feedback during a video game were presented by Schwaller et al.64 These results support 

the feasibility of using game-based visual feedback for motor training.  

Motor learning paradigms can be placed along a continuum, based on the guidance provided 

with supervised learning and unsupervised/reinforcement learning on the opposite ends. 

Supervised feedback/error based feedback is usually in the form of a quantifiable error that can 

immediately be interpreted with respect to the desired target. The comparison between the actual 

sensory feedback arriving to the cerebellum from the ascending afferent pathways and the 

expected sensory feedback arriving to the cerebellum from the descending pathways at the same 

time creates the prediction-error. When this error is large, it is used to recalibrate the movement 

model. These error signals are typically used to adapt to changes in the environment, for example 

an over-inflated versus a normal ball or a heavy bowling ball versus a light one. This type of 

feedback is mostly used in current robotic and home-based rehabilitation. 65–69  On the other 

hand, unsupervised feedback/reinforcement feedback is when a series of sensory inputs is 

mapped onto a series of outputs without any formal model.70 An action (or a sequence of small 
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actions) leads to either a success (reward), or a failure (no reward, and in some paradigms can be 

a punishment). Unlike in the case of supervised feedback, the feedback signal does not give 

information about what should be the “correct” output (i.e., the correct movement), so the learner 

needs to make a change in case of a failure, but it is often not clear how or what to change. 

Another difference is that in reinforcement learning the feedback is given at the end of the 

movement and as a result it might be delayed from where the error/s occurred. Therefore, the 

learner needs to decide when the movement got off the desired track and how it needs to be 

corrected (the “credit assignment” problem71). The learning process is composed of two 

important phases: exploration and exploitation. During the exploration phase, the learner 

explores and discovers new movements based on his/her reward prediction and attempts to come 

closer to the desired target. This process results in a temporary reduction in performance, since 

the learner needs to leave “local success” in order to find the “global success”. The exploitation 

phase is when the learner selects the movements he/she believes give the most reward and then 

practices that movement. Balancing exploration and exploitation is very important; for small 

exploration the learner may find a “good target”, but there may be a better one that will never be 

found. On the other hand, if the learner explores too much, he/she cannot stick to a path and will 

not be able to benefit (i.e., exploit).  

The early exploration phase is characterized by having unexpected rewards that lead to a large 

positive reward-prediction error. This helps consolidate successful behaviors and may explain 

the typical rapid improvements seen in early practice. Small prediction error usually occurs when 

the performance is close to the desired target and can explain the relatively slow improvements 

seen in late practice. Therefore, in order to facilitate learning, the reward-prediction error should 

be maximized in the early stages of practice, meaning the success or failure should not be too 

predictable or too infrequent. 

Two critical concerns regarded augmented feedback training are retention and transfer. Retention 

refers to whether the subject can perform the task after the feedback was removed and for how 

long the learned skilled will last. Transfer can be defined as how much of the learned 

movement/skill can be applied in a different context, for example treadmill versus over-ground. 

Table 2 presents results from several motor leaning trials (7 supervised and 6 reinforcement), 

generally showing that a reinforcement learning paradigm (with positive reward) provides better 
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retention than supervised guidance for both healthy subjects and those with some neurological 

damage. We hypothesize that switching from a supervised rehabilitation paradigm to 

reinforcement learning during the training of complex movements, encouraging controlled 

self-guided exploration with effective success-failure balance, may result in better retention 

and may facilitate transfer of learned skill / adaptation to other contexts.    
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Table 2: Supervised (7) and reinforcement (6) motor learning trials 

reference year Task Population (#) 
Feedback 

display 

Supervised / 

Reinforcement 

Amount of 

training 

Immediate 

retention 

Over-night 

retention 
Transfer 

Morris et 

al.72 

1996 Gait – stride 

length 

Subjects with 

Parkinson's 

disease (54) 

Visual Supervised 20 minutes Up to 2 hours 

without 

secondary task 

(two gait trials 

every 15 

minutes) 

No info Only tested in lab 

 Yen et 

al.73 

2011 Gait – stride 

length, swing 

time, stance 

time 

Subjects with 

spinal cord 

injury (10) 

Haptic 

(force field) 

Supervised Minutes 

(~250 

strides) 

Immediate 

retention (2 

minutes 

walking) was 

shown for stride 

length  

No retention 

after 2 weeks 

(was not tested 

for shorter 

period) 

Immediate transfer 

of stride length and 

speed to over 

ground  

Marchal-

Crespo et 

al.68 

2010 Wheelchair 

trainer 

Non-disabled 

children (22) 

Haptic 

(force)  

Supervised 7.5 Minutes  50 seconds test- 

Significant 

smaller error 

after than 

control group 

(no feedback) 

Not tested Only tested in lab 
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reference year Task Population (#) 
Feedback 

display 

Supervised / 

Reinforcement 

Amount of 

training 

Immediate 

retention 

Over-night 

retention 
Transfer 

Frikha et 

al.74 

2019 Gymnastic 

parallel bar 

task 

Physical 

education 

students (48) 

Verbal/ 

haptic 

(physical 

guidance- 

tactile 

prompts)/  

combined 

verbal+ 

haptic 

Supervised 2 sessions, 

each 90 

minutes, 

performed on 

two days.  

Was not 

evaluated 

2 days later: 

the combined 

feedback mode 

group maintain 

the training 

outcome 

improvement 

Not tested 

Aoyagi et 

al.75 

2019 Adjust the 

isometric 

strength  

Healthy adults 

(46) 

100%,50% 

faded 

knowledge 

of result 

(verbal) 

Supervised 20 trails a 

day for 4 

days 

The faded 

feedback and 

50% feedback 

groups maintain 

a significant 

improvement 

when feedback 

was removed 

Only the faded 

feedback group 

maintained a 

significant 

improvement 

for 1 week. At 

2 week there 

was no 

different with 

respect to 

baseline 

Not tested 
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reference year Task Population (#) 
Feedback 

display 

Supervised / 

Reinforcement 

Amount of 

training 

Immediate 

retention 

Over-night 

retention 
Transfer 

Hasson et 

al.76 

2015 Gait – new 

gait pattern 

on treadmill 

Healthy young 

adults (16)  

Visual 

feedback 

(monitor)  

Supervised  10 minutes (1 minute) 

Maintain new 

gait pattern 

No retention 

over night 

Immediate and 

overnight transfer to 

over ground   

Healthy young 

adults (16) 

Reinforcement   Maintain new 

gait pattern 

Retain new get 

pattern over 

night 

Immediate and 

overnight transfer to 

over ground  

 

Therrien et 

al.77 

2016 Reaching 

task with 

visuomotor 

rotation  

Healthy young 

adults (60) 

Visual 

cursor 

location 

throughout 

the task 

Supervised 320 trials 

(spread on 

two days) 

First 40 trials 

(out of 100) all 

group maintain 

the learned task 

Last 40 trials 

(out of 100) 

significant 

decay in 

performance  

Not tested 

Visual 

binary 

feedback 

(success or 

failure) 

Open-loop 

reinforcement 

Last 40 trials 

(out of 100) 

maintain the 

learned task 

Closed-loop 

reinforcement  

 Subjects with 

cerebellar 

degeneration 

(12)  

Visual 

cursor 

location 

throughout 

the task 

Supervised First 40 trials 

(out of 100) all 

group maintain 

the learned task 

Last 40 trials 

(out of 100) 

significant 

decay in 

performance 
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reference year Task Population (#) 
Feedback 

display 

Supervised / 

Reinforcement 

Amount of 

training 

Immediate 

retention 

Over-night 

retention 
Transfer 

 Visual 

binary 

feedback 

(success or 

failure) 

Closed-loop 

reinforcement  

Last 40 trials 

(out of 100) 

maintain the 

learned task 

 Age matched 

(old) healthy 

adults (12) 

Visual 

cursor 

location 

throughout 

the task 

Supervised Last 40 trials 

(out of 100) 

significant 

decay in 

performance 

 Visual 

binary 

feedback 

(success or 

failure) 

Closed-loop 

reinforcement  

Last 40 trials 

(out of 100) 

maintain the 

learned task 

Lin et al.78 2018 Trunk-arm 

coordination 

during 

reaching – 

shift to a 

‘compensator

Healthy young 

students (24)  

Visual 

binary 

feedback 

(success or 

failure) 

Reinforcement  5 blocks of 

training – 

300 trials 

1 block – 60 

trials 

Maintained 

learned pattern  

Not tested Not tested 
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reference year Task Population (#) 
Feedback 

display 

Supervised / 

Reinforcement 

Amount of 

training 

Immediate 

retention 

Over-night 

retention 
Transfer 

y’ reaching 

motion 

Abe et al.79 2011 Tracking 

isometric 

pinch force 

task 

Healthy adults 

(38)  

Monetary 

feedback 

Reinforcement: 

1. reward based 

on success level 

2. punishment 

(lose money) 

based on failure 

level 

3. constant 

rewarded at the 

end (irrespective 

of performance) 

16 minutes 

training 

All group 

maintain what 

they have 

learned 

The rewarded 

group is the 

only group 

who maintain 

performance 

for 30 days.  

Not tested 

Quattrochi 

et al.80 

2017 Reaching 

movement 

with novel 

force filed 

Chronic stroke 

survivors (45) 

Monetary 

feedback 

Reinforcement: 

1. reward based 

on success level 

2. punishment 

(lose money) 

based on failure 

level 

3. no feedback 

350 trials (~2 

hours) 

Maintain what 

they have 

learned – better 

in reward/ 

punishment 

groups than 

control/stroke 

Improvements 

were 

maintained for 

24 hours in 

reward group  

Not tested 
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reference year Task Population (#) 
Feedback 

display 

Supervised / 

Reinforcement 

Amount of 

training 

Immediate 

retention 

Over-night 

retention 
Transfer 

Age matched 

healthy adults 

(15)  

No feedback  no-feedback 

group 

 

Goodman 

et al.81  

2014 Seated video 

game in a 

robotic 

platform – 

practice 

ankle 

dorsiflexion 

and plantar 

flexion 

Chronic 

hemiparetic 

stroke 

survivors (10) 

Verbal 

encouragem

ent  

Score 

display  

Monetary 

prizes  

Reinforcement 3 weeks (9 

sessions, 360 

target each) 

Group who 

received 

rewards had 

greater increase 

in trajectory 

smoothness, 

improved 

learning rate 

Not tested Significant increase 

in nonparetic step 

length – walking 

over ground 
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1.3 Dissertation layout 

 

Rehabilitation is very important to achieve independence and increase quality of life after a 

neurologic injury; however, the optimal practiced movement and learning paradigm are still 

unclear. This dissertation seeks to provide insight into optimal conditions for machine-assisted 

movement practice by studying the interplay of a known motor control structure – control 

synergies – and a common motor learning mechanism – reinforcement learning. We investigated 

this interplay by studying it in three contexts – after stroke, in dance learning, and in Parkinson’s 

Disease. In the context of stroke recovery, described in CHAPTER 2, we utilized a mathematical 

and behavioral approach to examine the proportional recovery model and explained why a 

portion of stroke survivors do not follow the model. We found that individuals who do not 

follow the PR model (i.e., the “non-fitters”) have a low recovery probability value for a 

substantial number of items. We also discovered that these items involve distal coordinated 

movements. However, the in-synergy movements were quite easy for this group. Interestingly, a 

sub-group of the “non-fitter” benefited significantly more from rehabilitation delivered in the 

chronic phase after stroke.  

Next, to better understand the recovery patterns, we analyzed clinical assessments of 319 

persons’ abilities to perform “out-of-synergy” and “in-synergy” arm movements after chronic 

stroke. We presented in CHAPTER 3 the statistical analysis results.  We learned that the subjects 

who become “stuck” in using the abnormal control synergies recover less than predicted by the 

proportional recovery model. We also found out that individuals who shifted from using 

abnormal control synergies to individual joint control showed greater responsiveness to robot-

assisted movement training.  We also presented a new hypothesis that movement exploration 

away from the routine control synergies most readily available promotes motor learning during 

machine-assisted training. Next, on Chapter 4 we analyze data from 10 previous rehabilitation 

studies performed at UCI to understand which therapy type best promotes the shifting from the 

abnormal control synergies to individual joint control (i.e., out-of-synergy movement) and which 

impairment level responds better.   We found out that telerehabilitation, followed by hand 

focused therapy better promotes this desired shift and is mostly evident for the moderately 

impaired group. We saw a change in recovery trajectory for this group described as in increase in 

recovery on the out-of-synergy items vs the recovery on the in-synergy items. These results 
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suggest that rehabilitation therapy, for patients with moderate impairment should focus on hand 

exercises, or other individuate, out-of-synergy type movements, to promote the use of the 

cortical spinal tract.   

Combing the idea of promoting exploration for better retention and shifting away from routine 

control synergies, we investigated in CHAPTER 5 the implementation of a reinforcement 

learning paradigm on a complex movement in the context of dance.  In this paradigm we use the 

MiGo, a watch-like wearable platform that was previously developed in FlintRehab and it has 

open code source we could program. The MiGo consists of multi-axis accelerometers, gyros and 

a rotating motor. The MiGo was worn on the wrist and ankle and can provide a reward signal in 

the form of vibration, when the trainee moves in a desired way (such as fast, slow).  We used this 

system to study the effect of “movement expertise” on learning.  In our case, “movement 

experts” are skilled dancers – individuals who have worked intensively over many years to learn 

a variety of complex movement abilities. We showed that wearable sensing feedback, defined on 

a multidimensional space, was not an intuitive method to shape dance performance. Only 14% of 

sessions deviated from the 95% confidence region for random success mode and were defined as 

successful sessions.  These sessions were characterized by:1) relatively low initial success rate 2) 

significant more wrist movements in the initial period, and 3) intermediate durations between 

successful movements (i.e. the dancers did not initially achieve a prolonged series of vibrations, 

but neither did they have long “droughts” of vibration).  

Based on these results, we suggested introducing directional “hints” when the subject is 

searching in the wrong direction or oscillating around the target zone with no convergence.  

These “hints” should be designed in a way that preserve the benefits from learning through 

exploration while avoiding undesired frustration and relinquishment. Moreover, the feedback 

should be designed in a way that a signal is provided only in response to the exact desired pattern 

and not in response to statistical artifact as seen in the gradient objective function.  

In CHAPTER 6 we introduce an adaptive reinforcement feedback and evaluate its effectiveness 

with respect to a fixed reinforcement feedback. For the fixed feedback, the target zone was 

constant for the entire sessions, whereas for the adaptive feedback the feedback zone was 

modified based on the subject success; starting with a large feedback zone that was decreased as 

the subject entered the desired zone. We hypothesized that we could prevent frustration in 

reinforcement learning while still promoting learning using the adaptive feedback, by providing 
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a higher chance for the success in early stage. We also investigated the performance difference 

for spatial objectives vs velocity-based objectives and explored the success changes over time. 

We developed a computer game in which the trainee ‘danced’ with their computer mouse and 

were asked to find the right-rewarded movement. We first tested a group of college engineering 

students who are known to have substantial methodical and mathematical backgrounds and 

might approach the tasks in a systematic way exploring different learning techniques. Our results 

showed that the adaptive algorithm had a significantly higher initial success rate (as it was 

designed to) but also had significantly higher final success rate, showing superior learning. We 

showed however that only for the speed objective there was a significant decrease in the reported 

frustration level when provided with the adaptive feedback.  

 

Finally, CHAPTER 7 reviews the main contributions of this work and discusses directions for 

future research.  
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CHAPTER 2: Breaking Proportional Recovery after Stroke 

*Part of this Chapter was published in Journal of Neurorehabilition and Neural Repair82 

2.1 Abstract 

 

People with hemiparesis after stroke appear to recover 70-80% of the difference between their 

baseline and the maximum Upper Extremity Fugl–Meyer (UEFM) score, a phenomenon called 

Proportional Recovery (PR).  Two recent commentaries explained that PR should be expected 

because of mathematical coupling between the baseline and change score. Here we ask to main 

questions: 1) if mathematical coupling encourages PR, and 2) why do a fraction of stroke 

patients (the “non-fitters”) not exhibit PR?  At the neuroanatomical level of analysis, this 

question was answered by Byblow et al. – non-fitters lack corticospinal tract (CST) integrity at 

baseline – but here we address the mathematical and behavioral causes.  We first derived a new 

interpretation of the slope of PR: it is the average probability of scoring across remaining scale 

items at follow-up. PR therefore breaks when enough test items are discretely more difficult for a 

patient at follow-up, flattening the slope of recovery. For the UEFM, we show that non-fitters are 

most unlikely to recover the ability to score on the test items related to wrist/hand dexterity, 

shoulder flexion without bending the elbow, and finger-to-nose movement while supporting the 

finding that non-fitters lack CST integrity. However, we also show that a subset of non-fitters 

respond better to robotic movement training in the chronic phase of stroke.  These persons are 

just able to move the arm out of the flexion synergy and pick-up small blocks, both markers of 

CST integrity. Non-fitters therefore raise interesting questions about the CST function and the 

basis for response to intensive movement training.   

2.2 Introduction 

 

The Proportional Recovery (PR) Rule was first observed in the context of upper extremity (UE) 

movement using the Fugl-Meyer (FM) Score 18, a widely used impairment-based measure in 

stroke rehabilitation research, and then confirmed in larger samples (e.g. 29,30,40). Samples of 

patients were evaluated at one week and a follow-up (typically three or six months) and most 

(the so-called “fitters”) recovered on average 70-80% (depending on the study) of the difference 
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between their baseline and UEFM score and the maximum UEFM score (Figure 3A). The rule, 

as was previously presented in the introduction chapter, is: 

∆𝑆 𝑚 𝑇 𝑆  (1) 

where ∆𝑆 is the mean change in the impairment score for all subjects with a baseline score of 𝑆 , 

𝑇 is the maximum score (66 for the UEFM), and 𝑚 0.7 0.8 is the slope. Other subjects, 

termed “non-fitters”, achieved substantially less recovery than that predicted from the PR Rule 

(Figure 3A). The PR Rule has subsequently been shown for measures of lower limb impairment, 

visuospatial neglect, aphasia, and success at reaching pellets in a rodent stroke model (reviewed 

in 38), leading to the possibility that it reflects a fundamental biological mechanism of recovery 

 

Figure 3. Proportional recovery of the upper extremity Fugl-Meyer (UEFM) score after stroke.  

These plots combine data that we digitized from reported data of 214 subjects enrolled in two studies 29,30. 

Baseline scores were measured within 2 weeks post stroke and follow-up at 6 months (chronic stage)  A: For 

“fitters” (o), the average change in UEFM score is proportional to how many points a patient has left to recover 

(i.e. the maximum UEFM score of 66 minus the baseline UEFM score).  “Non-fitters” (*) show decreased 

recovery.  B: By plotting the same data another way (i.e. showing the relationship between chronic (follow-up) 

UEFM score and baseline UEFM score), it is apparent that 99% of patients with a chronic UEFM score less 

than 40 (dashed line) in the chronic stage are non-fitters. 
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Predictions of stroke recovery are multifactorial and highly variable 83, so the finding of such a 

regularity, especially one driven by a single impairment-based input and present for a wide 

variety of outcome measures is striking and even mathematically suspicious, or in the words of 

Hawe et al. 38, “ too good to be true”.  Indeed, Hawe et al. 38 and Hope et al. 39 recently used 

statistical analysis and simulation to demonstrate that a PR-like relationship arises even if 

outcomes are unpredictable and recovery is random. Mathematical coupling between ∆𝑆 and 𝑆  

(since ∆𝑆 𝑚 𝑇 𝑆 ), high variability of 𝑆  compared to 𝑆 , and ceiling effects all contribute 

to PR.  These phenomena are known in statistical theory and difficult to correct 38.  

 

But if mathematical coupling encourages PR, then why does PR not arise for a particular subset 

of stroke patients – the “non-fitters” – who recover less than that predicted by PR?  At the 

neuroanatomical level of analysis, this question has already been elegantly answered: lack of 

corticospinal tract (CST) integrity strongly predicts non-fitters 30,40,84–87. The first to demonstrate 

this were Byblow et al. 30 who used motor evoked potentials (MEPs) and found that individuals 

who at baseline evaluation did not have an MEP response (i.e. who were “MEP-”) were highly 

likely to be the non-fitters. Stinear et al. 40 confirmed this predictive value of MEP in a larger 

sample.  

 

Here, we sought to gain mathematical and behavioral insight into the rule breakers of PR by 

analyzing the rule in terms of the way the UEFM score is constructed – as a sum of subscores on 

a series of test items – and determining how the ability to score on those items at follow-up 

mathematically influences PR. We also queried the effect of rehabilitation for fitters and non-

fitters by analyzing data from robotic UE training.  

 

2.3 Preliminary Observations 

 

We digitized reported data from 214 subjects enrolled in two studies 29,30 for analysis here. The 

inclusion criteria for both studies were: (1) first ever ischemic stroke: anterior circulation2 

/monohemispheric3 (2) assessments within 2 weeks of stroke (3) no severe cognitive or 

communication impairment (4) no severe mobility and daily activity impairment (premorbid 

Barthel Index of 192 ) (5) no homonymous hemianopia or blindness, no visuospatial neglect or 



23 
 

complete somatosensory loss3  (6) no evidence for cerebellar stroke. Only 7% out of 4082 

consecutive stroke inpatients met the above criteria in the Winters et al. 2 study (36% were 

unwilling to participate, died, or trasferred to other centers). However, in a latter study, Stinear et 

al. 40 conformed the same result for a wider stroke population which included people with 

recurrent stroke and intracerebral hemorrhage.  

The second preliminary observation has to do with identifying non-fitters. It is not possible to 

reliably identify non-fitters using their baseline UEFM alone 29,32,86,87. Individuals with lower 

initial UEFM are not necessarily the non-fitters, as can be seen in Figure 3A. However, 

importantly for our analysis here, it is possible to identify non-fitters when they reach the chronic 

stage of recovery using an UEFM threshold of about 40.  At the chronic stage 99% of patients 

with UEFM score less than 40 are non-fitters, as seen in Figure 3B. Fitters nearly always recover 

to an UEFM greater than 40. We will use this observation below in several analyses. 

 

2.4 To What Extent does PR Constrain the Predicted Recovery of Individual Patients? 

 

The R2 values reported for the PR rule are large (Table 1, Introduction chapter), but what does 

this mean in the individual stroke patients level?  We estimated individual levels of deviation 

from the PR rule using the digitized data. 

 

We calculated the variance away from the best-fit PR rule for bins of subjects in different FM 

ranges. This variance is the sum of measurement variance and actual subject recovery variance. 

We estimated the measurement variability based on data from previous studies that quantified 

the inter-rater variability in UE FM assessment25,27,28 (Figure 4). The standard deviation of inter-

rater error is roughly 2 points and stays fairly constant across FM scores (Figure 4A and B). 
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Figure 4: Analysis of Variability in the Proportional Recovery Model.  

A: Inter-rater variability 

versus mean FM score, combining data from three references A, B, and C ([24], [26], [27]). The 

average and the SD for different FM bins ([0-10],[10-20],[20-30],[30-40],[40-50],[50-66]) are 

plotted with error bars. B: Histogram of the inter-rater score difference and a normal distribution 

fit to estimate the measurement SD. C: Estimated non-measurement-related SD of FM recovery, 

using the prediction of the PR Rule as the mean, calculated using data from previously reported 

trials ([5], [6]). D: Percentage of patients who had a FM deviation from the PR model greater 

than the than the MCID (5 FM points), assuming a normal distribution with SD defined from C. 

solid line = fitters; dashed line = non-fitters. 

 

Given the estimated non-measurement-related variability, we used a normal distribution in each 

FM range to estimate the percentage of patients expected to have a change in FM score greater 

than the minimal clinically important difference (MCID, previously estimated to be 5 FM 

points88, Figure 5D). Based on this analysis, if they have a baseline FM<30, then 57% of these 

more impaired fitters are predicted to deviate more than the MCID from the average recovery 
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defined by the PR model. Overall, an estimated 26% of the fitters are predicted to have a 

difference in FM score greater than the MCID (5 FM points), with respect to the PR prediction. 

Therefore, PR leaves clinically significant levels of variability unexplained for many patients, 

particularly for more-impaired fitters. Variance of the non-fitters was three times greater, such 

that 88% of them varied more than MCID from the PR prediction. Grouping these two types of 

patients together (more-impaired fitters and non-fitters), we estimate that 73% of the patients 

with greater impairment at baseline vary by more than the MCID from the PR prediction (which 

is about 39% of all patients).   

 

2.5 Interpreting the PR Rule in Terms of Scale Construction 

 

We first analyze PR for scales that are calculated by summing subscores on a set of items (such 

as the UEFM score). We show that PR arises robustly for such scales (as expected because of 

mathematical coupling 38,39), and that the slope has a probabilistic interpretation related to scale 

construction.  We also show that the local slope is not constant for previously reported UEFM 

PR data, consistent with this probabilistic interpretation. Finally, PR is broken (producing non-

fitters) when a substantial number of scale items are discretely more difficult to score on at 

follow-up for some patients. Finally, we identify the specific UEFM test items that non-fitters 

have the lowest probability of being able to perform. 

 

Constructing an Outcome Measure 

 

Assume we evaluate recovery at two time points (baseline and follow-up) using a measure that is 

composed by adding 𝑇 subscores on a set of items. Assume each item can be scored 0 (cannot 

perform) or 1 (performs well). Then, 𝑇 is the maximum total score a patient can achieve on the 

measure. Assume a patient has achieved a score 𝑆  at baseline by scoring a 1 on items 1 to 𝑆 . 

Then, there are 𝑇 𝑆  items left for him/her to score 1 on at the follow-up, assuming patients 

don’t regress on items (i.e., they will score a 1 on any item at follow-up that they scored 1 on at 

baseline).   
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Now, assume that at the follow-up the subscore for each remaining item 𝑖 is a random variable 𝑡  

that takes the value 1 with probability 𝑝  and the value 0 with probability 1 𝑝 . We assume that 

the 𝑝  are functions of 𝑇 𝑆  (the number of remaining items = the number of points the 

patient has left to achieve following the baseline assessment, if items are scored 0 and 1). For 

example, we expect that patients who are better recovered at baseline will have a higher 

probability of scoring well on the remaining items at the follow-up. We will call 𝑝 𝑇 𝑆  the 

“item recovery probability function” (IRPF) since 𝑝  is the probability of scoring 1 on the 

remaining item 𝑖 given a score of 𝑆  at baseline. Then, the increase in score at follow-up is also a 

random variable: 

∆𝑆 𝑡 𝑡 ⋯  𝑡  (2) 

Now, imagine designing an outcome measure – what should one design the IRPF’s look like?  A 

common strategy in scale design is to observe a sample of patients at baseline and then follow 

them; this appears to be how the UEFM scale was developed 89. Based on observations and some  

theoretical basis for a patient’s evolving capabilities (such as a progression out of abnormal 

synergies for the UEFM scale 89), one then designs a set of test items such that there is a finite 

probability that some fraction of subjects will be able to do each item at follow-up. Ideally, these 

probabilities will vary across items, creating a range of items from easy to difficult. Indeed, in 

one formal approach to scale development, Rasch Analysis, scales are designed so that the 

probabilities of achieving items are spaced across the range of ability measured over a sample of 

recovered subjects 90. When Rasch analysis is applied to the UEFM scale, it shows that the 

UEFM items span a range of difficulties and can be rank-ordered in terms of those difficulties 91. 

