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Lay Abstract 

Surface electromyography (EMG) is the recording of electrical potentials within the muscle 

that drive muscle contraction, and ultimately movement. There are many surface EMG 

techniques that provide insightful glimpses of the processes governing movement, and they 

have long been used to study movement impairments caused by traumatic injuries, 

neurodevelopmental disorders, and neurodegenerative diseases. Use of surface EMG to 

inform treatment decisions and optimize therapeutic interventions may significantly 

improve health outcomes. However, clinicians across the various healthcare fields have 

been slow to take advantage of surface EMG, and it remains underutilized despite 

significant efforts promote its use. The goal of this thesis is to develop accessible surface 

EMG techniques that can be applied in therapy and assessment scenarios. Ultimately, 

beyond the thesis, this work is intended to advance the clinical adoption of surface EMG 

so that its benefits may be accessed by a greater portion of practicing clinicians and their 

patients. 
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Abstract 

Voluntary or involuntary muscle activation can be captured by surface electromyography 

(EMG), which detects muscle action potentials via sensors on the surface of the skin. The 

technique has been prominent in the study of physiological underpinnings of movement for 

over 80 years and continues to be an essential tool in scientific research.  Its research topic 

applications include motor disorders caused by stroke, spinal cord injury, cerebral palsy, 

multiple sclerosis, and many others. Benefits of integrating surface EMG into healthcare 

have been extensively argued and supported by scientific research, but adoption in clinical 

settings has been frustratingly slow. The overall goal of this thesis is to advance the clinical 

adoption of surface EMG by developing techniques that emphasize accessibility and the 

needs of the end-user (i.e., clinicians). In the first chapter, this dissertation leverages 

theoretical and empirical literature concerning influencers of adoption, and published 

clinician perspectives, to determine an effective translation strategy. Developing enhanced 

therapeutic surface EMG techniques and complementary assessments techniques were 

identified as key strategic goals. In Chapter 2, I develop a new classification-based surface 

EMG biofeedback system designed to emphasize tailorability, flexibility, and accessibility.  

The system performed well during a single session in healthy participants and one 

individual with multiple sclerosis.  In Chapter 3, tailored interventions were implemented 

across multiple sessions in a group of multiple sclerosis patients with severe motor 

impairment.  Implementation was found to be feasible, and the classification record 

emerged as an efficient and intuitive means to monitor and assess characteristics of a 

training session. In Chapter 4, I develop and test an easy-to-replicate surface EMG 
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acquisition approach, and an analysis method using simple cursor placements. The analysis 

method was reliable between raters and sessions in healthy male and female participants. 

Overall, this thesis contributes to the translation of surface EMG methods into clinical 

practice.  
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Chapter 1: Introduction 

Surface electromyography (EMG) non-invasively captures electrical potentials in the 

muscle during voluntary or involuntary activation by recording from sensors on the surface 

of the skin. The technique has been used to study physiological processes governing 

movement since the 1940s (Cram 2003), with applications in stroke (Klein et al. 2018), 

spinal cord injury (SCI) (Balbinot et al. 2022), cerebral palsy (CP) (Cappellini et al. 2020), 

multiple sclerosis (MS) (Cofré Lizama et al. 2016), and many other diseases causing motor 

impairment. Despite a considerable body of literature describing the potential benefits of 

its use in  healthcare, surface EMG adoption in clinical settings has been slow (Campanini 

et al. 2020, Manca et al. 2020).  

 

The goal of this thesis is to advance the clinical adoption of surface EMG so that its benefits 

may be accessed by a greater portion of practicing clinicians and their patients. In this 

introductory chapter, I explore theoretical frameworks that are useful in understanding the 

propagation of practices and technologies in clinical communities. I also consider the 

history of translational efforts and conduct a review of published clinician perspectives on 

the topic of surface EMG. These sources of insight are then combined in an informed 

translational strategy.  I take steps to execute this strategy in Chapters 2, 3 and 4. In Chapter 

5, I reflect on the major findings and impact of the steps undertaken in the previous 

chapters.   
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1.1 Theories of Diffusion 

The propagation of innovative practices, products, or technologies among populations of 

consumers, or adopters, is an entire field of study. To better understand drivers of surface 

EMG adoption or rejection, it is helpful to refer to established theories of innovation 

diffusion. These can provide a simple and intuitive framework that contextualizes the 

perspectives of practicing clinicians (Section 1.2), and the efforts and observations made 

by surface EMG advocates (see Section 1.3).  

 

The primary theory discussed  in this section is Diffusion of Innovations theory (DOI), 

which was developed by Everette Rogers (Rogers 2003). Classic DOI was designed for 

market research, e.g. (Nejad et al. 2014), but it has since demonstrated utility for explaining 

trends in the adoption new technologies and practices (i.e., innovations) in specific fields, 

including healthcare (Celik et al. 2014, Sharp and Miller 2016, Novikov et al. 2024). The 

main constructs in DOI are: stages of adoption, innovativeness level, innovation attributes, 

and decision type (Rogers 2003).  Classic DOI was not developed specifically or healthcare, 

so additional context-specific perspectives and concepts are needed to supplement its main 

ideas (Balas and Chapman 2018).  As such, I will discuss the above-listed DOI constructs 

as well as insights from healthcare-specific diffusion literature.  