 

Figure 5- left column shows a set of theoretical IRPFs with the number of test items T = 33, 

matching the UEFM scale. The lower curves represent more difficult items. The probabilities 

increase with increasing baseline score (i.e., decreasing remaining items to score on), capturing 

the intuition that patients who are better recovered at baseline have a higher chance of scoring on 

items at follow-up. 

  



27 
 

 
Figure 5: Proportional recovery arises robustly from simulations using a variety of item recovery 

probability functions (IRPF’s) 

Left column: Examples of IRPFs, the functions that define the probability of scoring on an item at follow-up 

given the number of remaining items left to score on. Each line is the IRPF for a different item, for a test 

composed of 33 items scored 0 or 2.  Right column: Recovery results from simulating 120 patients. As can be 

seen, a variety of IRPFs produce a PR-like relationship, which is expected given mathematical coupling. 
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Simulating Recovery 

 

Given a set of IRPFs, we can simulate recovery. To produce a total score equal to that possible 

with the UEFM scale (i.e., 66 pts), we assumed the 33 items could be scored a 0 or a 2. We used 

a uniform initial distribution of baseline scores 𝑆  for 120 patients. Their predicted recovery 

exhibited a PR-like behavior (Figure 5, right column).    

 

How dependent is the PR-like behavior on the shape of the IRPFs?  We ran the simulation with 

several types of IRPFs: 𝑝   = a random constant that varied with item number 𝑖 but not 𝑆  (Figure 

11B); 𝑝  = random number that varied with 𝑖 and 𝑆  (Figure 5C); and 𝑝 min 𝑒 b, 1  (i.e., 

nonlinear decay in recovery probability) (Figure 5D).  In each case, we obtained a PR-like rule 

(Figure 5 right column), as would be expected due to mathematical coupling. 

 

Bending PR: The Local Slope  

 

We can gain insight into why PR rises robustly for a wide range of IRPFs by estimating the slope 

of the PR curve.  Returning to the case when only scores of 0 and 1 are possible, the mean 

increase in score from Equation (2) is:  

∆𝑆 𝑡̅ 𝑡̅ ⋯  𝑡̅   

𝑝 𝑝 ⋯  𝑝  

𝑝 𝑝 ⋯  𝑝 𝑇 𝑆
𝑇 𝑆

 

�̅� 𝑇 𝑆 𝑇 𝑆            3  

�̅� 𝑇 𝑆  is the average item recovery probability across the remaining items for which the 

subject has not yet scored 1. Equation 3 potentially restates the PR Rule of Equation 1, but 

proportionality will hold exactly only if  �̅� 𝑇 𝑆  is constant across 𝑆 . If �̅� 𝑇 𝑆  is not 

constant, then the local slope of the relationship is: 

𝑚 �̅� 𝑇 𝑆
̅

𝑇 𝑆          (4) 
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Equation 4 can be solved assuming a constant m, resulting in a family of functions shifted by an 

arbitrary constant.  Thus, an infinite number of �̅� 𝑇 𝑆  curves produce an exact PR rule.  Can 

we gain insight into scales that would not be expected to produce an exact PR? 

 

First, note that if the IRPFs vary smoothly across 𝑆 ,  �̅� 𝑇 𝑆  will also vary smoothly.  In this 

case, even if �̅� 𝑇 𝑆  is not constant, one still gets a PR-like relationship, with the local slope 

varying according to Equation 4 (Figure 6).   

 

Figure 6: Bending and breaking proportional recovery.   

Shown is the relationship of average item recovery probability function (IRPF, left column) and 

recovery (right column). In the top row, the average IRPF is smooth but not constant, and produces a nonlinear 

relationship that is nevertheless well fit by a linear regression (solid line, R2=0.88). The red dashed line shows the 

predicted fit from Equation 4.  In the bottom row, the average IRPF is discontinuous, but the resulting recovery 

relationship does not look discontinuous, but rather just somewhat non-linear, and again is still well fit by linear 

regression (R2=0.83), although the local slope varies as Equation 4 (red dashed line). 
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If �̅� 𝑇 𝑆  is (first-order) unsmooth, then  
̅

 jumps, causing the instantaneous slope 

𝑚 𝑆  to jump (Figure 6C). But, slope discontinuities are masked by the stochastic nature of the 

IRPFs (Figure 6D).  

It is well established in statistics that it is difficult to discern local slope variations with noisy 

data and/or a limited sample size. Further, global linear regression, which is the only method that 

appears to have been applied to detect PR, is ill-suited for detecting non-linearity 92. We 

therefore suggest that the proportionality of PR, besides arising from mathematical coupling, is 

also an approximation that arises partly because of the smoothness of the average IRPF, and 

partly because global linear regression cannot detect local slope variations.   

 

We used local linear regression to estimate if the local slope of PR varies for different 

impairment levels. The local slope is the slope of a line fitted to a subset of the data, where the 

subset of data is selected as the data points (i.e., patients) that fall in a window of size 20 along 

the x-axis. We shifted the window along the x-axis to estimate the slope for different data 

subsets. 

 

Figure 7 shows that the local slope estimate varies from 0.0 to 1.0, in a similar pattern for two 

different data sets, and is not constant as would be expected for exact proportionality across 

impairment levels (Equation 3).  Note that the local slope estimated in the windows over 

impairment level of 46-66 (i.e., initial UFEM<20) is smaller (Figure 7C). This is consistent with 

the expectation that average recovery probability �̅� 𝑇 𝑆  will decrease with decreasing initial 

score 𝑆 – i.e., subjects with lower baseline scores have a lower probability of scoring on 

remaining items at follow-up (resulting in a lower local slope).  Also, the global regression slope 

closely matches the local slope for the patients who are less impaired at baseline – these subjects 

have smaller recovery variance (partly due to a ceiling effect), which drives the global 

regression. 
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Figure 7: Estimating the local slope of recovery using local linear regression.   

A: UEFM recovery data from 29  (circles) and 30 (squares) shown with sample windows (20 UEFM points 

wide) used to create the local estimate of slope (grey rectangles).  For the data points (i.e. subjects) falling within 

each window, we performed a regression to estimate the slope for those data points alone (i.e. the “local slope”). 

B: Local slope estimated with the linear regression over each window for the data combined from 29,30. C: Local 

slope from 29 alone, with window size of 20 UEFM points.  D: Local slope from 30 alone, with a window size of 20 

UEFM points. Plus signs show points for which the p-value of the local regression < 0.05, and “x” where the p > 

0.05. Horizontal dashed line shows slope from global regression. Note that the global regression slope result is 

dictated by the data from the individuals with higher baseline scores because their data is less variable. 
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Breaking PR: Non-Fitters  

 

What are the mathematical conditions needed to create non-fitters who break the PR rule, given 

the various statistical factors working positively toward creating an appearance of PR? Working 

with our simulator, we found that if we set recovery probabilities for a substantial number of 

items to a low value for a specific set of subjects with a baseline score below some score (i.e., we 

made a set of items extremely difficult for those low-level subjects, Figure 8A and C), then those 

subjects recovered poorly in the simulation, and they appeared as non-fitters (Figure 8B and D).  

 

Figure 8: Relationship between item recovery probability function (IRPF) nonlinearities and non-fitters.   

A great enough jump nonlinearity in a great enough number of the IRPFs creates a nonlinearity in the 

PR-type relationship, even though the nonlinearities are smoothed by the summation associated with calculating 

a total score.  A: Sample IRPFs with 50% jump nonlinearities in 30% of the items.  B: PR plot resulting from 

IRPFs in A.  The nonlinearity measure was quantified as 𝑵𝑳
𝒈 𝒙 𝒇 𝒙 𝟐𝑿𝑹

𝑿𝑳

𝑿𝑳 𝑿𝑹
 where 𝒈 𝒙  is the best-fit 3rd-

order polynomial (dashed line) and f(x) is the linear PR model (solid line).  Nonlinearity started becoming 

visually apparent with NL ≥ 0.4. C: Sample IRPFs with 40% jump nonlinearities in all items.  D: PR plot 

resulting from IRPFs in C.   E: Results from simulations where P% of the 33 IRPFs, starting with the most 

difficult items, exhibited a jump decrease by D% at 𝑺𝒐 = 20, varying P and D. F: R2 values for the same 

simulations as in E. The asterisks in E and F show simulation runs where L = 0.4, the value where we judged 

non-linearity to be visually apparent. In panel F one can see that simulations with NL=0.4 always produced R2 

values greater than 0.8 – i.e., R2 is a poor indicator of nonlinearity. 
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To quantify how substantial the IRPF discontinuities have to be to produce a visible non-

linearity, we simulated the situation were P% of the IRPFs, starting with the most difficult items, 

exhibited a jump decrease by D% at 𝑆  = 20, varying P and D (Figure 8). Large values of D 

mean those items are nearly impossible for a subset of patients to score on at follow-up. We 

analyzed the R2 and nonlinearity of the resulting PR-like rule, where we defined nonlinearity NL 

as the root mean square deviation of a third-degree polynomial fit to the data away from a linear 

fit 93,94.  Nonlinearity became visually obvious when NL approached ~0.4 (Figure 8B).  

 

Achieving an NL=0.4 required at least ~50% jumps in at least ~50% of the items (Figure 8B and 

E). R2 values were always above 0.8 for simulations with NL = 0.4 (Figure 8F), confirming that 

linear regression statistics were poor at signaling the emerging nonlinearity 92. 

 

Very Difficult UEFM Items for Non-Fitters 

 

Given that very difficult items can “break” PR, what are the very difficult items for the non-

fitters of the UEFM at follow-up? As observed above, 99% of patients with a UEFM score less 

than 40 in the chronic stage are non-fitters. We used UEFM measurements from 319 chronic 

stroke patients reported in several studies 67,95–101 to rank-order items from low to high 

probability of scoring on that item (either a 1 or 2), using the estimated probabilities at UEFM = 

40 to create the rank ordering. We found that individuals with chronic UEFM < 40 (i.e., non-

fitters) had the lowest probabilities on the items that required distal coordinated movement 

(Figure 9). These “very difficult” items tested the ability to move distal joints (wrist 

circumduction, wrist stability, forearm pronation/supination, wrist flexion/extension, Grasp A – 

i.e. “pretend you are holding the handle of a brief case”, and Grasp B – i.e. abducting the thumb 

to grasp a piece of paper;), to actively flex the shoulder through the extreme of its range of 

motion (shoulder flexion from 90-180 degrees) without bending the elbow, and to make repeated 

high speed targeted reaching movements without vision (i.e. the finger-to-nose movement item 

of the UEFM test).  The two remaining wrist/hand items were easy/medium, but the easy one 

only required mass flexion of the hand, and the medium one required flexion of the wrist, 

without requiring control over other joints or active extension of the fingers or wrist. That is, “in-
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synergy” UEFM items were relatively easy for these non-fitters to achieve, in contrast to the 

items requiring distal coordinated movement (Figure 9). 

 

 
Figure 9: Analysis of difficulty on scoring on items of the UEFM assessment.  

A: Average probability of scoring either a 1 or 2 on each UEFM item for non-fitters taken as a group (i.e., 

subjects with follow-up UEFM scores <40). The three reflex test items were excluded as all recorded subjects 

scored a 1 or 2 on these items. We categorized item difficulty based on the probability of scoring on the item. 

We also highlight the type of movement tested: synergistic movement (green), shoulder (yellow), elbow 

(orange), wrist + hand (red), and UE tremor/coordination/speed (blue). B: Probability of scoring on the very 

difficult items as a function of chronic UEFM score. Items are listed from most difficult to easiest in the 

legend, top to bottom. 

Summary  

 

To summarize, we derived a new interpretation of the slope of PR: it is the average probability of 

scoring across remaining scale items at follow-up. The proportionality of PR, besides arising 

from mathematical coupling, is also an approximation that arises because of the smoothness of 

the average IRPF, and because global linear regression cannot detect local slope variations.  The 

local slope estimate varies substantially in a consistent pattern for two different published UEFM 

recovery data sets – a result not predicted by mathematical coupling, but understandable from the 
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scale construction perspective. Finally, we investigated what is required to overcome these 

mathematical phenomena that encourage the appearance of PR and for which conditions a 

patients will break the PR; we determined that a non-fitter patient must exhibit discretely lower 

probability of scoring on a substantial subset of test items at follow-up.  We showed that UEFM 

non-fitters are most unlikely to score on test items related to wrist/hand dexterity, extreme active 

shoulder range of motion, and finger-to-nose speed at follow-up. This is consistent with the idea 

that non-fitters lack sufficient CST, since CST is thought to be the neural substrate for these 

types of hand and arm movements.10,102 

 

2.6 How Do Non-Fitters Respond to Rehabilitation? 

 

One possible implication of PR is that rehabilitation therapy does not matter because 

patients follow the PR prediction despite varying amounts of therapy 30,103.  However, Hawe et 

al. 38 highlighted that there is substantial variability in UEFM recovery even for the fitters. The 

number of fitters displaying ≈70% recovery is near chance levels. Non-fitters have even greater 

variability of recovery (Figure 1), leading us to hypothesize that they are particularly responsive 

to the varying amounts of movement training they receive during rehabilitation.  

To test this hypothesis, we returned to an analysis of UEFM response to robotic UE therapy in 

the chronic phase of stroke 28.  We grouped patients based on UEFM scores at study entry that 

fell into three zones: [0-21], [22-40], or [41-66]. Interestingly, these groups correspond to poorly 

recovered non-fitters, better recovered non-fitters, and fitters, respectively in the acute phase 

studies (Figure 16A, data taken from 29,30). 

For each group we calculated the mean reported change in UEFM score due to robotic 

rehabilitation. Non-fitters with mean baseline UEFM scores in the range [22-40] benefited 

significantly more from rehabilitation delivered in the chronic phase after stroke (Figure 7B, 

ANOVA, p < 0.001, with follow-up t-tests, Group 1-2 comparison p = 0.001, Group 2-3 

comparison p = 0.015, Group 1-3 comparison p=0.03). 

  We sought to test this finding using data from a larger number of studies.  We therefore 

analyzed the rehabilitation response of non-fitters using results from a set of randomized 

controlled trials of robotic and conventional rehabilitation therapy reported in a systematic 
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review 47. We considered the studies that enrolled pens in the chronic phase after stroke, leaving 

18 trials (i.e. 45,97,104–119). We sorted results from these studies into groups with reported mean 

UEFM scores at study entry that fell into three zones: [0-21], [22-40], or [41-66].  

These groups again correspond to poorly recovered non-fitters, better recovered non-fitters, and 

fitters, respectively (Figure 16A, data taken from 29,30). 

For each group we calculated the mean reported change in UEFM score due to 

rehabilitation of any kind (i.e., robot or control therapy). 

Participants with mean baseline UEFM scores in the range [22-40] (i.e., the better-

recovered non-fitters) again benefited significantly more from intensive movement practice in 

the chronic phase after stroke (Figure 16C, ANOVA, p < 0.001, with follow-up t-tests, Group 1-

2 comparison p < 0.001, Group 2-3 comparison p = 0.0013, Group 1-3 comparison p=0.56). 

 Note that the distribution of patients becomes increasingly bimodal as recovery 

progresses, with the better recovered fitters in the “bottom of the well” of this distribution 

(Figure 10A).  Thus, the better-recovered non-fitters are somewhat scarce: they are ~12% of all 

stroke patients enrolled in the PR trial data we scanned, and 45% of the non-fitters.    

As described above, the lowest probability UEFM items for non-fitters are the ones that 

require hand and arm dexterity, consistent with lack of CST integrity.   But perhaps these better-

recovered, rehabilitation responsive non-fitters have return of CST integrity.  From the 

perspective of abnormal synergies, a litmus test of CST integrity is the ability to flex the 

shoulder to 90 degrees while keeping the elbow fully extended 120,121– i.e. the test of “out-of-

flexion-synergy” movement on the UEFM.  We plotted the probability of scoring a “2” on the 

test as a function of UEFM score, again for 319 chronic stroke patients in  67,95–101.  Figure 10D 

shows that this probability becomes non-zero in the UEFM range of better recovered non-fitters, 

consistent some return of CST function. 

Return of CST function should also be associated with return of hand function. The 

UEFM coarsely grades hand impairment and does not test hand function, so we turned to the 

Box and Blocks Test (BBT).  The BBT requires individuals to pick up small blocks and place 

them over a divider and is thus a functional measure designed to be sensitive to the return of 

dexterity.  We used published data from 140 subjects 25,99,101 with both BBT and FM scores to 

define the underlying relationship between these two motor scales. Using this relationship, we 

found that the better recovered non-fitters would be expected to exhibit a small amount of hand 
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dexterity on the BBT (Fig. 10E).  Thus, the putative rehabilitation-responsive non-fitters, who 

are known to be MEP- at baseline due to the work of Byblow et al.30, appear to be the patients in 

the chronic stage who can begin to move the arm out of synergy and pick up small blocks, both 

markers of some CST integrity. 

 
Figure 10: Analysis of a special group of non-fitters who respond better to intensive UE movement 

training provided in the chronic phase of stroke. 

 A: Distribution of patients (% out of total 214 patients reported in 29,30) at baseline (light colors) and 

follow-up (dark colors), “fitters” (blue) and “non-fitters” (red- poor recovery, magenta – better recovered) B: 

Change in UEFM score after UE robotic movement training as reported in our previous work 28.  The better-

recovered non-fitters showed an increased UEFM response to robotic movement training. (ANOVA, p < 0.001, 

with follow-up t-tests, Group 1-2 comparison p = 0.001, Group 2-3 comparison p = 0.015; Group 1-3 comparison 

p=0.03).C: Mean change in UEFM score reported for control and experimental groups in 18 robotic 

rehabilitation clinical trials with chronic stroke patients (studies 45,97,104–119 taken from the systematic review 47). 

Treatment groups included conventional therapy, functional electrical stimulation, and robot-assisted arm 

training. Matching symbols indicate groups from the same studies. For B and C, the horizontal solid line shows 

the MCID for the UEFM test, the vertical dashed lines denote how we subdivided the subjects into three UEFM 

zones. The groups with mean starting UEFM score in the middle zone again had a significantly higher mean 

change in UEFM score (ANOVA, p < 0.001, with follow-up t-tests, Group 1-2 comparison p < 0.001, Group 2-3 



38 
 

comparison p = 0.0013; Group 1-3 comparison p=0.56).). D: Estimated probability to score ‘2’ in the UEFM test 

item testing shoulder flexion from 0-90˚ with the elbow fully extended, plotted as a function of UEFM score. As 

described in the text, this is based on data from 319 subjects from several studies 67,95–101. Subjects with UEFM in 

the range [22-40] (i.e. the rehabilitation responsive non-fitters) are the ones just able to perform this out-of-

flexion-synergy movement. E: Box and Blocks Test score as a function of the UEFM based on data from several 

studies 25,99,101. Subjects with UEFM in the range [22-40] also are the ones predicted to just able to grasp and 

release blocks on the BBT.  Here, we identified the underlying relationship between motor performance on the 

UEFM and the BBT in order to estimate BBT scores from UEFM scores. 

Here we make the assumption that people who qualified for a robotic therapy study in the 

chronic phase and had an UEFM score < 40 would have been classified as non-fitters had they 

been tracked from the acute phase. How plausible is this assumption?  There are two types of 

subjects who enrolled in the robotic therapy studies: those who would have qualified to be in a 

PR study and those who would not have qualified.  Our assumption clearly holds for the former 

group. However, this is potentially a small percentage of stroke patients – around 7% of 

consecutively admitted patients qualified to be in the Winters et al.29 study.  On the other hand, it 

may be that people who qualify for robotic therapy studies have a high representation from this 

group. This would be expected if the inclusion/exclusion criteria for PR studies and robotic 

therapy studies were similar.  Table 3 compares the inclusion/exclusion criteria for the PR and 

robotic therapy studies we analyzed, plus a recent study of PR by Stinear et al.40 that generalized 

the PR results to a broader population. The inclusion/exclusion criteria for the Winters et al.29  

study were: 

 

1) First-ever ischemic stroke in the anterior circulation 

The majority of robotic therapy studies we examined enrolled only subjects who had 

experienced a first-ever stroke (Table 3).  In addition, Stinear et al.40  studied PR in a 

more clinically relevant sample of patients with stroke, including those with previous 

stroke and intracerebral hemorrhage. They found the same pattern of upper extremity PR 

(the pattern of fitters and non-fitters) and the same predictive value of MEP. In their 

study, 18% had previous stroke and only 39% had anterior circulation stroke.  

 

2) Minimum level of daily activity (premorbid Barthel Index of ≥19) 
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This corresponds to requiring that subjects were not “totally dependent” before stroke.122 

It is unlikely that a person who was totally dependent before stroke, then had a stroke and 

did not qualify for a PR study, would then months later qualify for a robotic therapy 

study. We note also that other PR studies did not have this exclusion criterion (Table 3). 

 

3) No severe cognitive or communication impairment 

The large majority of robotic therapy studies we analyzed required that participants have 

no severe cognitive or communication impairment, as would be expected since they were 

required to interact with a robotic training system (Table 3).  

 

Thus, we conclude that the inclusion/exclusion criteria for PR studies and robotic therapy studies 

were similar. This makes it likely that participants in the chronic phase robotic therapy studies 

had a high representation from the group of subjects who would have qualified for PR studies in 

the acute phase. 

 

What about the other type of subject – those who would not have qualified for the PR study but 

then qualified for robotic therapy studies? This group mainly would be expected to be people 

who had severe cognitive or communication impairment in the acute phase, and therefore did not 

qualify for the PR study, but recovered enough cognition and communication to later qualify for 

a robotic study. Severe cognition or communication deficits are present initially in ~50% of 

stroke patients123,124 but recovery is typically poor for people with initially severe deficits.36,124,125 

So, this group would be expected to be a minority of the robotic therapy study participants. 

Nonetheless, for this group an interesting question is whether we would expect their upper 

extremity motor recovery to follow a different pattern than non-fitters who qualified for a PR 

study.  Cognitive and upper extremity motor impairment are associated, and this link may be 

causal because cognitive components enhance motor learning.36,126 Thus, early, severe cognitive 

impairment may increase chronic arm impairment, and a small fraction of individuals included in 

robotic therapy studies may have a second cause of upper extremity impairment beyond lack of 

CST integrity.  We acknowledge this as a potential caveat to our analysis. 
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Table 3: Inclusion/exclusion criteria 

The PR studies whose data we scanned 29,30, a recent study that showed PR applied to a broader range of stroke patients.40, and the chronic phase robotic 

therapy studies 28,45,97,104–119 we analyzed. All studies required age >18 year and some level of upper extremity impairment (UEFM <66).  The reference 

numbers correspond to those in the reference section in the main 

 

 PR studies Chronic phase robotic therapy studies 

Inclusion\exclusion criteria 30 136 31 27 36 153 160 161 162 163 164 165 166 167 168 169 170 171 172 173 174 175 

First-ever stroke x x  x  x    x x    x x x x x  X 

 

 

Ischemic anterior circulation  x x                     

No cerebellar stroke   x                  

 

  

Minimum level of daily activity  

(premorbid Barthel Index of ≥19) 

x          x    x x       

No severe visual impairment   x  x  x x  x x x       x   x  

No severe sensory loss   x   x        x    x    x  

No severe cognitive or 

communication impairment 

x x x x x x   x x x x x x x x x x x x x x 

No contraindications to TMS and/ 

or MRI 

 x x  x            

 

     x 

No excessive spasticity     x x   x x  x x     x x x  x 

No severe depression/psychiatric 

disorder 

 

    x x    x   x     x    x 
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 PR studies Chronic phase robotic therapy studies 

Inclusion\exclusion criteria 30 136 31 27 36 153 160 161 162 163 164 165 166 167 168 169 170 171 172 173 174 175 

No severe pain or severe 

orthopedic problems 

   x x x x  x  

x 

 x x    x x  x x X 

Minimum level of muscle 

power/tone/passive range 

     x x x  x x  

 

 

 

 

x x x x x x  x x x x 
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2.7 Discussion -- Point of View and Directions for Research 

 

Mathematical coupling, as well as other statistical factors identified here, encourage the 

appearance of PR, and yet a fraction of stroke patients, the non-fitters do not exhibit PR.  We 

showed that the local slope of PR relates to test item difficulties. Thus, PR breaks when a patient 

has a discretely lower probability of scoring on a substantial fraction of test items at follow-up.  

For the UEFM, the lowest probability items are the ones that test wrist/hand dexterity, extreme 

active shoulder flexion, and high speed finger-to-nose movement, consistent with the finding that 

non-fitters lack CST integrity 30,40,84–87. 

Winters et al.29 found that lack of finger extension within 72 hours post-stroke was the 

best behavioral predictor of non-fitters.  The present results highlight that non-fitters continue to 

do poorly on tests of hand dexterity, but also arm coordination, and this is why they overcome 

the influence of mathematical coupling. 

However, better-recovered non-fitters appear to exhibit significantly enhanced UEFM 

response to robotic UE movement training, given the assumption that people who qualified for a 

robotic therapy study in the chronic phase and had an UEFM score < 40 would have been 

classified as non-fitters had they been tracked from the acute phase (see Supplemental Material 

for an analysis of this assumption).  A related result was recently noted in an analysis of reaching 

rehabilitation in a rat stroke model in the subacute phase (n = 123 rats)  127.  A subset of rats 

classified as non-fitters responded better to reaching practice. Fitters recovered the ability to 

recover food pellets regardless of whether they performed reaching practice. Thus, intensive 

movement practice mattered for the non-fitters but not the fitters.     

In the context of the UEFM, what could explain the heightened responsiveness of better-

recovered non-fitters to movement practice? One possibility is that the UEFM scale is non-linear, 

making it easier to score larger gains when starting from the middle range of the UEFM. Our 

analysis of the UEFM scale does not support this – it is more difficult to score on items when 

one starts from the middle range (see Figure 7).  Further, the UEFM has a very small floor effect 

and the ceiling effect is also small 128,129 and unlikely to constrain recovery for people with 

scores in the range 40-50, since the UEFM can go up to 66 and is linearly related to BBT in the 

range 40-50 (and beyond see Figure 10D).  Yet subjects in this range of 40-50 nonetheless 

showed relatively decreased rehabilitation response (see Figure 10B and C).  Another possibility 
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is that individuals in the chronic phase of stroke experience a decay in their UEFM over time due 

to disuse of the UE. Thus, when people in the chronic phase of stroke were enrolled in the 

movement training studies analyzed here, they may have simply overcome that decay.  Studies 

that tracked motor function after stroke for years have indeed sometimes found a decay in UEFM 

or other UE motor scores 130,131, but at other times have not 132,133. Neither of these alternate 

explanations account for the related finding from the rodent study, since the outcome measure 

there was not the UEFM (it was pellets retrieved) and the rats received rehabilitation soon after 

the induced stroke, not in the chronic stage. 

Do a subset of non-fitters therefore defy the expectation of a poorer response to UE 

rehabilitative movement training that has been associated with higher amounts of CST damage 
134–136. Perhaps these non-fitters rely on cortical plasticity to make use of residual pathways 86 

such as brainstem pathways 120,137,138 .  Another possibility is that these subjects have some 

residual CST integrity.  TMS-based assays of CST integrity might miss detecting small amounts 

of residual CST early after stroke, or, alternatively, some level of neural reorganization might 

need time to occur and allow a small amount of residual CST to become functional.  Our 

findings regarding the emergence of out-of-flexion-synergy arm movement and hand 

manipulation in the rehabilitation- responsive, non-fitter population support this idea, as these are 

behavioral markers of CST integrity. Byblow et al. found that 6 of the 11 initially MEP- 

participants recovered MEPs at later evaluations 30. Birchenall et al. 139 also found recovery of 

MEP.  In the Byblow et al. study, MEP- participants also showed some recovery if FA of the 

CST was small, suggesting residual CST without initial MEP. This finding is supported by a 

later study of Buch et al. 32 but not that of Doughty et al. 140. Stinear et al. 40 also showed that 

MEP- patients had greater UEFM recovery if they had lower lesion load to the CST, consistent 

with the results reported by Feng et al. 87.   

We recently found that chronic stroke patients did not respond to robotic hand movement 

training if they lacked somatosensory integrity 141. Somatosensory integrity was indeed the 

strongest predictor of rehabilitation response in this context, stronger than CST integrity 142.   

This highlights the fact that damage to other tracts and systems play a key role in determining 

response to intensive hand movement training. Somatosensory integrity might be required to 

effectively carry the feedback necessary to drive CST-related plasticity. In this scenario, perhaps 
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it is the initially MEP- but bettered-recovered and rehabilitation-responsive non-fitters who have 

this somatosensory integrity. 

If a small amount of CST, initially unresponsive to TMS, serves as the basis for an 

increased response to movement training, it is unclear why people with presumably a greater 

amount CST integrity – the lower-level fitters (with chronic UEFM in the range 40-50) – have a 

relatively reduced response to intensive movement training. Perhaps fitters make progress 

through spontaneous limb use, making any applied training appear less effective. In contrast, the 

special population of non-fitters might need to learn to make use of their small amounts of 

residual CST by performing especially large amounts of dedicated, practice-based exploration 
143,144. Work from our laboratory on robotic exoskeleton training is consistent with this idea, in 

that it found that people in the chronic phase of stroke who were MEP+, but with smaller rather 

than larger MEP, responded better to UE robotic movement training 145.  In any case, an 

important direction for future research is to determine how best to identify this putative special 

class of non-fitters as early as possible after stroke, since they may be the best candidates for 

intensive movement training, robotic or otherwise, if one is interested in selecting candidates 

who will have the largest UEFM change from the training.  
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CHAPTER 3: Rudimentary dexterity corresponds with reduced ability to move in-

synergy after stroke: Evidence of competition between cortico-reticulospinal and 

corticospinal tracts? 

 

*This Chapter was published in Journal of Neurorehabilition and Neural Repair146 

 

3.1 Abstract  

 

Objective: When a stroke damages the corticospinal tract (CST), it has been hypothesized that 

the motor system switches to using the cortico-reticulospinal tract (CRST) resulting in abnormal 

arm synergies. Is use of these tracts mutually exclusive, or can the motor system spontaneously 

switch between them depending on the type of movement it wants to make? If the motor system 

can share control at will, then people with a rudimentary ability to make dexterous movements 

should be able to perform synergistic arm movements as well. 

Methods: We analyzed clinical assessments of 319 persons’ abilities to perform “out-of-

synergy” and “in-synergy” arm movements after chronic stroke using the Upper Extremity Fugl-

Meyer (UEFM) scale.  

Results: We identified a moderate range of arm impairment (UEFM = [~30-40]) where subjects 

had a rudimentary ability to make out-of-synergy (~23-50% on the out-of-synergy score) and 

dexterous hand movements (~3-10 blocks on Blocks and Blocks Test). Below this range persons 

could perform in-synergy but not out-of-synergy or dexterous movements. In the moderate 

range, however, scoring better on out-of-synergy movements correlated with scoring worse on 

in-synergy movements (p=0.001, r  -0.6). 

Conclusion: Rudimentary dexterity corresponded with reduced ability to move the arm in-

synergy. This finding supports the idea that CST and CRST compete and has implications for 

rehabilitation therapy.    
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3.2. Introduction 

 

 A hallmark of hemiparetic stroke is the loss of fine motor control in the contralesional 

arm and hand that is characterized by grouped movement patterns known as synergies.22  

Attempts to lift the arm against gravity result in a flexor synergy pattern characterized by 

shoulder flexion and abduction, and flexion in the elbow, wrist and fingers together as a unit. 

Attempts to reach the opposite knee result in an extensor synergy movement pattern, 

characterized by shoulder adduction/internal rotation, extension of the elbow and wrist, and 

finger flexion/adduction.  These patterns were documented by Twitchell 21 in the 1950’s and 

formed the basis of one of the most widely used assessments of upper extremity impairment, the 

Upper Extremity Fugl-Meyer (UEFM) Assessment.89  To obtain an UEFM score, a trained 

evaluator grades the subject’s ability to move the arm within the flexion and extension synergies, 

followed by their ability to make movements out of these synergies.   

More recently, sensor-based studies supported the existence of abnormal synergies by 

showing that the arm joint torques that persons with hemiparesis can produce are constrained in a 

way consistent with the abnormal synergies.147–150   For example, when a person with 

hemiparesis produces a shoulder abduction torque (part of the flexion synergy), they exhibit a 

substantially decreased ability to generate an elbow extension torque (part of the extension 

synergy). Unimpaired subjects do not show this constraint and are able to more independently 

control arm joint torques.147,148,150  

What causes this abnormal muscle coupling? A leading hypothesis supported by the work 

of Dewald et al.120,148,149,151–154 and others7,155,156 is that abnormal synergies arise because the 

motor system recruits the contralesional cortico-reticulospinal tract (CRST) to control arm 

movement, thereby circumventing the damaged corticospinal (CST) tract. Following damage to 

the CST, the reticulospinal tract (RST) can still be accessed through contralesional motor areas. 

Anatomical and neurophysiological data suggests that this is done primarily through the 

premotor cortex (PM) and supplementary motor area (SMA)14,157,158, potentially forming a 

compensatory backup system.7,15,159  Evidence for use of the CRST after stroke is still mostly 

indirect but is accumulating and includes: 1) CRST diffusely innervates spinal segments in a way 

consistent with flexion and extension synergies160; in contrast, CST exhibits a more focal 

innervation suitable to support of independent arm joint torques.7,14,137  2) The contralesional 
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hemisphere exhibits increased activity in people with more severe arm paresis.14,15,17 3) Motor 

evoked potentials evoked by stimulating the contralesional hemisphere are increased in people 

with hemiparesis.161,162 4) Involuntary grasping activity correlates with increased activation in 

contralesional but not ipsilesional cortical motor areas, suggesting that this gross hand movement 

may be mediated by CRST.14  5) Adding the action of lifting the arm against gravity to the action 

of opening the hand also increases cortical activity in ipsilateral (contralesional) motor areas and 

decreases activity in contralateral (ipsilesional) motor areas, again suggesting that abduction of 

the arm may be mediated by CRST. 14  7) Diffusor tensor imaging (DTI) metrics of patients with 

severe CST injury indicate disruption of the CST but increased integrity of RST compared with 

control subjects.163,164  6) DTI also indicates that CRST integrity increases with increasing arm 

impairment after stoke, while CST integrity decreases.15  

Recruitment of the CRST pathway may thus be an adaptive strategy that enables persons 

with severe CST damage to achieve a greater level of movement ability, albeit movement ability 

constrained to occur in abnormal synergy patterns.  That is, switching to use of the CRST may 

preserve gross motor control at the cost of more fine, individuated motor control. But what if a 

stroke does not fully disable the CST?  Can the motor system spontaneously change back to 

using the CRST when the CST would be a better substrate for the specific type of movement it 

wishes to make?  Or is use of each tract mutually exclusive at any given level of impairment?   

As shown in Figure 11, we propose these possibilities as two conceptual models – a “Shared” 

and an “Exclusive” model – for how the CST and CRST might be used in motor recovery after 

stroke. 

There is some evidence that the CST and CRST can work together.  For example, the 

finding of activation in both the ipsilesional and contralesional motor cortices during arm 

movement after stroke165,166 is consistent with this idea.  Also, a recent experiment examining the 

startReact13, an involuntary release of a planned movement via the startle reflex thought to 

reflect CRST involvement, also supports this idea.  In unimpaired individuals, startReact 

manifested during gross hand grasp but not individuated finger movements, suggesting that the 

CRST is called into play for one type but not the other type of hand movement.   

Here, we reasoned that if the motor system can share control tracts to control different 

movements, then people with a stroke that preserves some CST function should be able to 

perform both in-synergy and out-of-synergy movements, and these abilities would follow similar 
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recovery trends.  That is, they should be able to use the CRST when they want to perform an in-

synergy movement (Figure 11 - right column, top graph), and use the CST when they want to 

perform an out-of-synergy movement (Figure 11- right column, bottom graph).  If sharing is not 

possible, we expected that some people who use a damaged CST would, for some range of 

impairment, perform relatively worse on in-synergy type arm movements since a damaged CST 

would theoretically be worse than an intact CRST at mediating in-synergy movements (Figure 

11 middle column, top graph).  

 
Figure 11: Two conceptual models (Exclusive and Shared Models) of how the motor system could use the 

cortico-reticulospinal tract (CRST) and ipsilesional corticospinal tract (CST) to control arm movement after 

stroke.  

For all graphs, the x-axis represents impairment, quantified using the Upper Extremity Fugl-Meyer Score 

(UEFM). Lower UEFM scores indicate more severe impairment and higher scores less severe impairment. Left 

column: Tract Capabilities. As a basis for both conceptual models, these two graphs plot the theoretical capability 

of the CRST and CST to perform two different classes of movement as a function of impairment level. The 

classes are: in-synergy (top graph) and out-of-synergy (bottom graph). CRST is well-structured to mediate in-

synergy movements (red dotted line, top graph) because of its more diffuse pattern of termination onto the flexor 

and extensor motoneuronal pools. It thus outperforms CST (cobalt dotted line, top graph), which must 

individually activate muscles to create a multiple-muscle synergy, which in turn requires that the parts of the CST 

responsible for activating each target muscle be preserved, and that these parts be preserved in sufficient quantity 

that the CST can sufficiently recruit those muscles. We further assume both CRST and CST capability depends 

on the level of anatomical damage to the tract, and thus tract capability increases with increasing UEFM for both 
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tracts.  CST is better structured to mediate out-of-synergy movements, an ability that emerges in the range UEFM 

[20-30] (bottom left graph). Middle column: Exclusive Model.  The dotted lines reproduce the capabilities from 

the left column graphs. The solid lines indicate by their color which tract is being used in the model.  For the 

Exclusive Model, the motor system chooses and sticks with one tract to perform all movements, although which 

tract it chooses depends on the UEFM score of the person.  At low UEFM scores (UEFM < 30), the motor system 

chooses the CRST (red) to control both in-synergy (top middle graph) and out-of-synergy (bottom middle graph) 

movements. At higher UEFM scores (UEFM > 30), it chooses CST (cobalt) to control both types of movements. 

As a result, at a moderate impairment level (UEFM [~30-40]), the Exclusive Model predicts a decrease in the in-

synergy task score as out-of-synergy task score increases. Thus, in the Exclusive Model, we expect a negative 

correlation between the in-synergy and out-of synergy scores in a moderate UEFM range. Right column: Shared 

Model. In this model, the motor system chooses which pathway to use based on the type of movement it wishes to 

perform, at any impairment level. We reasoned that if the motor system can use either pathway, it will choose 

CSRT (red) for in-synergy movement and CST for out-of-synergy (cobalt) movement. Thus, scores for both types 

of movements should monotonically increase over the UEFM range, following tract capability. In sum, we assert 

that we can distinguish the Exclusive from the Shared Model by testing if there is a dip in UEFM score for in-

synergy movement capability, causing a negative correlative with out-of-synergy movement capability. 

 

3.3. Methods 

 

We used UEFM measurements from 319 persons with a chronic stroke reported in 

several movement training studies at UC Irvine (Inclusion/exclusion criteria are presented in 

Table 4).67,95,97–101,167  In these studies, three licensed, trained physical therapists with more than 

15 years of experience performed the UEFM test using a standardized scoring methodology 

described previously.28 The inter-rater difference in UEFM scoring, as quantified in the scoring 

methodology study, as well as in other studies 25,27 is approximately constant across UEFM score 

and has a zero-mean normal distribution with a standard deviation of ~2. Thus, it is unlikely that 

inconsistencies in UEFM scoring methodology caused the patterns we describe below.   
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Table 4: Inclusion/exclusion criteria for the studies whose data we analyzed. 

The number in parentheses shows the mean duration post-stroke in years for the subjects in each study.   

 Study Number 

Inclusion\exclusion criteria 58 89 91 92 93 94 95 161 

Age >18 years x x x x x x x x 

Single Ischemic/ intra cerebral 

hemorrhage stroke 
x x x x x x x x 

Chronic (>3 months post stroke)  x (0.5)   x (3.2) x (5.5)    

Chronic (>6 months post stroke)   x (4.3) x (8.2)   x (5.4) x (3.3) x (2.6) 

UEFM 22-55 x x  x  x x x 

UEFM 10-30 (moderate to severe)   x  x    

Grip or pinch strength >1 kg x        

Visual acuity of at least 20/40 x x x x x x   

No severe cognitive disfunction x  x x x x   

No significant pain or instability   x x x    

No severe contracture of the upper 

extremity 
   x x x   

No severe sensation deficit    x     

No concurrent severe medical 

problems 
   x x    

Not participating in other therapy   x x x    

 

We grouped subjects by scores into eleven bins: 10-14 (n = 20 subjects), 15-19 (15), 20-

24 (23), 25-29 (15), 30-34 (35), 35-39 (18), 40-44 (25), 45-49 (17), 50-54 (29), 55-59 (84), 60-65 

(38).  Consistent with the way the UEFM scale is normally organized, we grouped UEFM test 

items into four classes: extensor synergy (3 items), flexor synergy (6 items), movement 

combining synergies (3 items), and out-of-synergy movement (15 items) (Table 5). We ignored 

the three reflex test items, since all subjects scored a 2 on the first two reflex items. The third 

reflex item – “Normal Reflex Activity of Biceps and Triceps” is evaluated only if the subject 

scores a total score of 6 on the “Volitional Movement No Synergy Dependence” task (Shoulder 

Abduction 90, Shoulder Flex 90-180 and Forearm Pro/Supination items) and therefore was not 
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scored for most subjects. We also ignored the score on the finger-to-nose task (Tremor, 

Dysmetria and Speed items) due to the unique scoring instructions. A subject who cannot move 

his arm will score a 2 for Tremor and Dysmetria since they are not observed, which is different 

from the scoring instructions for other items, where a 0 score is given for the inability to perform 

the task. Furthermore, Pandian et al.168 found no correlation between the above items and other 

items of the UEFM scale (except of a moderate correlation between “Normal Reflex Activity” 

and “stability of the wrist”), suggesting that these items lack interrelationship.  

Table 5: Test movements associated with the different movement classes for the UEFM  

Test Item 

Movement Class 

Extensor 

synergy 

Flexor 

synergy 

Movement 

combining 

synergies 

Out-of-

synergy 

movement 

Excluded 

Biceps reflexes     x 

Triceps reflexes     x 

Shoulder Retraction  x    

Shoulder Elevation  x    

Shoulder Abduction  x    

Shoulder Ext. Rotation  x    

Elbow Flexed  x    

Forearm Supinated  x    

Shoulder Add/Int. Rotation X     

Elbow Extension X     

Forearm Pronation X     

Hand to Lumbar Spine   x   

Flex Shoulder 90 degrees   x   

Forearm Sup/Pronation   x   

Shoulder Abduction 90    x  
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Test Item 

Movement Class 

Extensor 

synergy 

Flexor 

synergy 

Movement 

combining 

synergies 

Out-of-

synergy 

movement 

Excluded 

Shoulder Flex 90-180    x  

Forearm Pro/Supination    x  

Normal Reflex Activity     x 

Wrist Stability (Shoulder at 0)    x  

Wrist Flex/Extension 

(Shoulder at 0) 

   x  

Wrist Stability (Shoulder 

Flex/Abd) 

   x  

Wrist Flex/Ext (Shoulder 

Flex/Abd) 

   x  

Circumduction    x  

Mass Flexion    x  

Mass Extension    x  

Grasp A    x  

Grasp B    x  

Grasp C    x  

Grasp D    x  

Grasp E    x  

Tremor     x 

Dysmetria     x 

Speed     x 

 

We calculated the fraction of subjects who scored 0, 1, or 2 on each of the remaining 27 

items for each bin of total UEFM score. For each movement class, we averaged these fractions 
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across the items belonging to that class. Note that a score of 0 corresponds roughly to the concept 

“can’t perform,” 1 “can partially perform,” and 2 “can successfully perform,” with the criteria 

for assigning a score defined specifically for each test item so that trained raters can achieve a 

high level of consistency.28,89,91 

To compare fractions of subjects who scored 0, 1, or 2 between bins, we calculated the 

difference in fraction for each item between bins and grouped them into the previously defined 

movement classes. Next, we compared between-bin differences for the four classes using 

nonparametric Mann-Whitney-Wilcoxon U-Test.169  We also tested for correlation between the 

total subscore for each movement class for the individuals’ scores using the non-parametric 

Spearman’s correlation coefficient and a sliding window of 10 points on the UEFM score to 

select subgroups of the 319 subjects for which to calculate the correlation. The total subscore for 

each movement class range was as follows: (0-12) for the flexor synergy, (0-6) for the extensor 

synergy, (0-6) for the combing synergies, and (0-30) for the out-of-synergy movement. We 

moved the sliding window over the range of the UEFM score, starting at F0 = 10.  Each window 

included all subjects in the data set who had a UEFM score in the range of: 𝐹 𝑖 1,𝐹

𝑤𝑖𝑛𝑑𝑜𝑤 ,𝑤𝑖𝑛𝑑𝑜𝑤 10, 𝑖 1 … 46 . We plotted the correlation coefficient at the UEFM value 

in the middle of each window. We set the required level for statistical significance using an 

unweighted Bonferroni correction170: α=0.05/N=46=1.1e-3, where N=46 is the number of the 

total correlation analyses we performed.   

 

3.4. Results 

 

As the total UEFM score increased, the fraction of subjects unable to perform the various 

classes of movements (i.e., scored 0 on them) generally decreased, while the fraction of subjects 

who could perform the movement classes (i.e., scored 1 or 2) generally increased, for all four 

classes of test items (i.e., extensor synergy, flexor synergy, movement combining synergies, out-

of-synergy movement, Figure 12).  The fraction of subjects who could partially perform the 

flexor synergy (i.e. scored 1) was the first to increase,  resulting in a greater fraction of subjects 

who scored 1 in the UEFM range [10-20] for flexor versus extensor synergy (McNemar mid-p 

test 171 = 0.03).  This increase in flexor synergy was followed by an increase in the fraction who 



54 
 

could perform the extensor synergy, movement combining synergies, and then out-of-synergy 

movement (Figure 12B).   

 

Figure 12: The fraction of subjects who scored 0 (A), 1 (B), or 2 (C), averaged across UEFM test items 

corresponding to four classes of movement.  

Colored area represents ± one standard deviation (D) The mean difference in fraction of subjects in bin 35-39 

who scored 2 on items compared to the fraction in bin 30-34, separated by movement class. Bars show mean ± 

one SD; * indicates significant difference between movement classes (U-Test). 

 

However, there was an exception to the general trend of increasing rate of recovery 

across movement classes as UEFM increased. The average fraction of subjects (across items in 

the movement class) that was able to fully perform the flexion and extension synergies did not 

increase as quickly as UEFM score increased into the range 35-39 (Figure 12C). This range is 

also where the fraction of subjects able to perform out-of-synergy movement started to more 

substantially increase.  To analyze whether this relative drop in recovery rate was statistically 
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significant, we calculated the change in fraction scoring a “2” between bins [30-34] and [35-39] 

for the four different classes (Figure 12D).  There was a significant difference between bins in 

change in fraction of subjects who scored a “2” on the flexor synergy class (Δ = -0.047; p = 0.01, 

U-Test) and extensor synergy class (Δ =-0.156; p< 0.01) when compared to the between-bin 

change in fraction of scoring 2 on the out-of-synergy movements evaluated for the same bins. 

The question arose as to whether this relative drop in in-synergy recovery rate compared 

to out-of-synergy recovery rate in this range also manifested for individual subjects. We 

calculated the correlation coefficient between the total subscore for each movement class using a 

sliding window of 10 points on the UEFM score to select subgroups of the 319 subjects for 

which to calculate the correlation (Figure 13).  Moving the sliding window resulted in 46 

correlation calculations (mean sample size across correlations = 63 ± 29 SD subjects;  minimum 

sample size = 40 subjects in the UEFM range [17,28], maximum sample size=130 subjects in the 

UEFM range [53,64]). We used a significance level corresponding to an unweighted Bonferonni 

correction (i.e., p = 0.0011).  For subjects in the moderate range, but not subjects in the severe or 

mild ranges, the summed subscore they achieved on out-of-synergy test elements was negatively 

correlated with the summed subscore on in-synergy elements, for both the flexion (p<0.0011, r 

ranging from -0.7 to -0.5 in UEFM range [27-44]) and extension synergy (p < 0.001 1, r ranging 

from -0.5 to -0.6 in the UEFM range [32-40]) (Figure 13A and 13B). A significant positive 

correlation was found at the UEFM range [15-18] for the extensor synergy and out-of-synergy 

movement (p<0.0011 r = 0.65).  A significant (p<0.0011) positive correlation was found between 

movement combining synergy and out-of-synergy movements in the UEFM range [25-30 

(r=0.48-0.63) and [57-60] (r=0.4). 
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Figure 13: Correlation analysis of the different classes of movements, as a function of UEFM score. 

We calculated correlation coefficients using a sliding window of 10 points on the UEFM score to select 

subgroups of the 319 subjects for which to calculate the correlation. Filled-in points indicate statistical 

significance (unweighted Bonferroni correction45: α=0.05/N=46=1.1e-3, where N=46 is the number of the total 

performed correlation analyses over the UEFM range [10-65]).  For subjects in the moderate range, but not 

subjects in the severe or mild ranges, the summed subscore they achieved on out-of-synergy test elements was 

negatively correlated with the summed subscore on in-synergy elements, for both the flexion and extension 

synergies. 
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As described in the Introduction, the ability to move out-of-synergy is hypothesized to 

rely on the CST in addition to the CST is mediating dexterous hand movement.8,13 To understand 

when the ability to move the hand emerges as a function of UEFM score, we analyzed dexterous 

hand items (mass extension & grasps A-E, n =6) compared to the arm items (and gross flexor 

grasp, n = 21) (Figure 14A). Similar to the synergy-based analysis, the fraction of subjects who 

could score 2 on the arm items was non-zero in the lower range of the UEFM, while the fraction 

who could score 2 on the dexterous hand items was near zero.  Thus, the ability to perform arm 

movements emerged before the ability to perform dexterous hand movements. The fraction of 

subjects who could score 2 on the dexterous hand items began to increase above zero at an 

UEFM score of about 22, with an increase in this tendency at an UEFM score about 34.  As a 

second measure of hand function, we plotted each subject’s Box and Block Test (BBT) score 

against the UEFM score, for the subjects for whom we had this data available as well as data we 

scanned from Platz et al.25, resulting in 140 subjects in total (Figure 14B). The Box and Block 

Test is an assessment for unilateral manual dexterity for which a subject is required to grasp, 

transport, and release as many blocks as possible in 60 seconds. The pattern was similar to the 

pattern for UEFM hand items: BBT score increased above zero around UEFM = 22, with a 

further increase around UEFM = 34. Thus, hand dexterity, presumably mediated by CST 

function, emerged in the moderate range of impairment, similar to the ability to move the arm 

out-of-synergy.   
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Figure 14: Analysis of gross upper extremity and dexterous hand movement ability as a function of UEFM score.  

(A) Fraction of subjects who scored a 2 on all UEFM arm items (and gross flexor grasp, black line) or dexterous 

hand items as a function of total impairment level. Colored area represents ±one standard deviation. The fraction 

of subjects who could well-perform dexterous movements exceeded zero when the total UEFM score was greater 

than 22, with a steeper increase in hand movement ability for subjects in the range [34-44] (B) The Box and 

Block Test (BBT) score as a function of total impairment level.  Subjects with UEFM greater than 22 were able 

to grasp and release blocks on the BBT test. An increase in the slope of the BBT score is again noticeable around 

UEFM = 34. 