 

According to classic DOI theory, the process of adoption occurs in five ordered stages. In 

the initial knowledge stage, potential adopters gain awareness of the innovation and begin 

to understand its need. During persuasion, they develop positive or negative attitudes 
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towards the innovation. The decision stage is where individuals decide to adopt or reject an 

innovation. If it is adopted, implementation occurs when the innovation is initially adapted 

for use. Finally, confirmation is defined by continued or permanent use of the new practice 

or technology. These stages can describe the status of an individual at a discrete moment, 

but they say little about transitions from one stage to the next. Specifically, how long does 

movement from one stage to the next take in certain circumstances?  

Many factors that determine the rate of progression through the stages in healthcare are 

specific characteristics of the field. For instance, a prominent influence is the high 

propensity of healthcare adoption decisions to have high stakes. In one example a clinical 

trial in 2001 suggested better outcomes for critical ICU patients when a specific glucose 

control approach is used (Van den Berghe et al. 2001), but eight years later a larger trial 

reported poorer outcomes with the new approach than the original (NICE-SUGAR Study 

Investigators et al. 2009). In that case, an estimated ~ 26,000 deaths may have resulted from 

adopting the innovation too early (Kavanagh and Nurok 2016). Clinicians are wary that the 

impact of their decisions can be exceptionally high and are encouraged to adhere to 

principles of evidence-based practice, requiring that treatment decisions to be made on the 

basis of scientific evidence (Herbert et al. 2001).  The amount of accumulated evidence 

(and therefore time) required for clinicians to feel comfortable implementing a new surface 

EMG technique is thus probably associated with perceived risk of worse patient outcomes.  

 

The seven-step model created by Balas and Boren (2000) estimated an absolute and relative 

timescale for the adoption process using the observable timeline for generation of scientific 
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evidence and its delivery to practicing clinicians. The steps include completion of original 

research, submission for publication, acceptance, publication, inclusion in bibliographic 

databases, incorporation into reviews and textbooks, and implementation. Based on 

available literature at the time, an average estimate of 1.4 years was estimated to elapse 

between completion of original research and inclusion in bibliographic databases. After 

inclusion in databases, the incorporation into reviews and textbooks requires an estimated 

6 to 13 years, and practical implementation requires an additional 9.3 years (Balas and 

Boren 2000).  

 

While DOI’s stages emphasize experiences, attitudes, and perceptions of individual 

adopters, Balas and Boren scrutinized the ability of clinicians easily access scientific 

evidence as the major prerequisite of practical implementation in healthcare. Effectively, 

the perspective separates DOI’s knowledge stage into six steps, while combining its 

persuasion, decision, implementation, and confirmation stages into one stage, i.e., 

implementation. It highlights the pivotal role of accessible knowledge resources in enabling 

the formation of positive or negative attitudes toward an innovation during the persuasion 

stage. Indeed, it has been argued that systematic reviews and other synthesized knowledge 

formats are the “basic unit of knowledge translation” (Grimshaw et al. 2012).  

 

The challenge of consolidating evidence in reviews and textbooks for the positive impacts 

of a few specific surface EMG techniques has been acknowledged (Merletti et al. 2021), 

but other key factors cause implementation delays even when the evidence is clear, and the 
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risk of harm is low. One important influence is investment by industry stakeholders in the 

development and scaled manufacturing of new technologies required to make the 

innovation accessible to clinicians. Merletti et al. (2021) cites the almost exclusive focus 

by firms on providing surface EMG products to a niche researcher market as a major 

impediment to adoption. If the technology is available, innovations that are widely 

considered beneficial and low risk (i.e., with respect to health outcomes) may still require 

significant time to reach majority adoption. One such example is electronic health record 

(EHR) systems, which can improve workflow efficiency and improve quality of care, and 

are unlikely to directly or indirectly cause patient harm (Reis et al. 2017). After the advent 

of the first commercially available EHR system in Norway, it was 12 years until majority 

adoption was seen among general practitioners and 20 years before majority adoption was 

seen in hospitals (Heimly et al. 2011). This considerable delay probably reflects a reality in 

which motivating the adoption by healthcare professionals and institutions requires more 

than access to information and the availability of the necessary hardware/software 

components.  

  

Although access to evidence and technology will play a significant key role in the decisions 

of all clinicians, DOI provides a useful structure for understanding varying sources of 

evidence and the contextual factors impacting adoption on an individual level. DOI 

categorizes adopters into five innovativeness levels defined by how early they tend to adopt 

innovations in cases where they ultimately do adopt (i.e., for successful innovations). The 

relative size of each category and its prototypical personality traits are described as well. 
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The earliest category, innovators comprise approximately 2.5% of adopters, are highly 

tolerant of risk, and value novelty more than others. Next are the early adopters, making 

up about 13.5%, who have sufficient resources to feel comfortable taking risks and trying 

new things. They are seen as leaders in their professional community, and frequently 

exchange ideas with innovators. The third category is the early majority who represent 

roughly 34% of all adopters. These are more likely to make decisions based on personal 

familiarity than on scientific research or evidence and are heavily influenced by familiar 

figures in their local community. Members of the early majority are less comfortable with 

risk than innovators or early adopters. The late majority, also comprising about 34%, is 

more conservative and requires proof before trying new innovations. This often 

corresponds with the practice or technology becoming the new standard. The latest adopters 

are the laggards, representing about 16% of adopters.  Members of this group are 

traditionalists who make careful choices and tend toward tried-and-true approaches based 

on personal experience.  

 

According to DOI, adopters at all innovativeness levels are influenced by five key 

innovation attributes. The relative benefit is the advantage of adoption relative to the cost 

in time, effort, and/or money. The innovation’s complexity is its perceived sophistication or 

requirement for technical expertise, as opposed to intuitiveness or user-friendliness. 