 

Finally, returning to an earlier observation, the ability to perform the flexor synergy 

partially recovered before the extensor synergy for severely impaired individuals (UEFM [10-

20]). However, in an UEFM range of [20-40], the fraction of subjects who scored 2 on the 

extensor synergy significantly exceeded the fraction scoring 2 on the flexor synergy (McNemar 

mid-p <0.01). To gain insight into what drove this reversal, we examined the individual test 

items associated with the extensor and flexor and synergies.  The fraction of people scoring well 
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on the extensor items was relatively consistent across items, producing a low variance.   The 

fraction scoring well on the flexor items exhibited a larger variance.  We found that part of the 

cause of this variance was that, for subjects in the UEFM range [30-34], the fraction who could 

fully perform each of these test items was greater than 0.5 except for the Forearm Supinated 

item, which was 0.06.   When we removed the Forearm Supinated item, the fraction scoring 2 on 

the rest of the items grew from 0.54 to 0.64 and the variance decreased, more closely mirroring 

the extensor synergy recovery, but still not fully.  

Moreover, for the UEFM bins of interest identified in the initial group-wise analysis 

above (i.e., bins [30-34] and [35-39]), we observed that the change in fraction of subjects who 

fully performed the Forearm Supinated item was positive, while for all other flexor synergy 

items the change was negative.  Taking all items for the flexor synergy together, the absolute 

drop between these bins was not significant (p = 0.44). However, when we removed the Forearm 

Supinated item from this class, the drop in UEFM fraction became significant (p = 0.01).  Thus, 

the fraction of subjects who could perform the modified flexor synergy movement class dropped 

temporarily as recovery progressed. For the extensor synergy the absolute drop between those 

bins was not significant (p = 0.11).  

 

3.5 Discussion 

 

We first identified and compared two groups of people using archived data from several studies 

that performed UEFM assessments on 319 persons who had experienced a stroke at least three 

months previously. The first group (UEFM [30-34]) was rated as more impaired than the second 

group (UEFM [35-39]) based on UEFM score. Members of this first group had little to no hand 

dexterity and struggled to move the arm in a coordinated way (i.e., in “out-of-synergy” patterns). 

However, they were relatively better at performing arm movements “in-synergy.” These findings 

are consistent with the idea that this group relied on the CRST pathway. The second group 

included exhibited some return of hand dexterity and some ability to move the arm out-of-

synergy, consistent with the idea that this group relied on the CST pathway. In this UEFM range, 

the rate of recovery of the synergy classes was significantly less than the rate of recovery of the 

out-of-synergy class. When we further analyzed this observation, we found a negative correlation 

between in-synergy scores and out-of-synergy scores, but only for participants with UEFM 
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scores falling in a moderate range (UEFM [~30-40]). This tradeoff was not observed for groups 

of individuals who were rated as more or less impaired. A correlate to the presence of the 

tradeoff was whether the group had rudimentary ability to move out of synergy (defined as 

scoring ~23-50% on the out-of-synergy score) and rudimentary hand dexterity (defined as 

scoring ~3-10 on the Box and Blocks Test), both thought to be markers utilization of the CST. 

 

One way to interpret these findings is that individuals who rely on a severely damaged CST 

struggle to effectively use the CRST, consistent with the Exclusive Model of Figure 11. That is, 

there is some form of competition between the tracts, and it is not possible to share control 

between the tracts based on the type of movement (i.e., in-synergy or out-of-synergy) that one 

wishes to perform. Stated more precisely, we hypothesize that individuals in the chronic phase 

after a stroke with an UEFM score in a moderate range typically rely on “weak” residual CST for 

upper extremity movement control. They are worse at performing abnormal synergies than more 

impaired subjects because their “weak” CST is not as competent as the more impaired subjects’ 

CRST at generating those movements. 

Although it is sometimes criticized because it is a coarse, summed scale, the UEFM is 

one of the most widely used measures of upper extremity impairment in post-stroke 

hemiparesis.24,26,28,89 It has well-established reliability and validity across different stroke 

recovery time points24,26 and is associated with corticospinal tract integrity.134 A recent high-

resolution structural MRI study15 of both the brainstem and the cervical spinal cord found a 

correlation between motor impairment severity, assessed with the UEFM, and decreases in 

ipsilesional corticospinal tract integrity and increases in contralesional medial reticulospinal tract 

integrity. Hence, analysis of UEFM data can divulge changes in the use of motor pathways after 

stroke.  

The group analysis of UEFM scores presented here also supported several established 

concepts of stroke recovery.  One concept is that recovery proceeds in a pattern from movement 

in-synergy to movement combining synergy, to movement out-of-synergy, a concept that mirrors 

the relative ordering of the fraction of subjects who can do each of these movement classes 

(Figure 12C).  Another concept is that arm movement ability recovers before dexterous hand 

movement ability, which is supported by the data in Figure 14 A.  One more concept is that there 

is a bias toward flexion movements for more severely impaired persons.21,22,172 Flexor bias is 
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consistent with the higher fraction of the more-impaired subjects (UEFM [10-20]) who scored 1 

on the flexor synergy compared to the extensor synergy (Figure 12B). This flexor bias is 

congruous with the use of CRST by these individuals, as it has been shown in both non-human 

primates156 and in recent MRI human studies15 that CRST recruitment is associated with flexion 

synergy expression.  

However, even though a flexor bias was apparent at a severe level of impairment, 

extensor activity recovered more quickly as a function of UEFM score as UEFM score increased 

above 20.  We found that part of the explanation related to UEFM flexor synergy score 

properties: a single flexor synergy item -- the Forearm Supinated item --which was more 

resistant to recovery than the other flexor and extensor synergy items.  The flexor synergy score 

thus appears to contain an item that may be better associated with CST function, and this 

miscategorization might account for some of the apparent “lag” in flexor recovery in this range. 

However, it does not fully account for the lag, and thus there may indeed be changing rates of 

flexor and extensor synergy recovery that depend on impairment level, perhaps arising from 

specific properties of components of the CRST.  

 

3.6 Limitations 

 

  This study has several limitations that suggest directions for future research. First, while 

sensitive and reliable, the UEFM is a coarse scale, having only three levels of grading for each 

test movement. We moderated this limitation by examining data from a large group of subjects 

allowing us to generate a continuous measure of recovery for each test item (i.e., the fraction of 

subjects in a range of UEFM scores able to score 0, 1, or 2 as well as the summed subscores for 

different categories of movement). However, the results presented here should be tested using 

finer resolution measures of arm motor control, such as multi-joint force production capability, 

quantifying more precisely the ability to move in-synergy and out-of-synergy.   

Another limitation is that we had no imaging information about stroke location, 

including, importantly, the amount of damage to the CST; we instead relied on behavioral 

inference. Further, we had no imaging or neurophysiological data that confirmed our behavioral 

inferences about how our subjects’ motor systems used CST or CRST. Future studies should 

combine behavioral measures with imaging and neurophysiological measures to test the 
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competition hypothesis suggested here.  Evidence for increased involvement of the CRST 

following stroke, including what we present here, is still mostly indirect, and requires further 

anatomical and neurophysiological confirmation.  

Another pathway that may play a role in recovery is contralesional uncrossed CST.  We 

did not consider a possible role for  uncrossed CST here in part because its role in recovery is 

still uncertain as reviewed in Zaaimi et al.173 For example, in one study 174, synaptic responses 

measured in ipsilateral motor neurons innervating hand and forearm muscles evoked by cortical 

stimulation in both lesioned and control adult macaque monkeys were rare and weak. While we 

framed the interpretation of our results in terms of the putative roles of the ipsilesional CST and 

CRST in upper extremity recovery, we should mention another possible contributor to the 

emergence of abnormal synergies. Yao et al.175 found that, for unimpaired persons or persons 

with moderate impairment after stroke, the overlap in cortical activation in bilateral sensorimotor 

cortices (premotor, supplementary motor, primary motor and primary somatosensory cortices on 

the contralateral  and ipsilateral hemispheres) associated with either shoulder or elbow motor 

tasks decreased during motor preparation, but it increased in individuals with severe stroke. 

Additionally, for unimpaired persons, the cortical activity was restricted to cortices on the 

contralateral hemisphere, whereas for moderate to severely impaired persons there was a 

scattered bilateral activity. Thus, increase in cortical overlap and increased use of the CRST may 

be connected and both may contribute to the appearances of the abnormal synergies in more 

severely impaired persons. The decrease in cortical overlap found for the moderately impaired 

group might suggest that different residual cortical resources can be used for different motor 

tasks resulting in the increased ability to control individual joints (out-of-synergy movement) and 

increased dexterity. However, it seemingly cannot explain the decrease in the ability to perform 

in-synergy movements. If the use of different cortical resources can be modulated, it is unclear 

why several resources cannot be recruited to perform the synergies.  Future research should 

combine brain imaging of the cortex and brainstem with finer resolution assessment of arm and 

hand movement ability to test these concepts.   
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3.7 Clinical Implications 

 

 We recently published an analysis of the “rule breakers” or “non-fitters” of the 

proportional recovery rule.82 We showed that a special group of these non-fitters (22 < UEFM < 

40) responded better to intensive movement training in the chronic stage following stroke. Our 

current analysis suggests that this group is at least partially comprised of individuals who switch 

to using a “weak” CST, thereby exhibiting some return of hand dexterity and some ability to 

move the arm out-of-synergy. If so, a clinical implication is that there may be people with a 

“weak” CST who have not made the “switch” to using it.  In such cases, it would seem logical 

that rehabilitative movement training should focus on helping patients explore away from using 

the CRST toward using the CST.  This could presumably be accomplished by presenting tasks 

that require the CST, thereby promoting switching. Even though patients may experience a 

degradation in the ability to perform some arm movements as they attempt this switch, in the 

long run, achieving the switch to using the CST may help them achieve better upper extremity 

recovery. 
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CHAPTER 4: Out-of-synergy movement recovery after stroke depends on therapy type 

 

4.1 Abstract 

 

Objective: When a stroke damages the corticospinal tract (CST), it has been hypothesized that 

the motor system switches to using the corticoreticulospinal tract (CRST) resulting in abnormal 

arm synergies. Rehabilitation movement training should therefore focus on helping patients 

explore away from using the CRST toward using the CST to promote recovery of individuated 

control (i.e., out-of-synergy movement). We here try to answer which type of therapy and for 

which impairment level does therapy work best in improving out-of-synergy movements scores. 

Methods: We analyzed clinical assessments of 239 persons’ abilities to perform “out-of-

synergy” and “in-synergy” arm movements at baseline and end-of-therapy using the Upper 

Extremity Fugl- Meyer (UEFM) scale. We divide our data into 3 types of therapy: arm focused 

therapy, hand focused therapy and telerehabilitation which included a broad variety of both arm 

and hand exercises. 

Results: In the chronic stage for the moderately impaired group the telerehabilitation (p=0.012) 

and the hand focused training (p=0.019) had a significantly larger effect on the out-of-synergy 

score. For the mildly impaired group, the telerehabilitation (p=0.018) therapy had a significantly 

larger effect on the out-of-synergy score. 

Conclusion: In the chronic stage, therapy provided to moderately impaired patients should focus 

on more dexterous hand movements integrated into a variety of upper extremity exercises.  

  

4.2 Introduction 

 

Stroke is the fourth leading cause of death according to the World Health Organization 2019 

report1  and one of the three leading causes of disability-adjusted life-years (DALYs) worldwide 

with reported DALYs of 116445.1 years in 2016.2 Due to the limited acute treatment options 

after stroke (because of the short treatment window), the majority of patients present some 

paresis and limited function, most often of the upper limb and hand.3–6 Motor rehabilitation 

training is currently the most common treatment used to reduce motor impairment in stroke 

patients, and has been well-studied. For example, when the following search terms were entered 
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into the internet database PubMed: Stroke, Rehabilitation and Upper extremity, the search 

retrieved a total of 4682 articles from 1968 until Feb 2021, with more than 96% published in the 

last 20 years. However, despite this large amount of work, studies present results with high 

variability 45,97,104,176,177 and there is not agreement about the best movement training strategy.  

In our previously published work 82 we revisited the proportional recovery model, which states 

that people with hemiparesis after stroke appear to recover 70% to 80% of the difference 

between their baseline and the maximum Upper Extremity Fugl-Meyer (UEFM) score 3 months 

after stroke onset (i.e., recovery in the subacute phase). We showed that in general the previously 

reported proportion is a mathematical outcome of the way the scale is defined and the way the 

relation is computed. However, the proportion breaks when enough test items are discretely more 

difficult for a patient at follow-up, flattening the slope of recovery. We identified these items to 

be related to wrist/hand dexterity, shoulder flexion without bending the elbow, and finger-to-

nose movement, i.e., movements involving a higher level of motor control which relates to the 

use of the corticospinal tract (CST). Interestingly, we showed that a special group of these rule 

breakers who have a score of UEFM in the range of 22-40 in the chronic stage, responded better 

to intensive movement training in the chronic stage following stroke.  

In more recent work146, we next identified and compared 2 groups of people with chronic stroke 

using UEFM assessments. The first group (UEFM [30- 34]) was rated as more impaired than the 

second group (UEFM [35-39]) based on UEFM score. Members of this first group had little to 

no hand dexterity and struggled to move the arm in a coordinated way (i.e., in “out-of-synergy” 

patterns). However, they were relatively better at performing arm movements “in-synergy.” 

These findings are consistent with the idea that this group relied on the corticoreticulospinal tract 

(CRST). The second group exhibited some return of hand dexterity and some ability to move the 

arm out-of-synergy, consistent with the idea that this group relied on the CST pathway. 

However, the second group presented a negative correlation between scoring on the in-synergy 

items and scoring on the out-of-synergy items. These result support our proposed Exclusive 

motor control model, which presents the concept of a competitive model between the CST and 

the CRST. We suggested that this group of moderately impaired individuals at the chronic stage, 

which we previously identified as the group of the PR rule breakers, is at least partially 

comprised of individuals who switch to using a “weak” CST, thereby exhibiting some return of 
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hand dexterity and some ability to move the arm out of synergy as well some reduction in the in-

synergy performance. A possible clinical implication of these results is that there may be people 

with a “weak” CST who have not made the “switch” to using it. In such cases, it would seem 

logical that rehabilitative movement training should focus on helping patients explore away from 

using the CRST toward using the CST.  

The purpose of this study was, first, to investigate how different types of therapy map on to 

relative changes in in-synergy and out-of-synergy scores. Second, we sought to evaluate which 

type of therapy works best in improving out-of-synergy movement scores and thereby promoting 

the re-use of the damaged CST. Last, we investigated how different therapy types affect the 

change in out-of-synergy score for different impairment levels.   

 

4.3 Methods 

 

We used UEFM measurements of 239 persons with a chronic stroke (> 90 days) reported in 8 

movement training studies at UC Irvine (Table 6). 141,178–184 In these studies, three licensed, 

trained physical therapists with more than 15 years of experience performed the UEFM test using 

a standardized scoring methodology described previously.28 The inter-rater difference in UEFM 

scoring, as quantified in the scoring methodology study, as well as in other studies 25,27 is 

approximately constant across UEFM scores and has a zero-mean normal distribution with a 

standard deviation of ~2. Thus, it is unlikely that inconsistencies in UEFM scoring methodology 

caused the patterns we describe below.   

For all studies we included data from both the experiment and control groups (if it existed). The 

control group in each study received training with similar focused exercise without a robotic 

device181–183 , without feedback178 , different assistance level141 or in-clinic vs in the patient’s 

home using a computer184. Both groups in each study received the therapy for similar time 

duration.  
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We divided the studies into studies focused on a narrow repertoire (less than 20) of different 

types of arm movements, studies focused on narrow repertoire of hand movements, and a 

telerehabilitation study184 which included a board repertoire (88 exercises) of both arm and hand 

exercises. For each study we divided the patients into three bins based on their UEFM score at 

baseline; the groups are defined as:  severely impaired (UEFM [0-28]), moderately impaired 

(UEFM [29-43]) and mildly impaired ([44-66]) as seen Table 7.  
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When analyzing the data, we grouped UEFM test items into the four classes defined by 

the scale: extensor synergy (3 items), flexor synergy (6 items), movement combining synergies 

(3 items), and out-of-synergy movement (15 items), similar to the analysis we presented in our 

previous work.146 We ignored the three reflex test items, since all subjects scored a 2 on the first 

two reflex items. The third reflex item – “Normal Reflex Activity of Biceps and Triceps” is 

evaluated only if the subject received a total score of 6 on the “Volitional Movement No Synergy 

Dependence” task (Shoulder Abduction 90, Shoulder Flex 90-180 and Forearm Pro/Supination 

items) and therefore was not scored for most subjects. We also ignored the score on the finger-

to-nose task (Tremor, Dysmetria and Speed items) due to the unique scoring instructions. A 

subject who cannot move his arm will score a 2 for Tremor and Dysmetria since they are not 

observed, which is different from the scoring instructions for other items, where a 0 score is 

given for the inability to perform the task. Furthermore, Pandian et al.168 found no correlation 

between the above items and other items of the UEFM scale (except of a moderate correlation 

between “Normal Reflex Activity” and “stability of the wrist”), suggesting that these items lack 

interrelationship.  

 We then analyzed the change in each UEFM class score as a function of subjects’ baseline 

impairment and therapy type. To compare between groups, we used the nonparametric Mann-

Whitney-Wilcoxon U-Test with a significant level of p=0.05.  

 

Last Wu et al. (2020)180 and Cramer et al (2019)184 reported significantly different therapy 

duration compared to the other studies. We therefore also performed a relative analysis (rather 

than an absolute change analysis) compering the change in the out-of-synergy scores for each 

rehabilitation type with the corresponding change in the in-synergy scores, to exclude the total 

effect of treatment duration. We presented the relative change as an angle defined as follow: 

𝑎𝑛𝑔𝑙𝑒  

⎩
⎨

⎧atan
∆𝑜𝑢𝑡 𝑜𝑓 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑

∆𝑖𝑛 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑
      ∆𝑖𝑛 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 0 

0         ∆𝑖𝑛 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 0 & ∆𝑜𝑢𝑡 𝑜𝑓 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 0
90   ∆𝑖𝑛 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 0 & ∆𝑜𝑢𝑡 𝑜𝑓 𝑠𝑦𝑛𝑒𝑟𝑔𝑦 0

 

 

Moreover, Wu et al. (2020)180 and Cramer et al (2019)184 also included individuals who were 

earlier post stroke than reported in the other studies. To address the possible effect of time post 
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stroke on the reported analysis, we recalculated the recovery trajectory for Cramer et al (2019)184 

only and compared it with the recovery trajectory for the other three hand focused training.   

 

4.4 Results 

 

4.4.1 How do different types of therapy map to relative changes in in-synergy and out-of-synergy 

score? 

 

To investigate the recovery patterns due to the different types of rehabilitation therapy and for 

the different impairment levels, we plotted the normalized score changes in the out-of-synergy 

and in-synergy space (Figure 15). For this representation we considered the movement 

combining synergy class as part of the out-of-synergy movement class since this class of 

movements requires some ability of single joint control. For the in-synergy we combined the 

flexor synergy items and the extensor synergy items.  Each class score was normalized by the 

corresponding maximum possible score (i.e., 𝑀 36,𝑀 18 ). We 

first plotted the subjects’ individual trajectory (i.e., changes) in the normalized out-of-synergy 

and in-synergy space (Figure 15– left column) for all subjects considered in our analysis.  

The subjects in the severely impaired group (Figure 15, left column – orange lines) are 

characterized by more horizontally-oriented lines (i.e., greater change in the in-synergy score) 

whereas subjects in the moderately impaired group (Figure 15, left column – green lines) are 

characterized by more vertically oriented lines (i.e., greater change in the out-of-synergy score). 

 We note that one possible explanation for the presented trends could be the previously 

reported ceiling effect of the UEFM assement24 , which could make it so that the moderately and 

mildly impaired groups have little to no room for recovery on the in-synergy items. However, the 

subjects in the moderately impaired group (Figure 15, left column – green lines) mostly started 

with a normalized in-synergy score ~0.5-0.6, meaning they still had room for recovery for these 

types of movements. The subjects in the mildly impaired group (Figure 15, left column – purple 

lines) mostly started with higher in-synergy scores, but still had some room for full recovery. 

Therefore, the ceiling effect is most likely not the reason for the presented recovery pattern 

differences.  
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In addition to mapping trajectories, we also examined the concept of switching between 

control tracts. To do so we highlighted the individuals for whom there was an increase in out-of-

synergy scores and, paradoxically, a decrease in in-synergy scores following the rehabilitation 

therapy (Figure 17, left column - black lines).  These cases support our previously reported 

Exclusive control (competition between control tracts) model (Chapter 3).146 

           In the telerehabilitation study there was a significantly (Pearson's χ2 test185 p=0.0135, 

Figure 155 right column bottom figure) higher percentage of individuals presenting competition 

between the change in the out-of-synergy and the change in the in-synergy scores compared to 

the arm focused studies. We only counted the individuals with baseline in-synergy score greater 

or equal to the lowest baseline score presented in the competition group for the telerehabilitation 

study (i.e., in-synergy baseline ≥ 0.778), since in this study the individuals baseline scores were 

higher than in the other studies. 

Next, to gain more insight on how different types of therapy affect the recovery 

trajectories, we estimated an average trajectory by using a moving average. We re-ordered the 

data based on the individuals’ baseline in-synergy score and used a moving average with a 

window size of 10 (i.e., averaged results of 10 individuals). To present a clearer and less dense 

vector field we only presented every 3rd average results (Figure 15, second column). Each arrow 

represents a bin (group) trajectory, starting at the group average baseline score and finishing at 

the group average end-of-therapy score. We also estimated the point in the presented out-of-

synergy and in-synergy space when patients start to have some hand function (Figure 15, middle 

column - hand shape). We defined this point as scoring 3 on the Box and Blocks Test and 

estimated the corresponding UEFM (UEFMϵ [27,33])  based on our previously reported 

correlation between the results on the Box and Block test and the UEFM test (ref 146 , Figure 4B). 

From the estimated UEFM, we estimated the average out-of-synergy and in-synergy scores for 

this subgroup of patients from our current set of data; this point is indicated by the hand shape in 

Figure 15 middle column.  

All three types of rehabilitation presented a similar trend, starting with a more horizontal 

trend that steepened for less impaired groups. However, the rate at which the arrows change their 

trend (slope) was different for the three rehabilitation types. To better visualize this difference, 

we next estimated the slope for each bin and fitted a 3rd order polynomial to describe the slope as 

a function of the in-synergy normalized score (Figure 15, right column, top figure). From the 
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estimated slopes we then integrated to get estimations of the relation between the out-of-synergy 

normalized score (y-axis) and the in-synergy normalized score (x-axis) for each therapy type 

(Figure 15, middle columns -dashed lines, right column -middle figure). We repeated the slope 

curve fitting for windows 𝜖 [8,11], initial point 𝜖[first, third] and jump size 𝜖 [3,6] (total of 48 

curve fitting) and estimated the point (average ± standard deviation) in which the slope > 45° 

(i.e., greater change in the out-of-synergy score vs the change in the in-synergy score). For 

telerehabilitation therapy the change (slope>45°) occurred for a significantly (p<<0.001) lower 

in-synergy score, followed by the hand focused therapy (𝐶ℎ𝑎𝑛𝑔𝑒_𝑝𝑜𝑖𝑛𝑡 . 0.66

0.08, 𝐶ℎ𝑎𝑛𝑔𝑒_𝑝𝑜𝑖𝑛𝑡 0.74 0.06,𝐶ℎ𝑎𝑛𝑔𝑒_𝑝𝑜𝑖𝑛𝑡 0.86 0.11, Figure 17- right 

column ,middle figure, squares).  

 
Figure 15: Recovery trajectories in the out-of-synergy and in-synergy space as a function of therapy type, 

and impairment level. 

For this representation the movement combining synergy items and out-of-synergy items were 

combined and presented on the y-axis. Values were normalized by the maximum score for these two 

classes combined (Total =36). The x-axis presents the flexor synergy items combined with the extensor 

synergy items, normalized by the maximum score for these two classes combined (Total =18). Left 

column shows the individual trajectories for all subjects considered in our analysis. The severely 
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impaired group is displayed in orange lines, the moderately impaired group is displayed in green lines 

and the mildly impaired group is displayed in purple lines. Subjects for whom there was an increase in 

out-of-synergy score and decrease in in-synergy score after therapy were presented in black line. Top 

figure display data from the arm focused training studies. Middle figure display data from the hand 

focused training studies and bottom figure display data from the telerehabilitation study. The subjects 

in the severely impaired group are mainly characterized by horizontal lines, meaning greater change in 

in-synergy movement scores. The subjects in the moderately and mildly impaired groups are mainly 

characterized by vertical lines, meaning greater change in the out-of-synergy movements score. Both 

groups, however, still have recovery residual in both the in-synergy and out-of-synergy items and 

therefore the ceiling effect is most likely not the reason for the presented recovery pattern differences. 

Several subjects in these groups had an increase in out-of-synergy movement scores accompanied with 

decrease in in-synergy movement score (right column black lines) due to therapy which support our 

previously published Exclusive (competition) control model.146 Middle column shows the moving 

average estimated trajectories. Each arrow represents a bin (group) trajectory, starting at the group 

average baseline score and finishing at the group average end-of-therapy score. The point in the 

displayed space were on average stroke patients start to have minimal ability to use their hand (UEFMϵ 

[27,33], BBT=3) is presented with hand figure. We next estimated the slope angle for each arrow and 

fitted a 3rd order polynomial to describe the slope angle change for each type of therapy (right column, 

top figure). From the estimated slope angle, we then integrated to estimate the trajectories (middle 

column- dashed lines, right column- second figure): arm focused training (blue), hand focused 

training (black) and telerehabilitation study (red).  We repeated the described curve fitting for a total of 

48 times varying the window size ([8,11]), the initial start point ([1,3]), and the jump size [3,6]. From 

each estimated curve we next calculated the point in which the slope angle >45°. At this point the 

change in the out-of-synergy score was greater than the change in the in-synergy score. For 

telerehabilitation therapy the change (slope angle>45°) occurred for a significantly (p<<0.001) lower 

in-synergy score, followed by the hand focused therapy (𝑪𝒉𝒂𝒏𝒈𝒆_𝒑𝒐𝒊𝒏𝒕𝑻𝒆𝒍𝒆𝒓𝒆𝒉𝒂𝒃. 𝟎.𝟔𝟔 𝟎.𝟎𝟖,

𝑪𝒉𝒂𝒏𝒈𝒆_𝒑𝒐𝒊𝒏𝒕𝑯𝒂𝒏𝒅 𝟎.𝟕𝟒 𝟎.𝟎𝟔,𝑪𝒉𝒂𝒏𝒈𝒆_𝒑𝒐𝒊𝒏𝒕𝑨𝒓𝒎 𝟎.𝟖𝟔 𝟎.𝟏𝟏, right column ,middle 

figure, squares). 