Alignment of the innovation with the adopters’ values, beliefs, past experiences, and 

potential needs describes it compatibility. The innovation’s trialability is the opportunity to 

use its on a limited basis. Lastly, observability is the ability to observe the benefits others 
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adopting the innovation. Intuitively, this aspect of DOI translates well to healthcare since, 

with requisite knowledge, clinicians probably develop positive or negative attitudes 

towards an innovation similarly to adopters in other professional fields. 

 

Although DOI integrates little of organisational structures present in healthcare, it does 

consider external influences by classifying adoption decisions into three types. Decisions 

made independently from the adopter’s social community are called optional, decisions 

made by consensus among members of a community are termed collective, and decisions 

made under pressure from groups with power, expertise, or prestige are called authority 

decisions.  

 

The adoption decision type, innovativeness level, and innovation attributes interact to 

determine whether the diffusion progresses from one stage to the next.  Different stages 

require knowledge transformation efforts targeted to certain types of adopters to overcome 

specific barriers. Balas and Chapman (2018) considered these interactions in their “Road 

Map for Diffusion of Innovation in Health Care.”  They specified four waves or stages of 

adoption and identified four key groups of potential adopters, which were derived from 

DOI’s innovativeness levels. The first wave is clinical study, where innovators are the 

predominant adopters and must establish the innovation’s feasibility before the next stage 

can occur. Outcome assessment, evaluation of cost effectiveness, integration into clinical 

practice, and development of businesses to support the integration are the keys to 

establishing feasibility. The second wave is leading practice, where early adopters should 
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be targeted by communicating the innovation’s public health impact, producing consensus 

statements, offering training sessions and trials, and providing opportunities for educational 

reinforcement. Beyond initial adaptation, early adopters must effectively operationalize the 

innovation to support continued use (i.e., reach the confirmation stage), before the next 

wave can occur.  The majority adoption wave occurs when the innovation spreads to early 

and late majority adopters.  This wave can be facilitated by establishing clinical guidelines 

and mechanisms for decision support (e.g., computer algorithms), providing access to 

relevant patient information, and creating supportive policies and incentives. Failure to 

provide these types of support are the main barriers in this stage, which is also the most 

impactful by virtue of the relative portion of adopters in play. The general access wave is 

comprised of the laggards and requires the introduction of textbook content, compulsory 

accreditation, public awareness campaigns, and other pressures. This integrated 

conceptualization is important in suggesting translational priorities for innovations in 

certain scenarios. Thus, by describing the current scenario with respect to the diffusion of 

surface EMG methods in healthcare, it is possible to arrive at an appropriate translational 

strategy.  

 

1.2 Current and Historical Perspectives 

Several initiatives have been promoted to increase awareness (i.e., knowledge) of surface 

EMG methods. In 1999, the European campaign, “Surface Electromyography for Non-

Invasive Assessment of Muscles” (SENIAM) provided a set of practical recommendations 

to standardize surface EMG use (Hermens et al. 2000), which are periodically updated and 
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available online (www.seniam.org). Other coordinated efforts have since been pursued, 

including projects to develop tutorials for audiences with minimal engineering background 

(Merletti and Muceli 2019, Del Vecchio et al. 2020, McManus et al. 2020, Merletti and 

Cerone 2020) and consensus papers on various topics relevant to the clinical 

implementation of surface EMG (Besomi et al. 2019, 2020, Hodges 2020, McManus et al. 

2021, Gallina et al. 2022). Considerable effort has thus been made to make information 

about this technology available to potential adopters.  

 

However, it seems unlikely that a unidirectional strategy where educational institutions 

drive adoption among practicing clinicians will be independently successful. While 

educational materials on the topic of surface EMG are more accessible than ever, practicing 

clinicians often lack the time and inclination to seek out educational resources (Feldner et 

al. 2019, Paci et al. 2021). Several authors have called for mandatory surface EMG training 

to be included in formal education of clinical practitioners (Campanini et al. 2020, Goffredo 

et al. 2020, Manzur-Valdivia and Alvarez-Ruf 2020, Merletti et al. 2021), or for the creation 

of new training programs to create dedicated clinical specialists (Merletti et al. 2023). The 

strategy aims to create professionals who begin their clinical career needing no additional 

training to make effective use of surface EMG. The approach leans heavily on obtaining 

favorable authority type adoption decisions that are driven by the influence of prestigious 

figures within educational institutions. However, as clinicians transition from their initial 

formal training, they are exposed to new strong influences. For example, practicing 

Australian physiotherapists consider their colleagues’ treatment decisions, and patient 
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expectations to be important in their clinical decision making process (Gleadhill et al. 

2022). Moreover, as clinicians gain experience, they begin to rely more heavily on their 

own experience working with patients than educational reference materials (Nilsson and 

Nordholm 1992, Carr et al. 1994), and the tendencies that they develop (evidence-based or 

not) can be expected influence the behaviors of impressionable colleagues. For an 

innovative surface EMG technique to be adopted widely, implementation feasibility must 

proven to individual and organizational decision-makers (Scurlock-Evans et al. 2014). 

These decision makers must be prepared to reinforce educational initiatives by devoting 

time and resources to training courses and affirmation of the technique as an appropriate 

use of clinical time. That is, efforts to convince educational institutions to adopt surface 

EMG training programs should be coordinated with the promotion of practical methods 

directly to practicing clinicians and clinicals organizations. 

 

Arguably, the most important item to coordinate is which of the many existing distinctive 

surface EMG applications to promote. A significant portion of techniques were developed 

to address niche hypotheses or technical issues that are not relevant in many clinical 

contexts. It is thus important to identify appropriate techniques that can be effectively 

promoted for both inclusion in formal training programs and immediate use by practicing 

clinicians. In the next section, likely surface EMG methods are discussed from the 

perspective of practicing clinicians. 
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1.3 Literature Review: Perceptions and Use of Surface EMG Among Clinicians 

To identify likely surface EMG techniques, I conducted a review of published surveys and 

interviews. A PubMed search was performed using the terms “((surface EMG) OR (sEMG) 

OR (surface electromyography)) AND ((clinician) OR (doctor) OR (specialist) OR 

(therapist) OR (physiotherapist) OR (occupational therapist) OR (physiatrist)) AND 

((perception) OR (survey) OR (interview) OR (questionnaire)).”  The search returned 356 

results, and 17 passed initial screening of titles and abstracts. The inclusion criteria were: 

1) studies must include surveys or interviews of practicing clinicians, and 2) the topic of 

surveys and interviews must include the use or perceptions of surface EMG. One 

manuscript was not available is English. Each of the 16 included studies is listed in Table 

1.1 with its general topic, the respondent region (s) of origin, and respondent occupation.  

Table 1.1: Review Summary 

Study Topic  Region(s) Respondents 

(De 
Carvalho et 

al. 2017) 

Amyotrophic Lateral 
Sclerosis  

 

 United 
Kingdom; 
Germany; 
Poland; 
Portugal; Italy; 
France; 
Sweden; North 
America; 
South America; 
Africa; 
Australia 

 

ALS Experts (N=40) 
* 
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Study Topic  Region(s) Respondents 

(Singh 
2017) 

Botox/Spasticity  United 
Kingdom 

Physiotherapists 
(N=4); Physiatrists 
(N=33); 
Neurologists (N=3) 

 

(Picelli et al. 
2017) 

Botox/Spasticity  Italy Physiatrists (N=24) 

 (Peters and 
Giuffre 

2018) 

Carpal Tunnel 
Syndrome 

 

 Canada Plastic Surgeons 
(183) 

(Li Pi Shan 
et al. 2015) 

Carpal Tunnel 
Syndrome 

 Canada Clinical 
Neurophysiologists 
(N=53); Physiatrists 
(N=18) 

(Okamura et 
al. 2018) 

Carpal Tunnel 
Syndrome 

 Brazil Plastic Surgeons 
(N=174) 

(Cappellini 
et al. 2020) 

Cerebral Palsy 

 

 Italy Physiotherapists 
(N=16); Medical 
Doctors (N=7); 
NDD therapists 
(N=5) 

 

 (Yahya et 
al. 2018) 

Cubital Tunnel 
Syndrome 

 United States Plastic Surgeons 
(N=1,096) 
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Study Topic  Region(s) Respondents 

(van 
Snippenburg 

et al. 2019) 

Dysphagia 

 

 Netherlands ICU Staff (N=67) * 

(Chipchase 
et al. 2009) 

Electrophysiological 
Agents 

 Australia Physiotherapists 
(N=3,538) 

(Hartmann 
et al. 2007) 

Localized, Provoked 
Vulvodynia 

 United States Physiotherapists 
(N=193) 

(Johnsen et 
al. 1994) 

Laboratory Exams  Italy; Belgium; 
France; 
Denmark; 
Portugal; 
Germany; 
United 
Kingdom 

 

Clinical 
Neurophysiologists 
(N=9) 

 (Feldner et 
al. 2019) 

Neurorehabilitation  United States Physiotherapists 
(N=7); Occupational 
Therapists (N=13); 
Physiatrists (N=2)  

 

(Manca et 
al. 2020) 

Neurorehabilitation 

 

 Australia; 
Austria; 
Belgium; 
Canada; 
France; 
Germany; 
Ireland; Italy; 
Netherlands; 
Switzerland; 
United; 

Physiotherapists 
(N=37); Clinical 
Neurophysiologists 
(N=2); Physiatrists 
(N=5); 
Kinesiologists 
(N=3); Biomedical 
Engineers (N=12) 
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Study Topic  Region(s) Respondents 
Kingdom; 
United States 

 

(Goffredo et 
al. 2020) 

Stroke  

 

 United States Physiotherapists 
(N=3); Biomedical 
Engineers (N=2) 

(Lu et al. 
2011) 

Stroke  United 
Kingdom; 
United States; 
Canada; 
Switzerland; 
Australia; 
Ireland; 
Columbia; 
Israel 

Physiotherapists 
(N=167); 
Occupational 
Therapists (N=62); 
Nurse (N=2); 
Recreational 
Therapist (N=1); 
Stroke Coordinator 
(N=1) 

Details of the 16 manuscripts included in the literature review are presented. * Indicates an 
instance where the group of respondents was not defined by occupation or clinical role. 

 

The contribution of different occupations to the reviewed studies is summarized in Figure 

1.1. Physiotherapists (PT) were the most studied group by far, representing more than two 

thirds of all respondents (Figure 1.1A), followed by physicians at approximately 27%. The 

representation of clinicians from countries contributing more that 1% of respondents are 

shown in the Figure 1.1B. Almost two thirds of surveyed clinicians were working in 

Australia, followed by the ~24% working in United, and 6 and 3% contributions from 

Canada and Brazil, respectively. Clinicians practicing in Italy, Netherlands, and the United 

Kingdom each represented ~1% of all respondents. Physicians are separated by 

specialization in Figure 1.1C, which shows that the vast majority (94%) of surveyed 
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physicians were plastic surgeons with the only other significantly represented group being 

physiatrists.  The remaining clinical figures, contributing less than 5%, are represented in 

the Figure 1.1D. Most prominent among this group were occupational therapists (OT), and 

clinical neurophysiologists. The ICU staff, and amyotrophic lateral sclerosis (ALS) experts 

are also represented significant portion of the respondents in Figure 1.1D, but specific 

occupations were not provided.   