  



74 
 

4.4.2 Question 2: Which type of therapy works best in improving out-of-synergy score? 

 

We next analyzed the change in the total score and the score for each movement class due to 

each type of therapy (Figure 16, Table 8). 

        The telerehabilitation therapy had a significantly (p<<0.001) larger effect on the total 

UEFM for the moderately and mildly impaired groups with respect to both hand focused training 

and arm focused training (Figure 16 -right column, Table 8). The telerehabilitation therapy had a 

significantly larger effect on the out-of-synergy recovery for the moderately and mildly impaired 

groups, followed by hand focused therapy (Figure 16 left column 4th plot, Table 8). For the 

severely impaired group there was not a significant difference in the out-of-synergy score change 

between the three types of therapy. However, the change in out-of-synergy score for the severely 

impaired group that participated in the telerehabilitation study was characterized with 

substantially higher standard deviation (𝑁 14 𝜎 1.2 ,𝑁 29 𝜎

1.2,𝑁 7 𝜎 4 .  

A similar recovery pattern was visible for the movements combining synergy, with a 

significantly higher increase in scores for the moderately and mildly impaired group in the 

telerehabilitation study, followed by hand-focused therapy studies (Figure 16 left column 3rd 

plot, Table 8). For the severely impaired group the telerehabilitation therapy had a significantly 

higher increase in scores with respect to arm-focused therapy studies (p=0.039). The three types 

of therapy had a similar effect on the in-synergy movements (Figure 16 left column, 1st and 2nd 

plots, Table 8), except for the flexor synergy and the mildly impaired group. The mildly impaired 

group in the telerehabilitation study had presented a higher increase in the flexor synergy score 

when compared to the corresponding mildly impaired group in the hand focused therapy studies 

(p=0.009).  
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Figure 16: UEFM total score and movement classes score changes as a function of therapy type. 

therapy focused on hand exercises (full line) therapy focused on arm exercises (dashed line) telerehabilitation 

therapy which combining both arm and hand exercises (dotted line). The telerehabilitation therapy had a 

significantly higher increase in the flexor synergy for the mildly impaired group. For both the mildly impaired 

and moderately impaired group there was a significantly larger increase in the movement combining synergy 

scores for subjects in the telerehabilitation study. For the out-of-synergy movements and the mildly impaired and 

moderately impaired groups the telerehabilitation therapy led to the largest increase, followed by therapy focused 

on hand exercises. 
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Table 8: Whitney-Wilcoxon U-Test p values for movement classes score changes. 

as a function of impairment level (sever/moderate/mild), and therapy type (hand focused therapy/ arm focused 

therapy/ Telerehabilitation) 

 

Movement class Impairment level Hand focused 

therapy – arm 

focused therapy 

Telerehabilitation - 

Hand focused therapy 

Telerehabilitation -

Arm focused therapy 

Total UEFM Severe 0.37 0.18 0.08 

Moderate 0.02 <<0.001 <<0.001 

Mild 0.88 <<0.001 <<0.001 

Flexor synergy Severe 0.6 0.34 0.2 

Moderate 0.22 0.43 0.12 

Mild 0.35 0.009 0.16 

Extensor Synergy Severe 0.8 0.3 0.19 

Moderate 0.74 0.19 0.39 

Mild 0.19 0.3 1 

Movements 

combining 

synergy 

Severe 0.27 0.2 0.039 

Moderate 0.51 <<0.001 0.016 

Mild 0.36 <<0.001 0.01 

Out-of-Synergy Severe 0.23 0.51 0.27 

Moderate 0.026 0.004 <<0.001 

Mild 0.32 <<0.001 <<0.001 
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Next, to exclude the possible effect of therapy duration on the presented trends, we calculated the 

relative change between the out-of-synergy direction and the in-synergy direction for each 

individual in each impairment level. We present this relative measure as an angle (as defined in 

the method section). The telerehabilitation therapy had a significantly (or close to significant) 

larger effect on the out-of-synergy direction (i.e., angle>45° in Figure 17) for the moderate (t-test 

p=0.016) and mild (t-test p=0.07) impairment levels. For the severe impairment level however, 

the telerehabilitation therapy had a significant larger effect on the in-synergy direction (i.e., 

angle<45° in Figure 17, t-test p =0.03). The hand focused training had a close to significant (t-

test p=0.052) larger effect on the out-of-synergy direction for the moderate impairment level 

only. For the severe and mild impairment levels the change in the out-of-synergy direction was 

similar to the change in the in-synergy direction (i.e., angle≅ 45° . The arm focused training had 

a significantly larger effect on the in-synergy direction for the severe impairment level 

(angle<45°, t-test p=0.003). For the moderate and mild impairment levels the change in the out-

of-synergy direction was similar to the change in the in-synergy direction (i.e., angle≅ 45° . 

When comparing between training types (Figure 17) on each impairment level, we found that for 

the severe impairment level there was no difference between all training types. Whereas, for the 

moderate impairment level, both the hand-focused training (p = 0.03) and the diverse arm/hand 

training (p=0.016), had a significantly larger angle (i.e., greater change on the out-of-synergy 

direction) with respect to the arm-focused training. For the mild impairment level, the diverse 

arm/hand training had a significantly larger angle with respect to both the arm-focused training 

(p=0.04) and the hand-focused training (p=0.02). 

 
Figure 17: Relative change between the out-of-synergy direction and in-synergy direction, presented as 

an angle. 
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The telerehabilitation and the hand focused training had a significant larger effect on the out-of-synergy for the 
moderate impairment level (visible as angle >45. ° . The arm focused training had similar change in both 

directions (i.e., angle≅ 𝟒𝟓°  for the moderate and mild impairment levels. 

 

4.4.3 Question 3: For which impairment level does therapy work best in improving out-of-

synergy movements score? 

 

Next, we compared the relative change between the out-of-synergy direction and in-synergy 

direction (calculated as the angle) for the three impairment levels. We considered each type of 

rehabilitation (Figure 17, Table 9). The moderately impaired group had a significant higher 

increase in the out-of-synergy score direction with respect to the severely impaired group for 

both the hand focused training (p=0.03) and the telerehabilitation therapy (p=0.016). For the 

hand focused training, the moderately impaired group also had close to significant (p=0.055) 

higher increase in the out-of-synergy score direction with respect to the mildly impaired group.  

Table 9 : Unpaired t-test p values for the relative change (angle) between the out-of-synergy direction and 

the in the on-synergy direction as a function of the impairment level and therapy type. 

 Impairment level 

Therapy type Severe - Moderate Severe - Mild Moderate - Mild 

Hand focused 

training 

0.03 0.86 0.055 

Arm focused 

training 

0.63 0.97 0.73 

Telerehabilitation 0.016 0.06 0.82 

Total <<0.001 0.06 0.14 

 

4.4.4 Evaluating the possible effect of time post stroke 

 

Another possible explanation for the presented trends can be the significant difference in the 

group average time post stroke (Table 7) between the telerehabilitation study184 / the hand robot 
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therapy180 and the other reported rehabilitation trials. To address this claim we repeated the 

trajectory analysis and compared the hand robot therapy180  with the other three hand focused 

training studies141,178,181 (Figure 18). The resulting trajectory curves are similar. Also, there was 

no significant difference in the in-synergy score in which the slope angle is greater than 45 (i.e., 

the point in which the normalized changed in the out-of-synergy direction is greater than the 

normalized changed in the in-synergy direction) when estimated with different window 𝜖 [3,6], 

initial point 𝜖[first, forth] and jump size 𝜖 [1,4] (total of 80 curve fitting).    

 
Figure 18: Recovery trajectories in the out-of-synergy and in-synergy space for the hand robot study180 

and three other hand focused training studies141,178,181. 
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The trajectory curves are similar and there was no significant difference in the in-synergy score in which the 
slope angle is greater than 45 (i.e., the point in which the normalized changed in the out-of-synergy direction is 

greater the normalized changed in the in-synergy direction) 

 

 

4.5 Discussion 

 

In our previous published work82 we presented an analysis of the “rule breakers” or “nonfitters” 

of the proportional recovery rule. We showed that a specific group of these rule breakers, who 

had a chronic UEFM score in the range of 22-40, benefited significantly more from intensive 

motor rehabilitation training in the chronic stage following stroke. In our recent published 

work146, we showed that subjects in this range of the UEFM start to score higher on the out-of-

synergy items and start to recover on some hand function. However, we also found a negative 

correlation between in-synergy scores and out-of-synergy scores for participants with UEFM 

scores falling in the UEFM [~30-40]. This trade-off was not observed for groups of individuals 

who were rated as more or less impaired. These results support our Exclusive model of motor 

control; that is, there is some form of competition between the corticospinal tract and the 

corticoreticulospinal tract. Therefore, it is not possible to share control between the tracts based 

on the type of movement (i.e., in-synergy or out-of-synergy) that one wishes to perform.  

Based on these analyses, we hypothesized that at least some of the individuals in the 

chronic phase after a stroke in the moderate impairment level shifted from using the unimpaired 

corticoreticulospinal tract to using the “weak” residual corticospinal. The corticoreticulospinal 

tract mainly promotes synergetic movements, whereas by using the corticospinal tract one can 

start to recover some ability of individual joint control. This “shift” between control systems 

seems to allow the recovery progress.  

Here, we first sought to find which rehabilitation therapy best promotes this switch, 

which will be visible by the increase in out-of-synergy scores on the UEFM scale. To answer this 

question, we analyzed the UEFM assessment of 239 persons with a chronic stroke reported in 8 

movement training studies at UC Irvine. We divided our data into hand focused therapy studies, 

arm focused studies, and a telerehabilitation study which involved both arm and hand exercises. 

The telerehabilitation therapy had a significantly larger effect on the out-of-synergy movement 

score, followed by the hand focused therapy. This result suggests that in order to promote the 
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switch between control tracts, the rehabilitation therapy must include more dexterous hand 

movements.  

For the in-synergy movements however, the three types of therapy had similar effects.  

The exception was the mildly impaired level for the group who participated in the 

telerehabilitation therapy that demonstrated a significantly larger increase in the flexor synergy 

score with respect to the corresponding group belonging to the hand focused studies (p=0.009). 

This difference might be explained by the added arm exercises in the telerehabilitation therapy 

which “forced” the corticospinal tract to also practice more synergistic arm movements, perhaps 

becoming competent at making those movements using the individuated control tract – the CST.  

As stated before, in previous work82 ,we analyzed data (group average and standard 

deviation values) reported in several robotic rehabilitation studies and demonstrated that the 

moderately impaired group (which we identified as the proportional recovery rule breakers) 

benefited significantly more from the rehabilitation in the chronic stage when compared the total 

score of the UEFM. Here, we focused our comparison on the change in the out-of-synergy scores 

only and evaluated for which impairment level therapy worked best in the chronic phase. Similar 

to the analysis results of the total UEFM, we found that the moderately impaired group had a 

significantly larger increase in the out-of-synergy score with respect to both the severely 

impaired and the mildly impaired groups due to therapy. This result has clinical importance, 

suggesting that in the chronic stage, therapy provided to moderately impaired patients has high 

potential for promoting the switch to using the corticospinal tract, which would result in much 

greater recovery.  

To further capture how both the rehabilitation type and the impairment level influence 

recovery trajectories, we created “synergy trajectories”, in the out-of-synergy vs in-synergy 

space (Figure 15). For all three types of rehabilitation, at the severe level of impairment the 

subjects had a larger increase in the in-synergy direction (x-axis), and the portion of recovery on 

the out-of-synergy direction (y-axis) increased with reduced impairment level. However, the rate 

at which the above change occurred was different between therapy types. The arm focused 

therapy tended to improve more on the in-synergy movements till there was little to no-more 

room for recovery on those type of movements, and only then improved the out-of-synergy 

(visible as the significantly higher in-synergy score in which the trajectory slope was greater than 

45°, meaning higher change in the out-of-synergy scores with respect to change in the in-synergy 
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scores). In contrast, the telerehabilitation therapy and the hand focused therapy tended to 

improve both in-synergy and out-of-synergy movements at the same time (visible as a 

significantly lower in-synergy score in which the trajectory slope was greater than 45°). This 

result suggests that the telerehabilitation and hand focused therapy foster a faster ‘switch’ for the 

use of the CST.  

Another result, supporting this claim was that there was a significant higher percentage of 

individuals with a competition between the change in the out-of-synergy (positive change) and 

the change in the in-synergy scores (negative change) for the telerehabilitation study compared 

to the arm focused therapy (telerehabilitation: 25.6%, hand focused therapy 13.2% and arm 

focused therapy 3.4%).This result suggests that the telerehabilitation therapy, which was 

composed of various hand and arm exercises, was better in encouraging individuals with a “weak 

CST” to “break out of “ the abnormal synergy and practice higher level control movements.  

The presented results have important clinical implications, suggesting that therapy at the 

chronic stage should be focused on moderately impaired patients. In addition, in order to promote 

the transition between the control tracts, rehabilitation therapy should include a variety of 

dexterous hand movements, integrated with a variety of arm movements. 

This study has several limitations that suggest directions for future research. First, we 

used the accessible full UEFM assessments only from 8 previous reported rehabilitation studies 

performed in our collaborating labs, which is a limited source. Two of the analyzed studies had a 

significantly higher treatment duration and the stroke patient’s population had a significantly 

lower time post stroke with respect to the other studies. To moderate this limitation, we also 

performed a relative analysis, comparing the normalized changed in the out-of-synergy direction 

and the normalized change in the in-synergy direction. By doing so we exclude the possible 

influence of the treatment duration, assuming that larger treatment duration will have similar 

effect on both the out-of-synergy scores and the in-synergy score. To address the difference in 

the population time post stroke, we repeated the trajectory analysis only for the hand focused 

training. We compared the hand robot study, which had significantly lower time post stroke and 

the other three hand focused training studies. We found similar trajectories for both with no 

significant difference. However, future work should include larger data sets from several 

locations (different raters) with similar time post stroke and treatment duration.  
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Second, while sensitive and reliable, the UEFM is a coarse scale, having only 3 levels of 

grading for each test movement and it is known to have a ceiling effect, suggesting that the 

moderately and the mildly impaired groups have little to no-room for recovery on the in-synergy 

items. We moderated this limitation by examining the subject’s individual trajectories change in 

the normalized out-of-synergy and in-synergy space (Figure 17) for all subjects considered in our 

analysis. The subjects in the moderately impaired group mostly started with in-synergy scores 

~0.5-0.6, meaning they still had room for recovery for these types of movements. The subjects in 

the mildly impaired group mostly started with higher in-synergy scores but still had some room 

for full recovery. Therefore, the ceiling effect is most likely not the reason for the previously 

presented recovery pattern differences. However, the results presented here should be tested 

using finer resolution measures of arm motor control, such as multi joint force production 

capability, quantifying more precisely the ability to move in- synergy and out-of-synergy. Last, 

to provide a more complete picture, future research should combine brain imaging of the cortex 

and brainstem to test the presented concepts of competitive motor control system. 
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CHAPTER 5: Shaping dance performance with wearable sensing feedback 

 

5.1 Abstract 

 

Dancers work intensively for many years in order to learn a variety of complex movement 

abilities.  In doing so, they develop control flexibility, allowing them to move quickly away from 

established movement patterns toward novel ones.  Here, we studied this control flexibility by 

posing a multidimensional reinforcement learning problem to college dance students. We asked 

them to learn what types of movements would generate rewards, given as a binary vibration 

feedback to the ankle or wrist as they danced to popular songs. The feedback objective functions 

were a function of the limb acceleration: fast (above a threshold), slow (within a window), 

increasingly fast (gradient) and up/down fast movement. We found that dancers struggled to 

solve the problem. The simple, fast movement objective function was the only objective function 

for which there was detectable evidence of learning across the dancers, and only at the wrist. In 

total, only 14% of sessions deviated from the 95% confidence region of a random success model 

when looking at variance in the initial and final success rates. These successful learning sessions 

were uniquely characterized by 1) relatively low initial success rate 2) significant more wrist 

movements in the initial period, and 3) intermediate durations between successful movements 

(i.e., the dancers did not initially achieve a prolonged series of vibrations, but neither did they 

have long “droughts” of vibration). We conclude that wearable sensing feedback, defined on a 

multidimensional space, was not an intuitive method to shape movement performance, even for 

skilled dancers.  Control flexibility, when exhibited, was associated with early and severe failure, 

which seemed to promote exploration, as well as a decision to fractionate wrist and arm 

movement, which simplified learning. Experiencing intermediate durations between successful 

movements may have aided the motor system in solving the inherent credit assignment problem, 

because it could contrast the occasional success with the regular failure.  These results provide 

insights useful for encouraging flexible learning of new movement patterns with wearable 

feedback systems.    
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5.2 Introduction 

 

Motor training of both healthy subjects 186–189 and subjects who suffer from neurological damage 

such as  stroke 80,81, Parkinson’s disease 72 and spinal cord injury 73 has been a topic of increasing 

interest and research. In particular, the influence of adding augmented feedback (i.e., providing 

additional information by an external source, which can be a human expert or technical display) 

has been investigated. It’s effectiveness was shown to depend on the desired motor task 

complexity, the display media ,the feedback nature (error based vs reward based) and the time at 

which feedback is provided 48,53,190–192. 

Motor learning paradigms can be placed along a continuum based on the provided feedback, 

with supervised learning and unsupervised/reinforcement learning on the opposite ends. 

Supervised feedback/error based feedback is usually in the form of a quantifiable error that can 

immediately be interpreted with respect to the desired target. This type of feedback is mostly 

used in current robotic and home-based rehabilitation 65–68, but recent studies 72,73,75–77 suggested 

that, although this type of guidance prompts fast adaptation, it leads to poor retention.  

On the other hand, several studies have shown that unsupervised feedback/reinforcement 

feedback leads to better retention 76–80. During reinforcement feedback a series of sensory inputs 

is mapped onto a series of outputs without any formal model 70. An action (or a sequence of 

small actions) leads to either a success (reward), or a failure (no reward, and in some paradigms 

can be a punishment). Unlike in the case of supervised feedback, the feedback signal does not 

give information about what should be the “correct” output (i.e., the correct movement). In the 

case of a failure, the “learner” needs to make a change, but it is often not clear how or what to 

change and this can lead to undesired frustration. Another difference is that in reinforcement 

learning the feedback is usually given at the end of the movement and as a result it is typically 

delayed from where the error/s occurred. Therefore, the “learner” needs to decide when the 

movement got off the desired track and how it needs to be corrected, i.e. solve the “credit 

assignment” problem 71.  

In this work we focus on trying to shape complex movement with feedback provided as a 

vibration to the skin. The vibrational stimuli are guided by information on the acceleration of an 

extremity and provided during natural activity with minimum disruption and minimal latency 
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using wearable technology. Specifically, the purpose of this study is to investigate the 

effectiveness of reinforcement wearable sensing feedback, given as a vibration signal reward, 

and defined on a multidimensional space, as a method for shaping dance performance. We chose 

to focus on dance for two reasons; 1) Dance is a complex organized pattern of movement usually 

involving synchronization to music and/or other people.  As such, it provides a promising 

context for research of motor control and motor learning. When people dance, they must not only 

deal with a great number of degrees of freedom coming from manipulating many joints, muscles, 

and feasible movement directions, but also synchronize each movement with continually 

changing external information. Adding augmented feedback cues like vibrotactile feedback 

signals and investigating the change in the dance movements has the potential to yield new 

insights into the motor control system. 2) Dance students participate in long hours of motor 

training (1046.5 hours during academic year193 193 ), learning a variety of complex movement 

abilities.  In doing so, they develop control flexibility, allowing them to move quickly away from 

established movement patterns toward novel ones.  Here, we studied their control flexibility in 

the context of a wearable feedback task in order to gain insight into the conditions that promote 

such flexibility.  

5.3 Methods 

 

5.3.1 Experimental Design 

 

Subjects participated in nine sessions of data collection. Each of the nine sessions was 2 minutes 

long and associated with a song.  All sessions were recorded on the same day. During all 

sessions, vibrotactile feedback was given to the subjects via a watch-like device on the dominant 

wrist and on either the opposite ankle (bilateral – 7 subjects) or the ankle on the same side of the 

body (unilateral – 3 subjects). Two songs with similar properties (Table 11) were played, in a 

randomized order, during all sessions. The experiment included two tasks: Vibrotactile 

Sensitivity Test and Complex Motor Training. 
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Table 10: list of played songs.  

*BPM was estimated based on 194 using Matlab R2019b 

Song number Song Name Artist Released Genres 

Beats per 

minute 

(BPM) * 

1  Sucker Jonas Brothers 
 March 1, 

2019 

Tropical pop-

rock 
137.6 

2 
Never be the 

same 

Camila 

Cabello 

December 7 

,2017 

Power-pop; 

electro; dark 

pop 

130.4 

 

Vibrotactile sensitivity test (session 1) 

In order to confirm that the dancers could feel the vibrations we were to apply during the 

Complex Motor Training task, vibration signals, 20 /100 /300 msec long, were given at random 

times. The signals were 5.3±0.3 sec apart on average. Subjects were asked to stay in a sitting 

position and were asked not to move aside from the experimental response. They were asked to 

perform a small movement with the limb when they felt the vibration, right after the signal was 

given, and then return to rest position. Song number 2 was played during the test. A response to a 

vibration stimulus given at time 𝑡  was counted if acceleration greater than 0.2m/sec was 

recorded at 𝑡 , 𝑡 1 𝑠𝑒𝑐. The response time was defined as the time difference between 

stimulus onset and the time when the acceleration first exceeded 0.2m/sec. 

 

Complex motor training (sessions 2-9) 

 

These sessions were formulated to study the effectiveness of reinforcement motor training during 

complex dance practice where the desired movement pattern is unknown and the subject is 

required to explore and solve a credit assignment problem. A vibration signal was given when a 

movement that satisfied the defined objective function was performed by the subject. The 
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subjects were instructed to dance in a way such that they received as many vibration signals as 

possible, i.e., learn the desired movement pattern while dancing. Four objective functions 

(movement patterns) were displayed in a balanced randomized order 195, each presented with 

both songs (8 dance sessions total). 

As described in more detail below in the Apparatus section, the experiment was performed in a 

Motion Capture (MoCap) Lab to capture full body 3D kinematic data. For 7 subjects, the 

physical activity intensity level was assessed using heart rate monitor (FitBit) and the Borg 

Rating of Perceived Exertion. 196,197. They also completed an effort and motivation questionnaire 
198 at the end of session 9.  

 

5.3.2 Subjects 

 

A total of 10 healthy dance college students were recruited. Table 12 summarizes the subjects’ 

demographic information. Participants had to meet the following criteria: 1) No history of a 

neurological disorder or sensory deficit. 2) 18 years or older. 3) No health restrictions for 

performing physical activity. 

The study was approved by the University of California Irvine Institutional Review Board, and 

all subjects signed an informed consent form prior to participation.  
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Table 11: Reinforcement learning using wearable device experiment, subjects’ demographics. 

 Dancers (n=10) (mean ± standard deviation) 

Age (years) 20.5±4 

Dancing experience (years) 16.2±2 

Practice other sports No-9, Yes- 1 (Volleyball) 

primary form of dance 

Ballet 

Modern 

Jazz 

Contemporary 

 

5 

1 

1 

3 

Current Level of Training: 

 

Professional 

 

Intermediate (Student, pre-

professional, other) 

 

1 

9 

Hours of rehearsal/performance 

per week 

2.9+1.9 

Hours of dance classes that 

involve physical activity taken 

in a typical week 

11.7±2.7 

Hand preference (The 

Edinburgh inventory (Oldfield 

1971)) 

Right – 8 (Handedness score>56%) 

Left – 2 (Handedness score<11%) 
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5.3.3 Apparatus 

 

The vibrotactile feedback algorithm was implemented onboard a watch-like wearable device- the 

MiGo (FlintRehab , Figure 19A). The MiGo consists of a six degrees-of-freedom inertial 

measurement unit (IMU, LSM6DSL, accelerometer range set to ± 4G and gyroscope range set to 

± 500 degrees per second, both with a 16-bit resolution) and a DC motor. The feedback 

algorithm was performed at 52.3Hz. The data can be transferred to the computer using the 

Shockburst Enhanced wireless protocol with a secondary board (Figure 19B). A push button is 

used to switch between the different objective functions (long push >3 sec). The chosen 

objective number is displayed on the screen along with the number of vibrations given (Figure 

19C); however, the subjects were not able to see the screen during the trial.  

 

Figure 19: The wearable device system on which the feedback algorithm was implemented. 

A) MiGo watch, consisting of six degrees-of-freedom inertial measurement unit and a DC motor. B) 

Secondary board for data transfer C) Display during experiment. 

Full body motion in 3-dimensional space was captured (sampling rate: 100HZ) using the Vicon 

Motion System. The participants wear the Vicon Motion Capture Suit and forty 14mm markers 

were placed according to the Plug-In Gait Full-Body manual.199 The Vicon system consisted of 

28 infra-red cameras (16 Vicon T-160 cameras, 12 Vicon T-40 cameras), where a minimum of 3 

cameras were used to reconstruct the markers. Subjects’ measurements, needed for the model 

reconstruction, were taken using tape measure. In dynamic conditions the expected position error 

is less than 2 mm.200  
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5.3.4 Vibrotactile Feedback Algorithm 

 

The feedback decision algorithm was set as a function of the limb’s acceleration peaks, and 

feedback was given one time per movement (as described in the next paragraph). A peak 

detection algorithm with prominence of at least 0.1 g was implemented, assuming that a peak is 

the highest point between two valleys (Figure 20 - squares).  

The limb’s acceleration trajectories are first estimated in the local device rotating system using 

the Madgwich fusion algorithm at 104.6 Hz 201–204. Then the acceleration trajectories are low-

pass filtered (Butterworth 2nd order filter with 𝜔  0.23  and transformed to a coordinate 

system (e), with z direction defined as the earth gravity direction, to assure independence 

between the device location (right/ left hand / leg hand and pronated/supinated) and the 

algorithm implementation. 

During one movement, towards or away from the body, the limb’s acceleration amplitude has a 

double bell shape pattern corresponding to acceleration and deceleration periods 205–209. 

However, a dance movement is usually composed of two stages – away/ towards the body and 

back (without a stop), displayed as four peaks in the acceleration amplitude corresponding to two 

acceleration periods (positive 𝑎  and two deceleration period (negative 𝑎 ). Without the loss of 

generality, we only considered the two acceleration peaks with negative 𝑎  and provided 

feedback (vibration/no vibration) only on the first one. If there was a stop greater than 0.5 sec, 

meaning the second detected peak with negative 𝑎   appeared more than 0.5 sec after the first 

one, the second peak was considered as part of a new movement and with a second opportunity 

for feedback (Figure 20 – circles). 