 

Several neurophysiology techniques that include surface EMG have been widely adopted 

by clinical neurophysiologists and referring physicians. More than 50% of the surveyed 

plastic surgeons and physiatrists routinely ordered (or performed themselves) nerve 

conduction studies to diagnose carpal tunnel syndrome (Li Pi Shan et al. 2015, Okamura et 

al. 2018, Peters and Giuffre 2018), and they rely on the insights obtained to make decisions 

regarding the appropriateness of surgical interventions (Yahya et al. 2018). Surface EMG 

is also a component of gait analysis protocols for guiding Botox injections for 30 to 40% 

of physicians treating spasticity in ambulatory patients following stroke (Picelli et al. 2017, 

Singh 2017). In addition, more than 50% of surveyed ALS experts indicated that EMG 

investigations, including nerve conduction studies and motor unit potentials, are essential 

for the detection and management of the disease (De Carvalho et al. 2017).  

 

Cohorts comprised mostly of non-physicians and non-neurophysiologists (higher portion 

of PTs, OTs, etc.) reported lower rates of surface EMG adoption, probably related to a lack 

of specific formal education. Surface EMG experience was claimed by only 6 of 28 (~21%) 
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respondents from an Italian pediatric neurorehabilitation clinic (Cappellini et al. 2020) and 

only 3 of 22 (~13%) interviewees from pediatric or adult rehabilitation clinics in the United 

States (Feldner et al. 2019). Nonetheless, many of these clinicians were aware of surface 

EMG and its practical applications in rehabilitation. Only 56% of respondents to one survey 

agreed with the claim that surface EMG is rare in rehabilitation, and only 53% agreed that 

surface EMG is currently more relevant for researchers than clinicians (Manca et al. 2020). 

The same cohort also expressed high agreement on the utility of the surface EMG in the 

pursuit of several specific clinical aims, including monitoring changes in muscle activity 

with interventions (91% agreement) and delivering interventions in the form of biofeedback 

(86% agreement). They also rated surface EMG biofeedback, specifically, as very likely to 

be useful in increasing muscle selectivity (91% agreement), reducing excessive muscle tone  

(88% agreement), and engaging weak or hyperactive muscles (91% agreement). A thematic 

analysis of focus groups responses by Feldner (2019) also revealed a perception that surface 

EMG could improve standardization of assessments and provide early evidence of progress 

in the cases of very severe motor disability. There appears to be a disconnect between high 

perceived utility of surface EMG and low levels of adoption.  

 

However, the disconnect seems to be more pronounced when considering surface EMG 

methods for assessment versus methods for intervention. No clinicians reported using a 

specific stand-alone surface EMG method to diagnose or assess a specific condition. It 

appears that, while many are enthusiastic about the prospect of using surface EMG 

assessments to plan or monitor intervention outcomes, the expertise required to interpret 
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the data ultimately undermines adoption (Feldner et al. 2019, Manca et al. 2020). In 

contrast, use of surface EMG to deliver biofeedback intervention was reported by 10% of 

ICU staff to rehabilitate dysphagia (van Snippenburg et al. 2019), 9% of PTs and OTs to 

facilitate stroke recovery (Lu et al. 2011), and 66% of physiotherapists who treat localized 

provoked vulvodynia (LPV) (Hartmann et al. 2007). In addition, 42.5% of Australian 

Figure 1.1: Respondent Details  
Survey and interview respondents are separated by their occupation and country in which 
they practice. Panel A shows the percentage of all respondents who were physiotherapists, 
physicians, and other clinicians. Panel B shows the portion working in each represented 
country. Panel C shows specializations among physician respondents. Panel D shows the 
composition of the group of labelled ‘Other’ in Panel A. These groups include specific 
occupations and non-specific designations reported by the authors (e.g., ICU staff). NDD 
– neurodevelopmental disorders therapist; ALS – amyotrophic lateral sclerosis; ICU – 
intensive care unit 
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physiotherapists reported having used EMG biofeedback, and 57% indicated that they have 

access to the tool (Chipchase et al. 2009). During the focus groups conducted by Feldner 

(2019), biofeedback was also the most frequently mentioned surface EMG technique. 

Moreover, the participants who indicated having experience with the modality had used it 

in the context of intervention via robotic training, functional electrical stimulation, or 

biofeedback training (Feldner et al. 2019). 

 

1.4 Translational Strategy 

Choosing techniques that clinicians are likely to adopt is a central challenge in the 

promotion of surface EMG.  The available literature describing use and perceptions of 

surface EMG revealed that surface EMG is most often used by physicians and 

neurophysiologists, and rarely in a stand-alone capacity. It is usually combined with nerve 

stimulation within nerve conduction studies or with other kinematic modalities during gait 

analysis.  

 

Surface EMG biofeedback was striking as the predominant method that non-physician and 

non-neurophysiologist clinicians were aware of, perceived positively, and had used in their 

practice. It should be noted that this group of clinicians was mostly (~95%) PTs, who 

represent a large and influential block of rehabilitation professionals. Merletti and 

colleagues (2023) recently highlighted the leading role of this clinical figure in assessment, 

monitoring, and intervention, and their potential role in adoption of new techniques. They 

propose that PTs “…are at the pivot of creating basic knowledge about new technologies 
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in clinical contexts,” and that, with increasing awareness of new technologies, the PT “… 

is potentially placing itself at the most efficient lever to deliver evidence-based therapies in 

a rehabilitation team.” (Merletti et al. 2023). It appears as if surface EMG biofeedback 

methods may diffuse within this group more readily than other combined or stand-alone 

technique. If the reason for this pattern can be interpreted, translational strategies will 

almost certainly be improved. 

 

As I mentioned in the previous section, stand-alone surface EMG assessment is rarely used 

by clinicians, despite expressed understanding of their value. Clinician concerns about the 

interpretations of surface EMG data indicate that complexity is a major contributor to this 

situation. In contrast, EMG biofeedback applications do not require complex data analysis. 

Outside of short calibration steps, the benefit is obtained in a completely automated manner 

via simple software that translates recorded signals into visual or auditory stimuli. In 

essence, EMG biofeedback is a rapid form of automated EMG assessment delivered 

directly to the patient and presenting very little technical challenge to the user. This has 

previously been suggested as an innovation that is likely to accelerate translation (Merletti 

et al. 2021). 

 

EMG biofeedback may also diffuse more readily within large communities of PTs because, 

as a mode of therapeutic treatment, it is more compatible with the traditional role occupied 

by members of the profession. PTs tend to prefer quick, low-tech assessment options that 

to not soak up large amounts of time that could be used to deliver treatment, which is more 
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aligned with their perceived professional mandate (Snöljung et al. 2014, Braun et al. 2018). 

Surface EMG methods that are developed for assessment must therefore overcome the 

barrier of poor trialability. Surface EMG biofeedback applications may also partially 

address this challenge by offering clinicians an opportunity to try simple interpretation of 

data generated during the training. That is, without the need to invest additional time 

learning and implementing separate acquisition protocols with complex analysis methods. 

 

1.5 Goals of the Thesis  

As was stated at the beginning of this chapter, the overall goal of this thesis is to advance 

the clinical adoption of surface EMG and expand access to its benefits by clinicians and 

patients. In the previous sections, I have identified biofeedback as an appropriate focus for 

translational efforts. A wide variety of specific EMG biofeedback technologies exist with 

distinct advantages and disadvantages, and no individual system likely reflects the optimal 

version of this modality.  As I discuss in Chapter 2, results in poor representation of the 

relative benefit of biofeedback by clinical research studies. Consolidating the most 

beneficial features of existing EMG biofeedback systems will therefore greatly benefit 

translational efforts.  

 

The goals of this thesis are to develop and test 1) EMG biofeedback that integrates the most 

impactful features of existing methods, and 2) an EMG analysis framework for clinicians 

to easily assess and interpret the data types that are typically obtained during biofeedback 
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training. The first component is addressed in Chapters 2 and 3, and the second in Chapter 

4. 
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Chapter 2: Study 1 

In this chapter, I develop an optimized version of a surface EMG biofeedback system. I 

review relevant technical and empirical scientific literature to ensure that the product is 

adaptable and can deliver a potentially beneficial training interventions in a variety of 

contexts. During development, I ensure that my methods are reproducible by using 

commercially available hardware and open-source software. I test the system during a 

single training session in a group of healthy volunteers and one volunteer with primary 

progressive multiple sclerosis (MS). This work makes progress toward a “gold standard” 

in EMG biofeedback system design, which is necessary to develop a common language 

surrounding its implementation and its impact.   

 

An EMG-based Biofeedback System for Tailored Interventions Involving 
Distributed Muscles 

Toepp SL, Mohrenschildt M v., Nelson AJ. An EMG-Based Biofeedback System for 
Tailored Interventions Involving Distributed Muscles. IEEE Sens. J. (2023); 23: 28095–
28109. 
 

Abstract 

Electromyography (EMG)-based biofeedback has considerable potential as a mode of 

therapeutic exercise for individuals with motor impairments. Advances in technology now 

allow the delivery of biofeedback with cheap, compact computers and sensors. Reliable 

machine learning classification of EMG signals in real-time, which is a core component of 

many biofeedback systems, is also now easily accessible through various open-source 

software libraries. Despite this progress and the attention garnered by EMG biofeedback 
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among researchers, broad clinical acceptance remains elusive. We aim to open this 

technology to a broader audience by proposing an accessible standard approach to the 

design and implementation of EMG-based biofeedback systems. We highlight important 

considerations when designing a system to deliver potent biofeedback, including 

maximizing motivation, minimizing constraints on sensor number or configuration, and 

maximizing replicability by other researchers. Based on relevant neuroscientific and 

technical literature, we recommend methods and procedures by which these goals can be 

achieved. Finally, we create and test a biofeedback system in a sample of both healthy and 

motor impaired volunteers. We found that the EMG biofeedback system supported accurate 

and stable control by healthy and impaired users and could be implemented with minimal 

access to coding expertise and an off-the-shelf EMG device. This work expands awareness 

of effective design principles for EMG biofeedback systems and will advance the state-of-

the-art in this field. 