If a third peak (with negative 𝑎  was found with time difference of less than 0.5sec from the 

first one, corresponding to limb movements with high frequency (~4-5 Hz), feedback was given 

since the presence of the third peak means that a complete out & back movement was completed 

following a new movement. It should be noted that error in the estimation of the gravity vector 

might result in a slightly shifted Z direction. However, since we only considered the sign of the 

trajectory to define the different stages (acceleration / deceleration) this error would not 

influence the feedback algorithm. 
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We note that there are other possible algorithms that can be implemented; for example, the signal 

can be given on the first peak and then only on every fourth peak or on the next peak occurring 

more than 0.5sec after the first one. However, this algorithm might be more sensitive to noise 

since each peak is being counted (if it has a prominence of at least 0.1 g), in contrast to the 

current proposed algorithm which also considers the pattern of the acceleration during a 

movement and only counts the peaks measured during the deceleration period.  

During the complex motor training (sessions 2-9), where no information besides the vibrational 

feedback was given to the subjects on the nature of the desired movements, four objective 

functions were defined based on the movement acceleration peak: 1) fast (threshold) 𝑎𝑚𝑝

1.8 𝑔 ; 2) window (slow) 0.4 𝑔 𝑎𝑚𝑝 1 𝑔; 3) increasingly fast (gradient) 𝑎𝑚𝑝

𝑎𝑚𝑝 0.15 𝑔; 4) up/down fast movement  𝑎𝑚𝑝 1 𝑔 & 0.8.  

 

Figure 20: Example of 10 sec of acceleration data showing the peaks and movements detected by the 

applied algorithm. 

Figure shows acceleration amplitude [g] (solid line), detected peaks (open square), detected movements 

(circle- open & full), movements when feedback was given (full circle) and the acceleration values triggering 

reward feedback (full colored area). 
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5.3.5 Data analysis  

 

The data collected from the MiGo devices had lower time resolution than expected due to data 

streaming problems, and therefore we only used the information about the total number of given 

vibrations. To analyze changes with time we used data from the MoCap system (2 markers on 

the wrist, ankle marker) to calculate when a vibration was given using the same algorithm as was 

applied on the MiGo, and the total number of rewards was compared for each session in order to 

validate the reliability of the data. A linear regression outlier analysis (Cook’s Distance/ DFFITS 

(Difference in fits standardized)/ DFBETAS: Difference in beta standardized 210,211) was 

performed on the data from the wrist and the ankle separately. A session which was identified as 

an outlier based on the wrist OR ankle data was removed, resulting in the removal of 9 of the 80 

sessions. The resulting linear regression models were significant (p<0.001, wrist: slope = 1.002, 

ankle: slope = 0.93) and with R-squared=0.9.  

The dancers’ results were compared to a random success model which was calculated assuming a 

fixed success probability for each movement 𝑃 ∈ 0.08,0.98  and a 120 movement session. The 

calculation for each probability was repeated 10,000 times and the average and standard 

deviation were calculated.   

 

5.4 Results 

 

5.4.1 Vibrotactile sensitivity test 

 

The sensation rate for all provided vibration stimuli was 78.2±13.4% at the ankle and 

91±13.5% at the wrist (Figure 21, left columns). The difference between the sensation at the 

wrist and the ankle was close to significant (p=0.073), with lower sensation at the ankle. The 

response time for all stimuli for all subjects was 0.46±0.12 sec at the ankle and 0.42±0.14 sec 

at the wrist. For three subjects the number of given stimuli for each type (20/100/300 msec) 

was recorded. The long stimulus (300msec) was presented 10 times on average at the wrist 

and 9 times on average at the ankle for each subject and had sensation rate greater than 90% 
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for both the ankle and the wrist (Figure 21- right columns). This stimulus was chosen for the 

complex motor training to ensure high sensation rate in both the ankle and wrist.  

 

Figure 21: Sensation rate [%] from the ankle device (grey columns) and the wrist device (white 

columns). 

Left column shows data for all provided stimuli (20/100/300 msec long) and right column shows data for only 

the long stimulus, *data from 3 subjects. 

 

5.4.2 Complex motor training (sessions 2-9) 

 

Was the reinforcement training effective? 

A learning process is characterized by increase in success level; therefore, we calculated the 

change in success rate between the first and last 20 movements. In most sessions the change was 

~0 (Figure 22 A&B). Only in 15 sessions (~21%) the success rate increased (>0) for both the 

ankle and wrist (N at wrist only = 27, N at the ankle only = 38) (Figure 22C).   



95 
 

 

Figure 22:  The success rate change distribution 

The success rate change histograms for wrist (A) and ankle (B). In most sessions the change was ~0. (C) 

Shows the number of sessions with change higher than Di (the change between the success at the last and first 20 

movements), for different values of Di. At only 15 sessions (21%) the change between the success rate at the last 

20 movements and the success rate at the first 20 movements was greater than zero at both the ankle and wrist. 

 

However, an increase in the success level can also occur in a random success model, with no 

learning, assuming some success probability 𝑃 . To identify the sessions where the behavior is 

not following the random success model, we plotted the success rate over the last 20 movements 

as a function of the success rate over the first 20 movement for all sessions and for a random 

success model (Figure 23 A&B). 10 sessions (14%) deviated from the 95% confidence region of 

the random success model at the wrist (Figure 23A) OR ankle (Figure 23B); however only for 4 

(5.6%) of those sessions was the change in the success level between the last 20 movements and 

the first 20 movements greater than zero in both the ankle AND wrist (Figure 23C) which 

indicating learning of the full task.  
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Figure 23: Random success model and the individual session results 

(A)&(B) The success rate at the last 20 movements as a function of the success rate at the first 20 movements for 

71 dance sessions; colors represent sessions with different objectives: fast acceleration (blue), window (red), 

increasingly fast (magenta), and up/down fast movements (green). Each subject is represented with a different 

symbol (127- circle,108- plus sign,129- asterisk,118- cross,124- left-pointing triangle,101- diamond,104-

pentagram,117-hexagram,103-upward-pointing triangle,102-square). The expected mean values (black line) for 

the random success model with different success probabilities are presented with the estimated 95% confidence 

region (gray area). The random success model was calculated over 120 movements and was repeated 10,000 

times for each probability (P= [0.08:0.98]) to estimate the mean and standard deviation. It can be noted that most 

of the recorded data follow the random success model (fully colored markers); however, there are some cases 

where the record data deviates from this model (open shapes) and can therefore suggest a learning process. (C) 

Success rate change at the wrist vs success rate change at the ankle for the 10 sessions where the behavior 

deviated from the 95% confidence region of the random success model. Only at 4 sessions was the change in the 

success rate greater than zero for both the ankle and the wrist. 
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To gain more insight into the learning process we compared several parameters by objectives and 

by individual sessions, where we compared the successful sessions (N=10) and the unsuccessful 

sessions (N=61).  

A) Initial vs final success rates 

At the level of the objectives, a significant increase in the success level was achieved only for 

the fast objective (Figure 24A, p=0.005) at the wrist and for the up/down fast movements at 

the ankle (Figure 24B, p=0.01). Interestingly, the performance for the window feedback 

objective worsened over time at the wrist. When excluding two sessions which deviated from 

the 95% confidence region of the random success model, this decrease is significant (N = 15, 

µ = -0.127, p = 0.0021). At the ankle, however, the increase was close to significant (N=20, 

µ =0.08, p = 0.065).  The performance for the increasingly fast objective had a unique 

response with both ankle and wrist initial and final success rate of ~50%.  

When comparing the 10 successful sessions with the unsuccessful sessions (N=61), the 

successful sessions had a significantly lower initial success level at both the ankle and wrist 

(two-sample one-tailed t-test: wrist p=0.0032, ankle: p=0.04); however, they finished with 

about the same (slightly higher) final success level as the unsuccessful sessions (Figure 

24C&D) (two-sample t-test: wrist p=0.44, ankle: p=0.41).   
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Figure 24: Initial vs final success rates, calculated over a period of 20 movements. 

A&B present the analysis by objective, where the initial success rate is plotted in grey and the final success rate is 

plotted in white. A shows data from the wrist and B shows data from the ankle. A significant (p<0.05) increase in 

the success level was achieved only for the fast objective at the wrist and for the up/down fast movements at the 

ankle. C&D present analysis by individual sessions, where the successful sessions are plotted in gray and the 

unsuccessful sessions are plotted in white. C shows data from the wrist and D shows data from the ankle. The 

successful sessions had a significant (p<0.05) lower initial success rate in both the ankle and wrist. 

B) Maximum distance between 2 adjacent successes 

In reinforcement learning, the early exploration phase is usually characterized by having 

unexpected rewards that lead to a large positive reward-prediction error and help 

consolidate successful behaviors70. We calculated the maximum distance (i.e., number of 

movements) between two adjacent rewards for each of the successful 10 sessions as a 

function of the success rate for the last 20 movements. This was compared with the 

average and standard deviation for both the random success model and the unsuccessful 

sessions. Similar to previous results, for all objectives, excluding the 10 successful 
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sessions, the mean value of the maximum distance between 2 adjacent successes 

(±standard deviation) lay inside the 95% confidence region of the random success model 

(Figure 25 A&B). Moreover, the up/down fast movements objective (for both the wrist 

and ankle) and the window objective for the wrist were characterized by relatively large 

distance between 2 adjacent successes which can explain the low rate of success. The 

long “droughts” of vibrations reduce the ability to solve the credit assignment problem.  

Interestingly, the 10 sessions in which learning occurred were outside or close to the 

border of the 95% confidence interval of the random success model and had intermediate 

durations between successful movements. For these sessions the “surprising” reward (i.e., 

the reward with the maximum distance to previous rewarded movement) occurred in the 

first half of the session on average (0.13±0.23 of session duration), but in some sessions it 

occurred in the second half of the session (Figure 25C). The change in the success rate 

after the “surprising” reward was significantly greater than zero (µ=0.27, p=0.0015). 

 

 

Figure 25: Maximum number of movements between two adjacent successes as a function of the success 

rate for the last 20 movements. 



100 
 

The 10 sessions on which learning occurred are plotted with the associated objective color: fast (blue), window 

(red), increasingly fast (magenta) and up/down fast movements (green), and the subject associated symbol as 

presented in Figure 5 (101- diamond,104-pentagram,117-hexagram,103-upward-pointing triangle,102-square). 

The average ± standard deviation for the unsuccessful sessions is plotted with squares and with the same 

associated colors for each objective. The average for the random model is plotted as a solid black line and the 

95% confidence region is presented with a shaded ellipse. A shows data from the wrist and B shows data from the 

ankle. The 10 successful sessions, on which learning occurred, are outside or close to the border of the 95% 

confidence interval of the random success model and have intermediate durations between successful 

movements. (C) The difference in success rate between 20 movements after and before the “surprising” success 

occurred (i.e. the success with maximum distance from adjacent success) is shown as a function of the 

occurrence normalized time (defined as the “surprising” movement’s number divided by the total number of 

movements). Each session is shown with the same color and shape as defined for A&B. Data points from the 

ankle are represented by open symbols and data points from the wrist are represented by filled symbols. The 

“surprising” reward occurred at the first half of the session on average (0.13±0.23) and the change in the success 

rate after the “surprising” reward was significantly greater than zero (µ=0.27,p=0.0015). 

 

C) Methodological search approach 

When provided a multidimensional exploration space characterized by multiple movement 

directions and defined over the wrist and ankle, we expected the dancers to practice a 

methodological search approach. One possible method could be decoupling the problem and 

initially exploring only with one limb. To test whether the dancers used this approach we 

calculated the difference between the number of wrist movements and the number of ankle 

movements for the first 20 sec, and for the total 120 sec for each dance session (Figure 26). 

Again, in agreement with previous results, the group had significantly more wrist movements 

than ankle movements at the first 20 sec only for the fast objective feedback function 

(p=0.006). Moreover, the successful sessions had significantly more wrist movements than 

ankle movements during the first 20 sec compared with the unsuccessful sessions (p=0.03); 

however, in both the successful sessions (p=0.30) and unsuccessful sessions (p=0.64) there 

was no difference between the number of wrist movements and ankle movements when 

looking on the entire session (120 sec). 
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Figure 26: Difference between number of wrist movements and number of ankle movements in the 

first 20 sec, calculated for each session. 

A) analysis by objective. The group had significantly more wrist movements than ankle 

movements in the first 20 sec (p=0.006) only for the simple fast objective function. B) analysis by 

session. The successful sessions had significantly more wrist movements than ankle movements in the 

first 20 sec compared to the unsuccessful sessions (p=0.027). 

 

D) Reduce variability in the exploitation phase 

In successful reinforcement learning, there are two phases: exploration and exploitation. 

During the exploration phase, the “learner” explores and discovers new movements based 

on his/her reward prediction and attempts to come closer to the desired target. This 

process involves increasing movement variability and results in a temporary reduction in 

performance, since the learner needs to leave local success in order to find the global 

success. The exploitation phase, on the other hand, is when the learner selects the 

movements he/she believes give the most reward and then practices these movements, 
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which can be interpreted as reduction of variability. Balancing exploration and 

exploitation is very important; with little exploration the learner may find a “good target”, 

but there may be a better one that will never be found. On the other hand, if the learner 

explores too much, he/she cannot stick to a path and will not be able to benefit (i.e., 

exploit). To investigate the change in variability throughout the sessions, we plotted the 

change (final 20 movements - initial 20 movements) in the acceleration amplitude (or 

direction ratio for the up/down fast movements objective function) coefficient of variance 

using a moving average of 10 movements (Figure 27). There was a significant decrease 

in the coefficient of variance only for the fast objective at the wrist and the up/down fast 

movements at the ankle (p<0.05). This result agrees with the change in success rate 

(Figure 24). However, not all successful sessions showed a reduction in variability 

(colored symbols), suggesting subjects may not have reached the exploitation phase in all 

cases. The 4 sessions in which the difference in the success level between the last 20 

movements and the first 20 movements was greater than zero in both the ankle and the 

wrist (Figure 23C) had a decrease in variability, supporting the assumption that in these 

sessions the learner reached the exploitation phase (Figure 27A – fully colored shapes). 
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Figure 27: Change (final 20 movements -initial 20 movements) in the coefficient of variance of the 

acceleration amplitude 

(or the direction ratio for the up/down fast movements objective function) using a moving average of 10 

movements: A shows data from the wrist and B shows data from the ankle. The values for the 10 

successful sessions are presented in colored symbols. Each subject is represented with a different symbol 

(101- diamond,104-pentagram,117-hexagram,103-upward-pointing triangle,102-square). The 4 sessions 

in which the difference in the success level between the last 20 movements and the first 20 movements 

was greater than zero in both the ankle and the wrist are presented in fully colored symbols. 

We did not find any correlation between the recorded physical activity intensity level (measured 

by heart rate and the Borg Rating of Perceived Exertion) and the success rate. We also did not 

find any correlation between the reported answers to the effort and motivation questionnaire and 

the success rate.  



104 
 

 In general, students enjoyed the task (µ=5.6±1.3, out of max 7) but reported that they had to put 

a lot of effort into the task (µ=5±0.9, out of max 7) and a moderate level of self-success 

evaluation (“I think I am pretty good at this activity”, µ=4.1±1.1, out of max 7). 

We also note that none of the dancers were able to verbally describe what the task was, and 

during some of the session they reported they were struggling and asked if they could be given 

some hints.  

5.5 Discussion 

 

5.5.1 Where the dancers able to utilize their control flexibility in the proposed context of a 

wearable feedback task? 

 

To answer this question, we first identified the successful sessions by comparing a random 

success model with the change in the success rate (initial 20 movements vs final 20 movements) 

for each session. Surprisingly, even though we initially hypothesized that college dancers who 

are acclimatized to  complex motor training would be able to learn the desired movement pattern, 

in practice, they struggled. Only for 14% of sessions did the change in the success rate in the 

wrist or ankle deviate from the 95% confidence region of the random success model, suggesting 

some learning. Moreover, the change in both the ankle and wrist success rate was greater than 

zero for only 5.6% of sessions.  

 

5.5.2 Which objective was easier to understand? 

 

At the group level, we found a significant increase in the success rate only for the simple fast 

movement objective function measured but only at the wrist. One possible explanation for the 

non-significant increase in the success rate in the ankle for this objective could be the difficulty 

of producing high acceleration at the ankle while dancing, resulting in fewer rewards at the ankle 

sensor. In other words, the dancers might have learned the required task but were not able to 

exploit it in the ankle as much as in the wrist. 
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          For the up/down fast movement, however, we found opposite trends: a significant increase 

in success rate only at the ankle and almost zero change at the wrist. We should note that the 

threshold for the up/down fast movement was 44% less than the threshold for the fast movement 

objective. The increase in the success rate at the ankle, for this objective might be explained by 

the more common and intuitive up-down leg movement during dance. However, the fact that 

there was no increase in the wrist success level in this case suggests that the dancers did not fully 

understand the required pattern and therefore did not exploit it for the wrist. For both objectives 

we also saw a significant decrease in the coefficient of variance for the specific limb where there 

was a significant increase in success suggesting that for that limb the subjects did converge to a 

repetitive pattern. For all other objectives we did not see a significant decrease in the coefficient 

of variance, supporting the conclusion that in general the dancers did not learn the desired 

patterns and did not exploit them.  

         Interestingly, for the window objective feedback function we saw close to significant 

increase in success rate at the ankle but also a significant decrease at the wrist (when removing 

the two sessions which showed a deviation from the random model)). These results may again be 

explained by the more common and easier relative low acceleration movement at the ankle 

which led to higher rewards. But again, the fact that we did not see an increase in the success rate 

at the wrist suggest that the dancers did not learn the desired task. Moreover, the success rate 

worsening over time at the wrist may suggest that learning to move in a narrow acceleration 

window (defined by two boundaries) was much less intuitive.  

         The increasingly fast (gradient) objective feedback function resulted in a unique behavior, 

where for both the ankle and the wrist, the initial and final success rates were around 50%. This 

was caused by the way we defined the feedback algorithm, where each movement is only 

compared to one previous movement. In this scenario, the above results suggest that while 

dancing there is a ~50% chance that the “second” movement will be faster than the “first” 

movement and therefore will be rewarded. The results also suggest that the dancers were 

satisfied by the frequency of the rewards given in both locations and did not explore for a better 

solution. For the fast objective, even though the initial group success level was also around 50% 

at the wrist, there was still evidence of learning; this might be due to the relatively low initial 

success rate at the ankle (~20%) that may have acted as the “motivation driver” for the 

exploration towards a better solution.   
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5.5.3 Can the successful sessions be uniquely defined? 

 

At the individual session level, we tried to understand how the 10 sessions that deviated from the 

random successful model can be characterized. First, we found that these sessions had relatively 

low initial success rates with respect to the expected population average final success rates. This 

suggests that initial challenge plays a key role for inducing exploration, and initial high success 

rate may lead to fixation of current practice movements and very limited if any exploration. The 

results for the increasingly fast accelerations objective function suggest that an initial ~50% 

success rate, in both the ankle and wrist, may be satisfying enough to limit exploration in the 

proposed training scenario. Second, the successful sessions had significantly more wrist 

movements in the initial period which can suggest that the dancers had a methodological search 

method to focus on one limb at first which in turn led to a better performance. We note that the 

dancers may have used other methodological methods and might have used more than one in 

each session. Future work should include a questionnaire about the approaches used in order to 

better understand the exploration processes. Third, we found that the 10 successful sessions had 

intermediate durations between successful movements, meaning they did not have series of 

vibrations, but neither did they have long “droughts” of vibration. The distance between 

vibration was long enough to be motivating and sometimes surprising but short enough that the 

dancers could interpret and connect the movements that led to vibrations. This result is in 

agreement with the reinforcement learning theory that “surprising” success and failure in the 

initial stage of exploration have an important role in the consolidation of the desired behavior 70.  

Last, the sessions for which there was an increase in the success rate for both the ankle and the 

wrist had a decrease in variability, suggesting that once the dancers “found” the maximum point 

(i.e., the movement/s that provided the maximum number of rewards) they practiced it repeatedly 

(i.e., exploited their knowledge).    

5.6 Limitations and Considerations 

 

The number of sessions in which a detectable learning was shown was small and therefore 

showing a significant (p<0.05) difference between the groups on different parameters was 

difficult. Moreover, we could not identify a “learner” who was able to learn all presented 
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objective functions and characterize this learner’s learning process. Second, we only tested the 

difference between the number of wrist movements and ankle movements in the first 20 sec 

when looking to identify a methodological search approach. Certainly, the dancers could have 

used other methods as well that we did not test for. Adding a questionnaire about their 

methodological search approach to the presented task would have helped gain more insight into 

the “ingredients” for a successful motor training using the presented reinforcement approach.   

 

5.7 Conclusions 

 

We conclude that wearable sensing feedback, defined on a multidimensional space, was not an 

intuitive method to shape dance performance.  We suggest introducing directional “hints” when 

the subject is searching in the wrong direction or oscillating around the target zone with no 

convergence.  These “hints” should be designed in a way that preserve the benefits from learning 

through exploration while avoiding undesired frustration and relinquishment. Moreover, the 

feedback should be designed in a way that a reward signal is provided only in response to the 

exact desired pattern and not in response to a statistical artifact as was seen for the gradient 

objective function.  

 

 

COI disclosure: 

David J. Reinkensmeyer has a financial interest in Flint Rehabilitation Devices LLC, a company 
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CHAPTER 6: Movement training using an adaptive reinforcement approach 
 

6.1 Abstract 

 

Objective: Recent work in motor training has shown that learning new movement patterns using 

a reinforcement learning paradigm improves retention of those patterns for both unimpaired 

people and people with neurological damage, compared to error-based feedback.  This suggests 

that reinforcement learning paradigms may be useful for rehabilitative movement training, a 

context in which they are seldom used. However, when the practiced movements are complex, a 

trainee receiving only reinforcement feedback may struggle to solve the credit assignment 

problem, becoming frustrated and demotivated.  In this work we developed and tested an 

adaptive reinforcement feedback algorithm based on the concept of providing hints to the trainee 

in the early exploration stage.  The goal was to gradually draw the trainee toward a target 

movement, thereby achieving reinforcement learning while reducing frustration.  

Methods: We developed a computer game in which the trainees were asked to ‘dance’ with their 

computer mouse and find the correct movement pattern to generate a reward. The reward was 

given as a visual change of the color of the mouse pointer. We compared learning outcomes and 

reported level of frustration for the proposed adaptive feedback and a fixed reinforcement 

feedback. We tested both location, direction, curvature, and speed-focused objectives. The game 

was played by a group of 16 female college engineering students. In total, they “mouse danced” 

in 28, one-minute-long sessions.  In the first and last sessions, no feedback was provided, in 

order to measure the complexity of their free movement.  In the intervening sessions, the subjects 

engaged in reinforcement learning, with or without adaptive feedback.   

Results: The adaptive feedback caused a significantly higher initial success rate with similar 

initial distance from target, as it was designed to, but also a significantly better final performance 

(i.e., higher final success rate and lower distance from target), indicating superior learning with 

respect to the fixed feedback. Subjects reported a significantly lower frustration level when 

playing the game with the adaptive feedback, but only for the speed objective. Frustration was 

most strongly associated with average success level, followed by initial success and final success 

levels.  There was a significant increase in movement complexity (measured as area covered, 
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velocity variability, and line form variability) in free dance mode following repeated exposure to 

reinforcement learning problems.   

Conclusion: Adaptive reinforcement feedback raised success levels, improved learning, and, in 

some cases, lowered frustration.  Repeated exposure to reinforcement learning may also be a 

viable technique to improve free movement diversity. 

 

6.2 Introduction 

 

Motor training has an important role in motor skill acquisition and motor adaptation in healthy 

subjects, for example in child motor development 212,213 and sport 186,189,214. It is also a key 

element in the rehabilitation process of subjects with different neurological disorders, including 

stroke 215,216, Parkinson’s 217,218 , hemiplegic cerebral palsy 219,220 and spinal cord injury 221,222.  

Many studies in motor training have studied the use of augmented feedback, defined as 

additional information provided to the trainee by an external source, which can be a human 

expert or technical display. The effectiveness of augmented feedback has been widely 

inverstigated in terms of  movement performance (such as the reduction of movement error),  

retention (how much of the learned skill is preserved once the feedback is removed and for how 

long) and transfer (how much of the learned movement/skill can be applied in a different 

context). The effectiveness of augmented feedback has been shown to be dependent on the 

desired motor task complexity, the display media, the feedback nature (error based vs reward 

based) and the time at which feedback is provided. 48,53,190–192  

The most common feedback used in current robotic and home-based rehabilitation is 

error based/supervised feedback 65–68. This type of feedback is usually in the form of a 

quantifiable error that can immediately be interpreted with respect to the desired target and can 

be provided during and/or after the completion of the desired movement. Such feedback has been 

shown to significantly reduce performance error.63,223–226, but recent studies have also shown that 

motor training with supervised feedback results in poor retention.72,73,75–77  

Another type of feedback is reward based/reinforcement feedback. This type of feedback 

is considered unsupervised feedback because only information on the successfulness of the 

movement (i.e., the reward) is provided at the end of the movement. Unlike in the case of error-
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based feedback, the information given does not supply any details on which aspect of the 

movement was incorrect and at what point in time the error occurred. Several studies have shown 

that this type of feedback leads to better retention. 76–80 One possible explanation is that finding  

new movement patterns through exploration rather than by being provided with the correction 

directions might be a more rewarding experience provided one can solve the exploration 

problem, which in turn leads to better retention.80,227,228 A neurobiological substrate for this 

effect has been identified: when reward is given, the dopamine system is used to transfer the 

reward-prediction error to the anterior cingulate cortex, where the decision of motor adaptation is 

carried out.229 The phasic increase in dopamine is thought to be the mechanism behind the 

consolidation of the desired successful movement.230  

However, a key issue in reinforcement learning is that the motivational effectiveness of 

the reward feedback depends on task difficulty, desirability of the reward at the time it is given, 

and the subject’s personality 231. In some cases, training with a reinforcement learning paradigm 

leads to frustration and unsuccessful motor training. In our previous work (Chapter 5) we posed a 

generalized multidimensional reinforcement learning problem to a group of movement experts - 

college dance students. They were asked to learn what types of movements provide the 

maximum rewards, given as binary vibration feedback to the ankle and the wrist. The feedback 

objective functions were a simple function of the limb acceleration, but this was not told to the 

dancers at learning onset. Results showed that the dancers struggled to adapt their dancing in a 

way that solved the problem, and, in most sessions, there was no evidence of learning. In many 

cases the dancers received only a small number of rewards that were relatively far from one 

another. They did not understand the required movement pattern despite their exploratory 

movements.  