 

2.1 Introduction 

Surface electromyography (EMG) biofeedback, where feedback from electrical muscle 

signals is used to train muscle tone or coordination (Basmajian 1981), has been used since 

the 1950s (Mims 1956, Cram 2003). This technique involves using recorded muscle 

potentials to provide artificial proprioceptive feedback. Measures of activity in one muscle, 

or the relative activity in antagonist versus synergist muscles are computed and 

communicated to the user in an intuitive visual or audio format (Davis and Lee 1980, Cordo 

et al. 2013, Marin-Pardo et al. 2020, Cikajlo et al. 2021, Marin‐pardo et al. 2021). In the 
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past seven decades, EMG biofeedback has been a topic of interest to researchers and 

clinicians who seek to improve motor recovery in a multitude of scenarios, including stroke 

(Marin-Pardo et al. 2020, Cikajlo et al. 2021, Marin‐pardo et al. 2021, Munoz-Novoa et al. 

2022), loss of bladder control in multiple sclerosis (MS) (McClurg et al. 2006, 2008, Lúcio 

et al. 2016), work or accident-related neck and shoulder disorders (Holtermann and 

Roeleveld 2006, Ehrenborg and Archenholtz 2010, Holtermann et al. 2010, Van Eerd et al. 

2016), and pelvic pain (Wagner et al. 2022). 

 

EMG biofeedback is generally understood to facilitate motor training and adaptation by 

providing supplemental proprioception (Basmajian 1973, Glanz et al. 1997), and its 

benefits are thus greatest when natural proprioception is severely limited. An illustrative 

example is the use of EMG biofeedback following nerve transfer. Nerve transfer surgery 

involves redirecting an intact nerve from a donor muscle to the distal undamaged portion 

of a completely severed or severely damaged nerve that innervates a paralyzed muscle (Liu 

et al. 2012).  The procedure developed by Sturma and colleagues uses EMG to sense and 

reinforce volitional motor outputs that are present, but not strong enough to produce 

noticeable movement (Sturma et al. 2018). When volitional movement is possible, motor 

activity can be reinforced independently of movement amplitude, smoothness, 

coordination, or dexterity.  That is, users need only produce changes in electrical activity 

in the muscle and, unless the motor pathway is completely severed, this is attainable for 

patients experiencing even very extreme paresis, hypertonia, or spasticity. Essentially, 
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EMG biofeedback provides an accessible mode of therapeutic exercise for patients along 

the entire continuum of care.   

Despite the opportunities presented by EMG biofeedback methods, they have not been 

widely adopted in clinical practice (Manca et al. 2020). Recent clinician surveys suggested 

that contributing factors are lack of awareness, slow dissemination of research findings, 

time constraints, and restricted access to appropriate training in EMG methods (Feldner et 

al. 2019, Manca et al. 2020). In the current literature, consensus is lacking regarding the 

efficacy of EMG biofeedback compared to non-EMG interventions (Munoz-Novoa et al. 

2022), and this also limits the willingness of institutions to spend on technologies that they 

consider “experimental”. This is probably because biofeedback delivery methods vary 

considerably from study-to-study with many unique systems using different numbers and 

types of sensors and integrating EMG signals into feedback differently (Anwer et al. 2011, 

2013, Yoo et al. 2014, Garcia-Hernandez et al. 2019, MacIntosh et al. 2020, 2021, Marin-

Pardo et al. 2020, Cikajlo et al. 2021, Dost Sürücü and Tezen 2021, Jian et al. 2021, Marin‐

pardo et al. 2021, Oña et al. 2022).  There is presently no recognized state-of-the-art or gold 

standard for EMG biofeedback systems design, and it difficult to produce convincing 

evidence for the efficacy of a treatment modality that is so poorly defined.   

 

Even so, it is encouraging that biofeedback applications were most mentioned by clinicians 

when asked to comment on the potential benefits of using EMG-based technologies in their 

practice (Feldner et al. 2019) .  This suggests that EMG biofeedback may be closer to the 

proverbial “goal line” of acceptance than other EMG technologies. To cover the remaining 
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distance, best practices for designing EMG biofeedback systems must be developed. This 

will ensure that research investigating this type of technology reveals the benefits of the 

“gold standard” version, supporting a clearer and more convincing base of evidence.    

 

Thus, to advance towards clinical viability, we identify several useful guiding principles 

for designing effective EMG biofeedback. We then review the relevant neuroscientific, 

behavioral, and technical background literature to identify appropriate methods and 

procedures by which to achieve the objectives. We subsequently apply the identified 

methods and procedures within the design and implementation of a biofeedback algorithm. 

Finally, to show that the product of this work is functional and flexible, we test its 

performance in a limited validation study including healthy and motor impaired volunteers. 

 

2.2 Design Objectives 

2.2.1 Creating a Motivational Biofeedback Environment 

Many versions of EMG biofeedback involve auditory tones or graphical depictions that 

reflect the timing and magnitude of muscle activations in relation to explicitly set targets 

or thresholds (Anwer et al. 2011, 2013, Cikajlo et al. 2021). However, applications where 

users adjust their muscle activity to control avatars or objects within a game have recently 

become more popular (Yoo et al. 2014, Garcia-Hernandez et al. 2019, MacIntosh et al. 

2020, 2021, Marin-Pardo et al. 2020, Jian et al. 2021, Marin‐pardo et al. 2021, Oña et al. 

2022). This trend follows growing support for the view that immersive virtual reality-like 

formats can enhance rehabilitation by increasing motivation and participation (Maggio et 
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al. 2019b, 2019a, Baeza-Barragán et al. 2020). Indeed, using gameplay-based rehabilitation 

results in more movement repetitions per session (Peters et al. 2013), and greater motivation 

(Lee and Bae 2022) than with traditional therapy following stroke. In a pediatric population, 

it was also shown that exercising in a virtual environment resulted in greater levels of 

muscle activity compared to normal training (Schuler et al. 2011). Considering this, 

delivering EMG biofeedback within a game scenario is preferred over more “bare bones” 

threshold matching or target tracking tasks. 