In this study, we therefore introduced several modifications to improve learning 

outcomes. First, we reduced the degrees of freedom of the movement space from six (three 

translations and three rotations) to two (two translations on a surface). Second, we provided 

feedback on movement of one limb instead of two limbs. Third, we designed the target window 

sizes to allow initial success to be in the low-intermediate range, based on preliminary testing. 

Fourth, again based on preliminary testing with a variety of objectives, we chose objectives for 

which one receives a reward only by performing the intended task. Last, we designed an adaptive 
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reinforcement feedback algorithm intended to make the trainees feel they are succeeding 

throughout the game, right from the beginning, but also intended to still lead them to increasing 

precision in achieving the desired target movement. In this paradigm the trainees are provided 

with early positive feedback about any movement attempts that are even broadly near the target 

window, and then provided positive feedback if they continue to shape movement attempts 

toward the target window.  Thus, in essence, the size of the target window adapts based on their 

performance. The intent was to increase the perceptions of competence, leading to increased  

intrinsic motivation and learning 70,232.  

The purpose of this study was to evaluate the effectiveness of the proposed adaptive 

reinforcement feedback on motor training using a novel dance-inspired computer game, 

comparing learning outcomes from adaptive and fixed reinforcement feedback. A variety of one-

target reward objectives, including both spatial and velocity objectives, were evaluated. To 

evaluate the trainee’s ability to solve more complicated task, we also introduced a multiple-

targets objective on the first and last training sessions without informing the trainees on the 

complexity change. The game was played by a group of female college engineering students, 

who are known to have substantial methodical and mathematical backgrounds 233,234 and might 

approach the task in a systematic way exploring different learning techniques.  Our intent is, in 

future studies, to compare their performance to female college dance students. 

Five hypotheses were tested: The trainees will be able to learn the task (Hypothesis 1); The 

adaptive feedback will improve performance and result in higher success levels and reduced 

level of frustration (Hypothesis 2); When provided with multiple targets the trainees will more 

likely converge only to one target (Hypothesis 3); Performance will improve across played 

sessions and will correlate with a decrease in frustration levels (Hypothesis 4); The free dance 

complexity will increase due to repeated exposure to RL problems (Hypothesis 5). 
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6.3 Methods 

 

6.3.1 Experimental Design  

 

Subjects played a computer game (programmed in Python 3.8 for Microsoft Windows, sent as an 

executable file) composed of 28 one-minute-long sessions. During each session, the subjects 

were asked to “dance” to popular music with their computer mouse while the location of the 

mouse was visible as a colored ellipse moving on a dance floor picture (Figure 28). The picture 

was presented on the entire computer screen and the background dance floor picture was 

changed every ~5 sessions. The size of the ellipse was modified as a function of the velocity, 

where higher velocities were visualized with larger ellipse diameters.  

 

During the first and last (28th) sessions, subjects were asked to free dance by moving their mouse 

around to the music. For those sessions, the ellipse color was turquoise as long as the subjects 

kept moving their mouse. If no movement was measured for 0.2 sec (sampling rate ~50Hz) the 

ellipse color changed to yellow and subjects were reminded with a text prompt to keep moving 

(Figure 28A). During sessions 2-18, the subjects were asked to dance with their mouse in a way 

that makes the ellipse on the screen turn turquoise and stay turquoise. Every time the ellipse 

turned turquoise, and stayed like that for 1 sec, the score bar, presented on the right side of the 

screen, increased. The subjects were asked to try to make the score bar grow to the maximum 

and receive a star. If the subjects did not reach at least 50% of the score bar maximum height 

after 30 sec of play, an encouragement prompt with text such as “we believe in you” was 

presented. When the bar was above 80% of maximum height, a cheering prompt with text such 

as “You are a rock star” was presented (Figure 28B). On each session a new 

encouragement/cheering prompt was presented.  
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Figure 28: Screen shot of the game ‘dance floor’. 

(A) For the 1st session and the 28th session, the subject’s mouse is presented as a colored ellipse. The ellipse 

diameters are a function of the movement speed and the color is set to turquoise as long as a movement is 

detected, otherwise it is set to yellow. When the speed is zero for at least 0.2 sec an encouragement token is 

presented asking the subject to keep dancing. The score bar is set constant at 50% maximum height (B) For 

sessions 2-27, the subject’s mouse is again presented as a colored ellipse. The ellipse diameters are a function 

of the movement speed and the color is set to turquoise when the subject is moving inside the desired target 

zone, otherwise it is yellow. If the subjects did not reach at least 50% of the score bar maximum height after 

30 sec of play an encouragement token was presented. When the bar was above 80% of maximum height, a 

cheering token was presented and at 100% maximum height a star was added on the top of the screen. 

 

We tested five types of objective functions: 1) location 2) direction 3) velocity, 4) line form and 

5) combined objective (i.e., objectives 1-4 were applied together at the same time). Objectives 1-

4 were presented twice with two different targets (Figure 29). Each target was presented with 

two types of feedback: 1) fixed, where the feedback zone was constant for the entire session, and 

2) adaptive, where the feedback zone was modified based on the subject success, starting with a 

large feedback zone that was decreased as the subject entered the desired zone (Figure 29). 

Objective 5 was presented only with fixed feedback.  
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Figure 29: Experiment design: 

Five types of objectives were presented: 1) location, 2) direction, 3) speed, 4) line form and 5) combined (i.e., 

all 1-4 objectives were applied). Objectives 1-4 were presented twice with two different targets. For the 

location objective we chose target in the center of the screen and at the up-left corner of the screen. For the 

direction objective we chose up and down movements and diagonal movements as the targets. For the speed 

objective we chose two speeds:   fast (80 cm/sec) and a slow (10 cm/sec). For the line form we chose straight 

lines and curved lines as targets. Each of those targets was presented with two types of feedback: fixed and 

adaptive. For the fixed feedback the target zone was constant for the entire sessions, whereas for the adaptive 

feedback the feedback zone was modified based on the subject success, starting with a large feedback zone 

that was decreased as the subject entered the desired zone. The combined objective was defined as center 

location, up/down straight movements with slow speed and was presented only with the fixed feedback. 
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During sessions 19-27, all objectives were presented for the second time but only with the fixed 

feedback. All sessions were presented in a balanced randomized order 195. During each session 

music was played in the background. The music was composed of songs with similar properties 

that were presented in the same order for all subjects (Table 13). 

 

Table 12: list of played songs. 

*BPM was estimated based on 194 using Matlab R2020a 

Session 

number 
Song Name Artist Released Genres 

Beats per 

minute 

(BPM) * 

1 24K Magic   Bruno Mars.  18-Nov-16 Pop 107.14 

2 
I Dont Like 

It, I Love It  Flo Rida  1-Apr-15 

Dance & 

Electronic 118.11 

3 
 Shots  

Imagine 

Dragons 13-Feb-15 

Alternative 

Rock 120.00 

4 
Sweet but 

Psycho Ava Max 17-Aug-18 Pop 132.70 

5 
Last Friday 

Night Katy Perry  6-Jun-11 Dance - Pop 126.00 

6 

Bulletproof  La Roux 1-Jan-09 

Dance & 

Electronic, 

Pop 122.95 

7  Poker Face  Lady Gaga  5-Nov-09 Pop 119.05 

8 

 Nothing 

Breaks Like 

a Heart  

Mark Ronson  

ft. Miley 

Cyrus 26-Sep-19 Pop 113.64 

9 Moves Like 

Jagger  

Maroon 5 ft. 

Christina 

Aguilera   20-Jun-12 Pop 128.21 
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Session 

number 
Song Name Artist Released Genres 

Beats per 

minute 

(BPM) * 

10 

 Señorita 

Shawn 

Mendes, 

Camila 

Cabello  21-Jun-19 Pop 117.19 

11 
Move Your 

Body  Sia  29-Jan-16 

Pop, Pop 

Rock 128.21 

12 tik tok  Kesha  7-Aug-09 Pop 120.00 

13 Shake Senora 

Pitbull feat. 

T-Pain & 

Sean Paul 17-Jun-11 Pop 128.21 

14 
I Gotta 

Feeling 

The Black 

Eyed Peas 21-May-09 

Dance-pop 

128.2 

15 
On The Floor 

ft. Pitbull 

Jennifer 

Lopez 
8-Feb-11 

Dance -pop, 

Latin, House, 

Techno 130.4 

16 
We Found 

Love 
Rihanna 

22-Sep-11 
Electro house 

128.2 

17 Baby Justin Bieber 
18-Jan-10 

 dance-

pop, hip-hop  130.4 

18 
Let's Get It 

Started 

The Black 

Eyed Peas 22-Jun-04 

Funk, pop, 

hip-pop  105 

19 Hot N Cold Katy Perry 
9-Sep-08  Pop, dance-

pop 131.6 

20 
California 

Gurls 
Katy Perry 

 7-May-10 Disco-pop, 

Funk-pop   125 

21  Let The 

Music Play 

Shannon 1-Feb-84 Freestyle 118.1 
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Session 

number 
Song Name Artist Released Genres 

Beats per 

minute 

(BPM) * 

22 

Dance Like 

There's No 

Tomorrow 

Paula Abdul 

18-Jan-08 

Dance-pop 

118.1 

23  Black Magic Little Mix 21-May-15 Dance-pop 111.9 

24 Like A Lie Jetski Safari  
2013 

Dance, 

Electronic 122 

25 
Kings & 

Queens 
Ava Max 

12-Mar-20 pop 130.4 

26 
Break My 

Heart 
Dua Lipa 

25-Mar-20 

dance-pop, 

disco-punk 112.8 

27 Rain On Me 

Lady Gaga, 

Ariana 

Grande 22-May-20 

 house, dance-

pop and disco  123 

28 
Don't Start 

Now 
Dua Lipa 

31-Oct-19 

Nu-disco 

124 

 

At the end of sessions 2-27 the subjects were asked to rank their level of frustration while 

playing on a 1-7 Likert scale, and to describe in their own words what the desired movement 

was. At the end of session 28 they were asked to complete an effort and motivation questionnaire 
198.  

 

6.3.2 Subjects 

 

A total of 16 healthy young female college engineering students were recruited. Table 14 

summarizes the subjects’ demographic information. Participants had to be 18 years or older. The 

study was performed as exempt research with the documented exempt self-determination form 

created by the University of California Irvine Institutional Review Board. All subjects signed an 

electronic informed consent form prior to participation.  
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Table 13: Dancing mouse experiment subjects’ demographics 

 
Trainees (N=16) 

Mean (±standard deviation) 

age 21.2±1.1 

Major: 

Mechanical Engineering 

Chemical Engineering 

Biomedical Engineering 

Computer Engineering 

 

3 

2 

10 

1 

Grad students / 

Undergrad students 

  6/10 

Hand used  Right (N=16) 

Play musical instrument 7 

Play video games 6, plays 4±2.8 hours per week 

 

6.3.3 Feedback Algorithm 

 

Two types of feedback were tested: (1) fixed feedback where the target width 𝑤  was constant 

the entire session (2) adaptive feedback where the target width was modified based on the 

subject performance (Figure 28). 

For the adaptive feedback an initial zone was defined as follows: 

𝑖𝑓 𝑠𝜖 𝑇 ,𝑇 ,𝑅 1, 𝑒𝑙𝑠𝑒 𝑅 0,𝑊 ≫ 𝑤   1 ,  s is the objective parameter (i.e. 

location, direction, speed or line form), T is the target and R is the reward variable which equal 

to “0” when the ellipse is yellow and “1” when the ellipse is turquoise.   

Once the subject enters the target zone (i.e. Ri=1) and stays in the target zone for at least 1 

second, the target zone is modified to the maximum between the current objective parameter plus 
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a small increment and the fixed feedback zone: 

𝑖𝑓 𝑅 1 & 𝑠 𝛿 𝑊  , 𝑖 𝑡 , … . . 𝑡   

𝑡ℎ𝑎𝑛: 𝑊 max 𝑠 𝛿,𝑤     2  

𝛿 is a function of the given objective type (𝛿 10 𝑝𝑖𝑥𝑒𝑙𝑠, 𝛿 5°, 𝛿

5 ,𝑎𝑛𝑑  𝛿   5 𝑟𝑚𝑠 .  

All the calculations are made on the average s parameter for 0.2 sec (i.e., 10 values vector) when 

v>2 cm/sec and 0.5 sec (i.e., 25 values vector) when v< 2 cm/sec.  

 

6.3.4 Data analysis  

 

For each player two files were created and saved: (1) ‘.csv’ file (2) ‘.txt’ file. The ‘.csv’ file 

contained the following information saved in ~50Hz for each session: objective function number 

(0-17), mouse x location (pixel), mouse y location (pixel), initialized time played for each 

session (𝑡 ∈[0-60] sec), average velocity (cm/sec), current objective feedback (0- no feedback 

ellipse/ellipse color is yellow , 1- feedback provided/ellipse color is turquoise), current objective 

distance from target, current objective target zone radius. This file is then processed in Matlab 

2020a to analyze change in performance over time. The ‘.txt’ file contains the subject’s 

frustration level for each session, the subject’s task descriptions, the answers to the effort and 

motivation questionnaire and the total number of stars each subject collected during the entire 

game.  The statistical analysis (student t-test, paired for in group change and un-paired between 

groups, linear regression and correlation estimation, Wilcoxon Rank Sum Test) was performed in 

Matlab 2020a using statistically significance of 0.05.   

In the present work we defined a successful session as having a significantly (p<0.05) lower 

distance from target during the last 10 sec with respect to the distance during the first 10 sec. We 

note that we normalized each distance vector by its maximum value in order to compare between 

different targets (i.e., each distance vector ∈ 0,1 ). 

          The ‘free dance’ sessions analysis included calculation of the dance complexity and total 

normalized covered area. The dance complexity was calculated by 1) segmenting the data (using 

the zero velocity points, valid segment length>2), 2) estimating an average for the 4 dimensions: 
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location, direction, speed and linear regression RMS for each segment 3) clustering each 

dimension using Hierarchical clustering (with 'distance' criterion and cutoff defined for each 

dimension as the corresponding fixed target zone window size) 4) calculating the entropy for 

each direction as: 

 𝐸 ∑ 𝑃 log 𝑃          3     

where i indicates one of the identified discrete classes, and 𝑃      

   
. 

This approach was first validated on controlled cases. 

The total covered area was also calculated as the convex hull area using the ‘convhull’ function 

in Matlab 2020a and normalized by the total resolution area for each trainee.  

 

To gain more insight on what influenced the frustration level we tested several logistic regression 

models defining the initial success, final success, change in success (as a single predictor only) 

average (over the entire session) success, target type, feedback type and reported frustration level 

at previous session as possible predictors. We simplified our model by defining only 3 levels of 

frustration as follow: levels 1-2 as low frustration, levels 3-4-5 as intermediate frustration and 

levels 6-7 as high frustration. We used Matlab2020a logistic regression functions (mnrfit, 

mnrval, confusionmat) to fit and to evaluate the models. For each model we calculated the 

precision=TP / (TP + FP) and the sensitivity = TP / (TP + FN) for each frustration level, where 

TP is true positive rate (the number of sessions in which the model correctly predicted frustration 

level “i”), the FP is the false positive rate (the number of sessions in which the model incorrectly 

predicted frustration level “i") and FN is the false negative rate (the number of sessions the 

model incorrectly predicated a different frustration level). 

 

We also analyzed the trainees’ tasks descriptions by scoring them as follow: “2” if the 

description completely matched the target, “1” if it was partially matching (for example: 

answered move up-down when the task was straight lines), and “0” if they were not able to 

describe or provided a wrong description.  
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6.4 Results 

 

Hypothesis 1: The trainees will be able to learn the task. 
 

Figure 30 shows an example of successful ‘dances’ for the four given objective types. Samples 

for which rewards were given are presented in green. The exploration phase, in which the 

trainees tried different movements are mainly visible in black and sporadic green samples. Once 

the trainee entered the desired zone and learned the desired task, she exploited similar 

movements, as visible in the dense green area.  

 

 

 

 

 

 

 

 

 

Figure 30: example of trainees successful ‘dances’ for the four given objective types. 

(A) Up left corner target, given adaptive feedback zone. The reward zone is displayed in grey circles. The 

reward zone was decreasing as the trainee enter it and converge to the fixed feedback zone. (B) Up/down 

movements target, given adaptive feedback zone. Initially movements with 40°<angle were rewarded (red 

circle) and the threshold was next increased drawing the trainee to the desired target (70°<angle). (C) 

Slow speed target, given fixed feedback. The reward window is displayed in shaded green area. The 

initial exploration phase is visible in black where once learned the task the trainee converged to the 

desired reward zone (D) Curvature movements target with fixed feedback. Initially the trainee was 

moving in straight lines (black dense area) and received no feedback, once shifted to more curvature 

lines she received rewards and converged to moving in curved lines. 

 

A B 

C D 
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To capture the group learning, we calculated the moving average (window = 1 sec) success rate 

and the moving average distance from target for each trainee and each target and then averaged 

all together for each feedback type separately (Figure 31). For both types of feedback there was a 

significant decrease in distance from target (t-test initial 10 sec vs final 10 sec, p<<0.001) and a 

significant increase in success rate, over time played (t-test initial 10 sec vs final 10 sec, Fixed 

feedback p<<0.001, adaptive feedback p=0.004). The difference between the two feedback types 

will be discussed later on in this results section (Hypothesis 2). 

 

Figure 31: Group average learning curves: (A) Normalized distances from target (B) Success rates 

The presented curves are the averages (lines) ± standard deviation (shaded areas) calculated over all targets 

and for all trainees. Results from sessions in which a fixed feedback was provided are presented in blue. 

Results from sessions in which an adaptive feedback was provided are presented in red. For both types of 

feedback there was a significant decrease in distance from target and a significant increase in success rate, 

over time played. 

 

Next, we calculated the percentage of successful sessions (according to the definition presented 

in the method section). In total, ~63% of sessions were labeled as successful, with higher 

percentages for the direction, speed, and line form objectives (direction = 75%, speed = 59.4%, 

line form = 67.2%) vs the location objective (50%).  

 

60  60 
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To evaluate how the trainees self-assessed their performance with respect to their actual results 

we compared their answers to the motivation and effort questionnaire with the total number of 

received stars (a trainee received a star if she reached the score bar maximum height). The 

trainees felt more competent with greater success throughout the training session, as evidenced 

by a significant positive correlation between the total number of received stars and the 

individuals’ response to ‘I was pretty good at this activity’, p = 0.002, r=0.71.  They also felt less 

nervous if they had greater success, as evidenced by a significant positive correlation between 

the total number of received stars and the individuals’ response to ‘I did not feel nervous at all 

while doing this’, p = 0.001, r=0.73. We also found that the trainees found the game not boring 

(‘I thought this was a boring activity’: 2.7±1.6 on a 7 point scale) and enjoyed the play (‘I 

enjoyed this activity’: 4.8±1.6 on a 7 point scale). 

 

Hypothesis 2: The adaptive feedback will improve performance and result in higher success 

levels and reduced level of frustration. 

 

We first compared between the initial ([0-10] sec) and final ([50-60] sec) success rates and the 

initial and final normalized distances from target for all the sessions in which the adaptive 

feedback was provided and all the first played sessions in which the fixed feedback was provided 

(i.e., sessions 2-18). As expected, sessions in which the adaptive feedback was provided had 

similar initial distance from target but also had a significant (p<<0.001) higher initial success 

rate (Figure 31 and Figure 32, left column). However, sessions in which the adaptive feedback 

was provided also resulted in better final performance, visible as a significant higher final 

success rate (p=0.012) and a significant lower distance from target (p=0.008). 

To gain more insight on how the adaptive feedback affected the performance we calculated the 

average learning curves (success rate and distance from target as a function of time played) for 

each target separately (Figure 32, middle and right columns). The behavior was not unified over 

all targets. When provided with the center location target, sessions with the adaptive feedback 

had relatively high initial success rate that decreased over time played and converged (after about 

~1/2 of time played) to the measured success rate for the corresponding sessions with fixed 

feedback.  The distance from target measured for the center location target, however, was similar 
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for both feedback types. For the up-left corner location, up/down, fast and slow speed and 

straight lines targets, the sessions with the adaptive feedback started with relatively high initial 

success rate and maintain/increased that success rate throughout time played. For those targets 

the sessions with the adaptive feedback also had a significant (p<0.05) lower final distance from 

target. For the slow speed, the sessions in which the adaptive feedback was provided had a 

significant lower distance from target right from the beginning of the play. This result is an 

outcome of the way the reward zone was defined when initially almost no movement (very slow 

speed) was rewarded. This in turn resulted in a few individuals who right away moved very slow. 

For the diagonal target the sessions with the adaptive feedback had similar behavior to the 

corresponding sessions with the fixed feedback. Interestingly, for the curved lines target the 

sessions in which the adaptive feedback was provided resulted in lower success rate and higher 

distance from target with respect to the corresponding sessions in which fixed feedback was 

provided – the opposite of the group average.   
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Figure 32: Performance (success rate and distance from target) estimation for the adaptive vs the fixed 
feedback 

Left column top figure: Average initial ([0-10 sec]) and final ([50-60] sec) success rates for all sessions in which 

the fixed feedback was provided during the first 18 sessions (blue) and all sessions in which the adaptive feedback 

was provided (red). Left column bottom figure: Average initial ([0-10 sec]) and final ([50-60] sec) distance from 

target for all sessions in which the fixed feedback was provided during the first 18 sessions (blue) and all sessions 

in which the adaptive feedback was provided (red). For both types of feedback, the finial success was significantly 

higher and the final distance from target was significantly lower than the corresponding initial measurements, 

showing a group learning of the task. However, sessions in which the adaptive feedback was provided resulted in 

a significant higher final success and a significant lower distance from target.  Middle column: normalized 

distance as a function of time played for each target for both types of feedback. The average curve is displayed 

with a line and the average ± standard deviation is displayed in shaded areas. Curves for sessions in which the 

fixed feedback was provided are displayed in blue.  Curves for sessions in which the adaptive feedback was 

provided are displayed in red. Right column: success rate as a function of time played for each target for both 

types of feedback. The average curve is displayed with a line and the average ± standard deviation is displayed in 

shaded areas. Curves for sessions in which the fixed feedback was provided are displayed in blue.  Curves for 

Distance 
(Normalized) Success Rate 
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sessions in which the adaptive feedback was provided are displayed in red. We marked in each plot, for both the 

distance and the success rate, which feedback type (presented in the color of the symbol) had a significant lower 

initial value (marked as “I*”) and a significant lower final value (marked as “F*”). There was not a uniform 

behavior among all targets when comparing the sessions in which the fixed feedback was provided and sessions 

in which the adaptive feedback was provided. 

 

Next, we analyzed how accurately the trainees’ described what task they thought they had 

solved, comparing the fixed to adaptive feedback condition. Grouping all objectives, the trainees 

close to significantly described the task more accurately when provided with the adaptive 

feedback (adaptive feedback score 1.45±1, fixed feedback score: 1.19+1, Wilcoxon rank sum test 

p=0.063). Specifically, we found a significantly higher score (i.e., the trainees provided a better 

description of the provided task as a group) for the location (center location, adaptive feedback 

score: 1.33±1.05, fixed feedback score: 0.47±0.7, Wilcoxon rank sum test p=0.02) and speed 

(slow speed, adaptive feedback score :1.8±0.94 fixed feedback score: 1±0.93, Wilcoxon rank 

sum test p=0.03) when provided with the adaptive feedback compared to fixed feedback.  For the 

line form objective, however, we found a significantly higher score for the fixed objective 

(straight lines, adaptive feedback score: 1.27±0.59 fixed feedback score: 1.8±0.41, Wilcoxon 

rank sum test p=0.01). For all other targets there was no significant difference between the 

trainees’ answers when provided with the adaptive versus fixed feedback.  

 

The effect of the adaptive feedback on the frustration was estimated using the trainees reported 

frustration levels at the end of each session. Surprisingly, there was no difference in the average 

reported frustration level when comparing the adaptive and the fixed feedback (𝐹

3.7 2   𝐹  3.5 2.1 ). Training with adaptive feedback had a significantly lower 

frustration level only for the speed objective (p=0.005, 𝐹 2.3 1.5   𝐹  3.7

2). To gain more insight on what influenced the frustration level we first plotted the frustration 

level as a function of the initial success, final success, average success and change in success 

(Figure 33). In general, there are no significant difference in the visualized correlations between 

the fixed and adaptive feedback.  All tested parameters where significantly correlated (Pearson 
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correlation coefficient, p<0.05) with the frustration level, with the final success (r=-0.72) and 

average success (r= -0.75) being the most dominated ones.  

 

 

 

Figure 33: Reported frustration level as a function of (A) initial success (B) final success (C) change in 
success and (D) average success for both the adaptive and fixed feedback. 

All tested parameters where significantly correlated (Pearson correlation coefficient, p<0.05) with the frustration 
level, with the final success (r=-0.72) and average success (r= -0.75) being the most dominated ones. 

Next, we tested several logistic regression models defining the initial success, final success, 

change in success (as a single predictor only) average (over the entire session) success, target 

type, feedback type and reported frustration level at previous session as possible predictors.  

Figure 34 present the results for 8 different models that we evaluated. The simplest model with 

the highest precision and sensitivity for all levels of frustration was with the initial success, final 

success and average success as predictors (total accuracy = 72%, low frustration: precision = 

76%, sensitivity = 84%, Intermediate frustration: precision = 70%, sensitivity =62%, High 

frustration: precision = 68%, sensitivity = 72%). Adding more predictors did not substantially 

improve the results. The coefficient and the p values for this model are presented in Table 14. 

The average success was significant for both models (predicting low and high frustration), with 

the largest coefficient. The final success was only significant for predicting high frustration. 

A 

B 

C 

D 
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Figure 34: Logistic regression performance. Precision and sensitivity when models with different 

predictors were used to fit the frustration levels reported in total of 384 sessions. 

Grey bars show the sensitivity values. White bars show the precision values. The results for all three classes of 

frustration are reported. IS = Initial success, FS = final success, ∆𝑺 = change in success, AS = average success, 

F = feedback type, T = target type and PF= frustration level reported at previous session. The simplest model 

with the highest precision and sensitivity for all levels of frustration was with the initial success, final success 

and average success as predictors. 

 

Table 14: simplest logistic regression model for the frustration level, coefficient of predictors and their p 
values 

parameter 
𝑙𝑛

𝑃 𝐟𝐫𝐮𝐬𝐭𝐫𝐚𝐭𝐢𝐨𝐧 𝐥𝐨𝐰
𝑃 𝐟𝐫𝐮𝐬𝐭𝐫𝐚𝐭𝐢𝐨𝐧 𝐥𝐨𝐰

 𝑙𝑛
𝑃 𝐟𝐫𝐮𝐬𝐭𝐫𝐚𝐭𝐢𝐨𝐧 intermediate
𝑃 𝐟𝐫𝐮𝐬𝐭𝐫𝐚𝐭𝐢𝐨𝐧 intermediate

 

Coefficient P value Coefficient P value 
Intercept -5.20 <<0.001 -1.1 <<0.001 
Initial 
Success  -0.03 <<0.001 -0.02 0.02 
Average 
Success 0.11 <<0.001 0.05 0.007 
Final 
Success  -0.01 0.29 0.02 0.02 

 

Hypothesis 3: When provided with multiples targets the trainees will more likely converge only 

to one target.  

 

Sessions 2 and 27 included a combined objective (‘move in the center of the screen, 

performing up and down – straight line movement with slow speed’), however the trainees 
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were not informed that these sessions are any different from the other ones. We were 

interested to see if the trainees would look for combinations of possible targets or only focus 

on one. We first looked on the success rate in the initial ([0-10] sec), mid-session ([25-35] 

sec) and final ([50-60] sec) periods (Figure 35 left column). Interestingly, as a group the 

trainees did not practice the center location target which is indicated by a significant decrease 

in the success rate for this target and a very low final success rate. We could only see some 

evidence of learning as a group for the straight-line target (close to significant increase of 

success rate p=0.07). For the distance from target, however, we did not get any significant 

change throughout the time played for all 4 targets. To better understand the type of 

movements the trainees performed we looked on the success rates and the distance from 

target at mid-sessions, for all 4 targets for each individual in a radar plot (Figure 35 – right 

column). We saw several trends: (1) individuals who had a high success rate but only for the 

speed objective (9/32 sessions, Figure 35 right column - black lines) (2) individuals who had 

a high success rate for the up-and down and straight-line movements (6/32 sessions, Figure 

35 right column – green lines) (3) individuals who had high success rate for both speed and 

straight lines (6/32 sessions, Figure 35 right column – red lines) (4) individuals who had high 

success for the speed, straight lines and up-down movements (3/32 sessions, Figure 35 right 

column blue lines).  
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Figure 35: Results for the combined objective sessions 

Left column: success rates for each of the targets when the combined objective was given. The initial [0-10 sec] 

average success rates are presented in black columns. The mid-session [25-35 sec] average success rates are 

presented in gray columns. The final [50-60 sec] average success rates are presented in white columns. There 

was a significant decrease in the success rate for the center location target and close to significant increase for 

the straight lines target. Right column: individuals’ average success rates (top figure) and distance (bottom 

figure) at mid-sessions for all targets, represented in a radar plot. 

 

Hypothesis 4: Performance will improve over time played and will correlate with a decrease in 

frustration levels.  

 

The 8 targets with fixed feedback were introduced for the second time in sessions 19-26. The 

trainees were not informed that the targets were being repeated but they were told in the 

beginning of the game that a repetition of a target was possible. We calculated the learning 

curves (success rate and distance from target as a function of time played) for the first and 
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second play for all targets combined (Figure 36, left column) and for each target (Figure 36, 

middle and right column). The learning curves of the second play were very much a like the 

learning curves of the first play. For the up/down and the diagonal targets, however, the success 

rate curves for the second play seemed to reach the final success earlier in the session.  

 

 

 

compared between the initial ([0-10] sec) and final ([50-60] sec) success rates and the distance 

from each target for the first and second play of each objective (Figure 37: location -A, direction 

-B, speed -C and line form – D) and all objectives combined (Figure 37E). There was no 

significant difference between the success levels and the distance from each target at both the 

initial and final periods, for all objectives.  

There was also no significant change in the reported frustration level when comparing the second 

and first play (𝐹  3.5 2.1,𝐹  3.6 2). 

 

 

 

 

  

Figure 36:First and second play learning curves for sessions with the fixed feedback. 

Left column: The average (line) ± standard deviation (shaded areas) of the success rates (top figure) and 

distances from target (bottom figure) as a function of time played, estimated for all 8 targets combined. The 

estimated curves for the first play are presented in black. The estimated curves for the second play are presented 

in blue.  Middle column: normalized distance as a function of time played for each target for the first and second 

play. The estimated curves for the first play are presented in black. The estimated curves for the second play are 

presented in blue. Right column: success rate as a function of time played. The estimated curves for the first play 

are presented in black. The estimated curves for the second play are presented in blue. The learning curves of the 

second play are very much a like the learning curves of the first play. For the up/down and the diagonal targets, 

however, the success rate curves for the second play seemed to reach the final success a little but earlier in the 

session. 

Distance 
(Normalized) 

Success Rate 



132 
 

We did not find any significant difference in the reported frustration levels comparing the first 
and second play. 

 

Hypothesis 5: The free dance complexity will increase due to repeated exposure to RL problems. 

 

To investigated how the pattern of free movement dance changes after practicing with the 

proposed reinforcement paradigm, we calculated the complexity parameters difference between 

the second ‘free dance’ session (session 28) and the first ‘free dance’ session (session 1). We 

present this change (second ‘free dance‘ – first ‘free dance’) for each individual on the 5 

variables that we defined in the method section: the convex area, speed entropy, RMS entropy, 

location entropy and direction entropy (Figure 37, colored lines). On average (Figure 37, black 

line) there was a significant increase in the total covered area (∆𝐴= 0.23±0.19, p<<0.001), 

velocity entropy (∆𝐸 0.61 0.37, p<<0.001) and linear regression RMS entropy (∆𝐸

0.52 0.57, p=0.003). There was no significant change in the location (∆𝐸 0.13 0.64, 

p=0.4) and direction entropy (∆𝐸 0.02 0.4, p=0.8) 

 

Figure 37: The change (second ‘free dance’ – first ‘free dance’) on the covered area and the 4 defined 

dimension entropies. 
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Each individual change over the defined 5 parameters is presented in a colored line. The group 

average is presented in black line. In general, the last free dance session had significantly higher 

convex hull area (p<<0.001), velocity entropy (p<<0.001) and RMS entropy (p=0.002) 

 

6.5 Discussion 

 
 
We developed and studied a computer-based platform for teaching new movement patterns using 

reinforcement learning.  Our 2D dance training game platform was more intuitive than the 

previously tested 3D dance-motor training using wearables (Chapter 5) and resulted in more 

consistent learning. Moreover, the adaptive feedback algorithm we designed raised the success 

levels throughout training, while also allowing the trainees to better learn the desired task, as 

evidence by a reduction their final distance from the target compared to fixed feedback.  Thus, 

considered on aggregate, the platform and algorithm show promise. 

 

6.5.1 Target-Specific Performance  

 
 

However, learning was not consistent across all objectives.  Close examination of the 

learning curves for the different targets revealed several interesting results that we discuss now. 

Our goal is to provide insights into how movement training with reinforcement learning could be 

further optimized. 

First there was a significant difference between the performance on the center location 

target and the up-left corner location target at sessions in which the adaptive feedback was 

provided. This difference might be a result of the different way we changed the reward zone for 

these two targets. For the center location, the initial greater reward zone was scaled evenly in all 

directions (defined as a circle with some r around a center) whereas for the up-left location it was 

mainly changed in one direction since the center was close to the borders of the screen. This 

difference, which was not intentionally introduced, may have created confusion for the center 

location. Meaning, people found the location double-sided radius-depended window (i.e., 

𝑥 𝑦 ) to be less intuitive than when provided with a location window that was more 
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sensitive to only one direction. Another possible explanation is that usually at the beginning of 

the dance the trainees started from the center and then quickly started searching, moving toward 

the edges of the screen. By doing so the reward zone was immediately reduced, however, the 

trainees were still not able to make the connection between the rewards and their actions due to 

the short time of play.  

             Second, the adaptive feedback did not improve performance for the straight line and 

curvature targets. The reason for this might be the way the adaptive reward zone was differently 

defined for these targets. In these cases, we used a moving threshold (i.e., lower/higher allowed 

RMS threshold) whereas in other cases there was a window with adaptive size around the desired 

target.  

           Third, the adaptive feedback was the most effective for the speed targets and resulted in 

higher success rates throughout the time played and a significant reduction in distance from 

target. Moreover, for these targets we also found a significant reduction of the frustration levels 

when the adaptive feedback was provided. 

          Fourth, when provided with a combination of targets, without providing the information 

about the higher complexity of the task (i.e., the trainees were not informed that the task is a 

combination of required movements and that the reward is different for these sessions), the 

trainees mainly performed one or two of the required targets, with the speed being the most 

practiced one and the center location as the least practiced one. This result suggests that the 

engineers may have approached the problem by decomposing the possible movement types into 

subgroups and were not looking for high combination options. This has an important implication 

for future motor training design, suggesting that motor training should focus only on one/two 

targets each time.  

         Fifth, the learning curves and the frustration levels of the first and second play of the same 

targets were similar. We note that in the proposed paradigm the trainees were informed in the 

beginning of the game that sessions may be repeated, however, we did not provide a cue for 

when and if it happened. This finding indicates that in the short time played there was no 

evidence for generalization. This result is in an agreement with a recently published work by Wu 

at el.235 which found that people tend to under-generalize the extent of spatial correlations when 

practicing a task for 8-16 rounds. They also presented, using simulation data, that under-
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generalization largely leads to better performance than overgeneralization. However, these 

results do not necessarily affect the ability of the proposed paradigm for motor training. Here we 

introduced 17 different tasks and we asked the trainee to find a new target each time. For motor 

training, it may be better to focus on 1-3 targets and train each one separately for a longer period 

of time. As a reference, Hasson et al76 showed evidence for learning and retention for practicing 

one gait pattern using a reinforcement approach for a period of 10 minutes.  In addition, when 

practicing more than one target, the trainee should be informed when a new target is presented.  

            On the other hand, repeated, un-cued exposure to reinforcement training significantly 

increased movement complexity (measured as area covered, velocity variability and line form 

variability) in free dance mode. This result is very interesting, suggesting that by training with 

the proposed paradigm we can reshape the motor ‘vocabulary’ which later can be applied in 

other scenarios (i.e., transfer).   This relates to the finding of Chapter 4, in which the diverse, 

distally-focused training tending to help people with a stroke break out of synergy earlier.  

Perhaps repeated exposure to reinforcement learning problems through a paradigm such as the 

one proposes here would help people with stroke diversify their arm movement.  

 

6.5.2 Frustration  
 

A key issue in reinforcement learning is that in some cases training with this paradigm leads to 

frustration and unsuccessful motor training. Here, we hoped that by introducing the adaptive 

feedback which was designed to make the trainees feel they are succeeding throughout the game 

right from the beginning, we would be able to reduce the level of frustration. Interestingly, we 

found that the adaptive feedback significantly reduced the level of frustration only for the speed 

targets. However, a logistic regression model for the frustration revealed that the average success 

(calculated over all the time played) had the most effect on the reported frustration. Moreover, 

final low success rate at a significant positive effect on the likelihood of reporting a high level of 

frustration. The adaptive reinforcement improved average success and final success, but the 

increases was evidently not large enough to cause a statistically significant change in average 

frustration.  Nevertheless, these results suggests that future training systems should continuously 

measure the performance trajectory and provide extra hints when negative or no changes in 

performance are detected in order to maintain intermediate-high success rate throughout time 
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played.  We note that the logistic regression accuracy was ~70%, which can be expected since 

we were not able to model personality influence on the reported frustration.   

 

6.6 Limitations and conclusions 

 

We presented an adaptive reinforcement approach for motor training using a computer game. We 

showed that in general the proposed adaptive feedback resulted in higher performance, measured 

as higher success rate and lower final distance from target. Success during training predicts 

reported frustration.  However, only for the speed targets was there a significantly lower reported 

frustration level, for training using the adaptive versus fixed feedback.  

There are several limitations in the presented work. First, in the current version the location 

objective was not normalized using the screen resolution (like it was applied for the velocity 

objective) and therefore each trainee experienced a different setup. Second, the trainee group 

included only college engineer students. We intend to extend the study groups to include 

individuals with different education backgrounds in order to investigate the role of previously 

well-learned patterns on the effectiveness of the reinforcement motor training. Lastly, only ~63% 

of sessions were identified as successful. To further understand what affected the learning we 

plan to use the current data to develop a learning prediction model and identify the most 

important features for a successful result.  
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CHAPTER 7: Conclusions and main contributions 

 

Motor rehabilitation is paramount to achieve independence and increase quality of life 

after a neurologic injury or disease. This dissertation provides insight into the optimal conditions 

for machine-assisted movement motor training by studying the interplay between control 

synergies, a known motor control structure in which groups of muscle are stereotypically co-

activated, and reinforcement learning, a common motor learning mechanism, but one that has not 

been widely used in rehabilitation therapy. We studied this interplay in the contexts of 

rehabilitation after stroke and in dance training. We first summarize the main contributions in the 

area of rehabilitation after stroke, then in motor training using a reinforcement approach. We 

then discuss limitations and directions for future research. 

 

7.1 Motor rehabilitation after stroke 

 

Motor rehabilitation training is currently the most common treatment used to reduce motor 

impairment in stroke patients. However, currently there is no agreement about the best treatment 

strategy. In addition, the effectiveness of various motor training approaches has high reported 

variability.   

             One of the most reported recovery models in recent years is the Proportional Recovery 

(PR) model18,29–37. The PR model suggest that people, 3 months after stroke, appear to recover 

70% to 80% of the difference between their baseline and the maximum impairment score with no 

dependence on rehabilitation. However, recent works38,39 suggest that PR should be expected 

because of mathematical coupling between the baseline and change score. In our work, chapter 

2, we first provided a new interpretation of the slope of PR: it is the average probability of 

scoring across remaining scale items at follow-up. We also showed that the proportionality 

should therefore be expected for any stroke patient population with some average recovery 

probabilities on the different items of the assessment scale. Next, we found that the PR breaks 

when an individual has low recovery in a substantial number of items on the assessment scale. 

For the most used assessment tool, the Upper Extremity Fugl Meyer scale (UEFM), we showed 

that these items involve distal coordinated movements. We also showed that this group of rule 
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breakers benefited significantly more from rehabilitation delivered in the chronic phase after 

stroke when comparing previously reported 18 robotic rehabilitation trials using the UEFM.  

             To better understand the recovery patterns, we next analyzed clinical assessments of 319 

persons’ abilities to perform “out-of-synergy” and “in-synergy” arm movements after chronic 

stroke. In chapter 3, we showed that the PR rule breakers are the individuals who become 

“stuck” in using the abnormal control synergies, presumably relying mostly on the 

corticoreticulospinal tract (CRST) for motor control. We also presented two possible motor 

control models —a “Shared” and an “Exclusive” model—for how the lesioned corticospinal tract 

(CST) and CRST might be used in motor recovery after stroke. We reasoned that if the motor 

system can share control tracts to control different movements, then people with a stroke that 

preserves some CST function should be able to perform both in-synergy and out-of-synergy 

movements, and these abilities would follow similar recovery trends. That is, they should be able 

to use the CRST when they want to perform an in-synergy movement, and use the CST when 

they want to perform an out-of-synergy movement; however, if sharing is not possible, we 

expected that some people who use a damaged CST would, for some range of impairment, 

perform relatively worse on in-synergy type arm movements since a damaged CST would 

theoretically be worse than an intact CRST at mediating in-synergy movements. Our data 

analysis found a negative correlation between the in-synergy and out-of-synergy scores for only 

the moderately impaired group at the chronic stage, which are the ones we identified before as 

the PR rule breakers. This result supports the Exclusive model and suggests that the group of the 

PR rule breakers is at least partially comprised of individuals who switch to using a “weak” CST, 

thereby exhibiting some return of hand dexterity and some ability to move the arm out-of-

synergy.  

            To understand which type of rehabilitative movement training promotes the exploration 

away from using the CRST toward using the CST and therefore fosters recovery, we further 

analyzed data from eight previous chronic rehabilitation studies performed at UCI. In chapter 4 

we divided the studies into those focused on narrow repertoire hand training, those focused on 

narrow repertoire arm training, a telerehabilitation study that used a broad repertoire of practice 

movements that included both arm and hand exercises. We found that the telerehabilitation study 

had a significantly larger effect on the out-of-synergy movements score, followed by the hand-
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focused therapy, i.e., it apparently best promoted the use of the CST. We also found that the 

moderately impaired group, which again we previously identified as the PR rule breakers, had a 

significantly higher increase in the out-of-synergy scores for both the hand focused training and 

the telerehabilitation therapy.  

 We also developed a new methodology to analyze the clinical concept of “breaking out of 

synergy”.  Specifically, we plotted the recovery trajectories for all types of rehabilitation 

therapies on the normalized out-of-synergy (y-axis) and in-synergy (x-axis) space. We showed 

that all three types of rehabilitation presented a similar recovery trajectories trend; this trend 

started with a more horizontal trajectory that steepened for higher motor functioning.  This 

means that, at the severe level of impairment, the subjects had a larger increase in the in-synergy 

direction (x-axis) and the portion of recovery on the out-of-synergy direction (y-axis) increased 

with reduced impairment level. However, the rate in which the above change occurred was 

different between therapy types. The arm focused therapy tended to improve more on the in-

synergy movements till there was little to no-more room for recovery on those type of 

movements, and only then improved the out-of-synergy movements. In contrast, the 

telerehabilitation therapy and the hand focused therapy tended to improve both in-synergy and 

out-of-synergy movements at the same time. This result suggests that the telerehabilitation and 

hand focused therapy foster a faster ‘switch’ for the use of the CST.  Another result, supporting 

this claim was that there was a higher percentage of individuals with a competition between the 

change in the out-of-synergy (positive change) and the change in the in-synergy scores (negative 

change) for the telerehabilitation study compared to the arm focused therapy.  

             In summary, this dissertation developed new quantitative methodologies for analyzing 

large-scale clinical data in order to identify ‘incorrect’ movements in arm rehabilitation after 

stroke. We generated new insights into the composition of incorrect movements, the competition 

between the neural control tracts that mediate correct and incorrect movements, and the 

characteristics of movement training therapies and patients associated with converting from 

‘incorrect’ to ‘correct’ movements.  These novel findings have important clinical implications, 

suggesting that machine-based movement training at the chronic stage should promote the 

transition between the control tracts, inducing patients to try to execute a diversity of 

individuated movements rather than a narrow repertoire of arm movement.  In doing so, a 
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patient’s ability to execute the more routine, abnormal synergistic arm movements may 

paradoxically decrease.  

 Next, to better understand how to design effective motor training technologies that 

promote exploration away from established movement patterns, we investigated the use of 

reinforcement feedback, a motor training strategy that is straightforward to implement with 

technology and has previously been shown to produce superior learning retention.  

 

7.2 Motor training using reinforcement approach. 

 

The most commonly used feedback in motor rehabilitation training is error-based supervised 

feedback.65–68 In this form of feedback the information on how wrong the performed movement 

was and in what time the error occurred is provided to the trainee during or at the end of the 

movement. The supervised feedback was shown to significantly reduce performance error. 63,223–

226 However, recent studies have shown that motor training with supervised feedback has poor 

retention 72,73,75–77 in comparison to reinforcement feedback 76–80.  

             In chapter 5, we first investigated the feasibility of using a reinforcement approach for 

complex motor training using data acquired from a wearable device that was programmed in our 

lab. We tested it on a group of college dance students who had a long record of variance of motor 

training, and therefore we hypothesized that they would have high levels of control flexibility, 

allowing them to move away from their established movement patterns toward novel patterns, 

and that, by studying this flexibility, we could better understand how to promote such flexibility. 

Surprisingly, the dance students struggled in the proposed setup and we found evidence of 

learning only at 14% of performed sessions. The sessions that were identified as successful were 

uniquely characterized by:1) relatively low initial success rate, suggesting that in order to 

promote exploration the task should present some initial challenge; 2) significantly more wrist 

movements than ankle movements in the initial period, suggesting that the dancers may have 

decomposed the complex problem and focused only on one limb initially; and 3) intermediate 

durations between successful movements (i.e., the dancers did not initially achieve a prolonged 

series of vibrations, but neither did they have long “droughts” of vibration). 
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            When the dancers had low success incidents (long “droughts”), they were not able to 

learn the required movement. This led to undesired frustration. In chapter 6, we therefore tested 

the effectiveness of introducing an adaptive (rather than a fixed) reinforcement feedback. The 

adaptive feedback was designed as a success-based decreasing target zone. We hypothesized that 

the proposed adaptive feedback would better lead the trainee to the desired target and reduce the 

frustration. Due to the world pandemic, the experiment setup was shifted from a wearable device 

to a remote computer game that we developed.  In the proposed new setup subjects played a 

computer game composed of 28 one-minute-long sessions. During each session, the subjects 

were asked to ‘dance’ with their computer mouse while the location of the mouse was visible as 

a colored ellipse moving on a dance floor picture, and music was played in the background. The 

feedback was given as a visual feedback, i.e., by changing the color of the ellipse. For the 

adaptive feedback, the rewarded zone was defined with an initial large window that decreased in 

size as the subject entered the desired zone. We also investigated the performance difference for 

spatial objectives (location, direction, and line form) vs speed-based objectives and explored the 

success changes over time. We found that for both fixed and adaptive feedback there was 

evidence of learning in the proposed scenario (~63% of sessions were identified as successful 

sessions, as opposed to the 14% found for the previous whole-body dance experiment), with 

significantly higher performance for the adaptive feedback. This task was therefore more 

intuitive than the previously 3D dance task. We found that the adaptive feedback was most 

effective when provided with speed targets resulting in a lower level of frustration. We also 

found that after the motor training, subjects had used more variant velocities and line form and 

used more of the screen area in their free dance, suggesting that the motor training had an effect 

on one’s movements ‘vocabulary’.  

            The results of these two studies (chapters 5 & 6) provide new insights that can guide the 

design of sensor-based reinforcement feedback systems for motor rehabilitation training. First, 

the objective feedback function should be carefully designed in a way that one would get 

feedback only for the specific desired movement and not by practicing any alternative 

movement. Moreover, the training should focus on one or two targets for each training session 

and the trainee should be informed when a new target is introduced. Second, to reduce the 

undesired frustration and increase learning performance, the feasible solution space should be 

bounded and predefined to the trainee. Forcing exploration on an unbounded/large space would 
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most likely result in poor performance. Third, an adaptive feedback, designed to introduce some 

‘hints’, has the potential to reduce the undesired frustration while preserving the benefit from 

learning through exploration; however, the system should continuously measure the performance 

trajectory and provide extra hints when negative or no-change are detected.  

 

7.3 Limitations and future work 

 

The work done on the effect of different rehabilitation types on the out-of-synergy movement 

recovery has the potential of introducing new treatment protocols for stroke and should be 

expanded to include larger data sets. These data sets should include assessments performed by 

different raters, ischemic and hemorrhagic stroke patients, and patients in subacute and chronic 

phases, with similar treatment duration properties. Moreover, combining finer resolution 

measures of upper extremity motor control and brain imaging of the cortex and brainstem can 

provide a more complete picture of the motor control system after stroke and its recovery 

patterns.  We suggest creating an internet database (with unidentified information) that each 

researcher would be able to upload his/her UEFM records. The proposed website will 

automatically reproduce the analysis presented in chapter 4 and update the observed trends. 

Creating a worldwide database will also have great potential for identifying other future recovery 

patterns.  

For the motor training using a reinforcement approach we will further investigate the role 

of previously well learned patterns on the effectiveness of the reinforcement motor training. We 

suggest doing so by collecting data from dance college students playing the mouse dance game 

described in chapter 6 and comparing their performance with the college engineering group.  

These two groups, dancers and engineers, have fundamental education program differences. The 

dance students participate in long hours of motor training (1046.5 hours during academic year193)  

that consists of movement sequence training. Therefore, these students feel comfortable and are 

accustomed to motor training. In contrast, the engineering students do not necessarily have motor 

training experience but have substantial methodological and mathematical backgrounds 233,234 

and might approach the tasks in a systematic way, exploring different learning techniques.  
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          Secondly, we suggest using a neural network (NN) model and the data acquired to create a 

prediction model for successful learning. We suggest the following features as predictors: 

relative initial covered area, initial coefficient of variance for the velocity, initial coefficient of 

variance for the angle (slope), initial coefficient of variance for the estimated rms, initial success, 

resolution area, resolution ratio, mean initial velocity, average frustration in previous sessions, 

frustration in the one-previous session, final success in one-previous session, entropy 

measurements for the first free dance, and number of previously played sessions. The data will 

be labeled as successful sessions (class 1) and unsuccessful sessions (class 0). The result of the 

suggested prediction model will provide an important insight of the most effective parameters for 

learning using a reinforcement approach and can help create a more efficient adaptive approach.  

        Thirdly, we suggest testing a gradual adaptive feedback approach, where another color is 

introduced for “almost” successful attempts. In this paradigm the “almost successful zone” will 

be defined as the adaptive zone and will be decreasing in size as the trainee enters the zone. We 

hypothesize that by introducing the “almost successful” hint we can reduce the frustration that 

was observed in our original adaptive feedback, resulting from “rapid losing” of the “success” 

color when the successful zone was decreasing.   

        Fourthly, current work performed in our lab examines the incorporation of movement 

smoothness into wearable   feedback. However, smoothness metrics are known to be dependent 

on performed movements, type of measurement system, and placements of sensors236, and 

therefore can be very noisy.   This raises the question of how much a feedback metric can be 

variable and still provide valuable information to the trainee. The mouse dance game described 

in this dissertation (chapter 6) provides a good platform to test different predesigned variabilities 

for different target goals (i.e., spatial, velocity, acceleration, smoothness, etc.)  and drive the 

needed relation between type of objective target and allowed variability.  

       Lastly, the proposed mouse dance game has the potential to be used as part of rehabilitation 

for subjects with neurological diseases. For example, it can be used to train people with 

Parkinson’s disease to move faster and with larger amplitudes.  Or, we can imagine a game in 

which a person with stroke “dances” with their arm, receiving reinforcement feedback on the 

individuation of the movement and other positive features, allowing them to diversity their 

movement vocabulary.  
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