 

2.2.2 Accommodate Variable Sensor Configurations and Flexible Number of Channels 

Our second objective is to capture and integrate the activities of multiple muscle groups 

into biofeedback training. Many published EMG biofeedback schemes operate on data 

streams from individual sensors, or pairs of sensors. However, motor deficits result from 

discoordination or weakness in distributed muscles that require several EMG sensors to 

capture. Some of these deficits include motor overflow (Cleland and Madhavan 2022), and 

abnormal muscle synergies (Israely et al. 2018). 

 

Muscle synergies are sets of muscles that are activated together as one unit.  These units 

are modules that can be weighted and combined by the motor system to achieve behavior 

(D’Avella et al. 2006, Bizzi et al. 2008). After injury, these synergies can merge (Clark et 

al. 2010) or fractionate (Cheung et al. 2012), causing weakness or intrusive co-activation 

that contributes to dysfunction. It is especially important to address dysfunctional synergies 

because they can mask residual motor capacity(Beer et al. 2007, Hadjiosif et al. 2022) and 
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interfere with rehabilitative processes. When using EMG to reinforce muscle activation, it 

is important to avoid reinforcing inappropriate synergies. Biofeedback systems must 

therefore monitor both desired and undesired muscle activity, which requires several 

sensors. 

 

Motor overflow is unintentional ipsilateral or contralateral muscle activation 

accompanying voluntary movements (Armatas et al. 1994). Mirror movements are a type 

of motor overflow characterized by activation in homonymous muscles contralateral to a 

volitional movement. This is regulated by transcallosal interhemispheric inhibition (IHI) in 

fully developed individuals, with the active hemisphere suppressing drive from the 

contralateral hemisphere during unilateral movements (Hübers et al. 2008). It is thought 

that IHI is critical for inter-limb coordination (Mayston et al. 1999) and the independent 

control of each limb (Fling and Seidler 2012).  In many impaired populations IHI is 

unbalanced, and this often coincides with increased mirror movements (Pantano et al. 2002, 

Karandreas et al. 2007, Mackey et al. 2014, Takechi et al. 2014, Ternes et al. 2014, Kim et 

al. 2015, Chen et al. 2018, Cleland and Madhavan 2022, Simon-Martinez et al. 2022). On 

the other hand, re-balancing of IHI coincides with impressive functional improvements 

after constraint-induced movement therapy (CIMT) (Avanzino et al. 2011, Abdullahi et al. 

2020). The ability to strategically place sensors across impaired and unimpaired limbs 

opens the possibility of using EMG pattern recognition to implement CIMT-like 

biofeedback wherein only selective activation on the target side is reinforced. 
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Accommodating many sensor channels will enable biofeedback to preferentially reinforce 

the execution of movements where muscle synergies and motor overflow are controlled. In 

addition, the configuration of these sensors should be chosen by the researcher or clinician. 

Restricting biofeedback input to a specific body segment because there are too few channels 

or because the sensors are fixed in a segment-specific arrangement, will limit clinical utility. 

For example, all seven physiotherapists interviewed on their impressions of the Myo 

Armband (Thalamic Labs) by Feldner asked if the device could be used in the lower 

extremity (Feldner et al. 2019). For a biofeedback system to be viable in a clinical setting, 

the answer to such questions should be an unequivocal “Yes”. In our view, the only 

acceptable application restrictions are those imposed by limitations in the musculoskeletal 

anatomy and physiology knowledge of the clinician, or by the severity of the neurological 

injury being addressed. That is, if muscles of interest can be identified, and some (even 

minimal) motor drive remains, the system should be usable. 

 

2.2.3 Use Open-source Components that are Accessible to a Wide Range of Researchers 

Our goal is not only to design a potent EMG biofeedback system, but also to present an 

approach and software architecture that is open and can easily be reproduced by non-

software experts in other programming environments. There are many commercially 

available EMG devices with proprietary software and even programmer interfaces, but 

building a biofeedback system requires more than just data acquisition.  The data must be 

processed and converted into a feedback signal, to be presented to the user, e.g., as a 

simplified signal or as an interactive game element, to close the loop.  
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The practical implementation of EMG videogame control can be complicated. Replicating 

existing approaches from literature often requires specific technical skills or access to 

proprietary software. For example, the innovative Tele-REINVENT system that was 

developed by Marin-Pardo and colleagues (Marin‐pardo et al. 2021) features custom games 

created with the Unity game engine (Unity Technologies, San Francisco, CA, USA), signal 

processing scripts created in MATLAB (MathWorks, Natick, MA, USA), and a user 

interface written in C#. 

 

Understandably, the focus of such development is to address an identified need, and not 

necessarily to make the resulting technology accessible to other researchers. However, 

reproducibility is important to encourage the independent validation of each approach by 

multiple research groups. Reproducibility benefits from avoiding (where possible) the use 

of proprietary software and preferentially using popular and open-source components. 

Adopting these tendencies will advance our objective of promoting wide community access 

to newly developed EMG biofeedback systems. 

 

2.3 Background 

At a high level, the EMG biofeedback system should translate potentials captured with the 

sensors from the muscle into a control stream that allows the user to interact with visual or 

auditory entities within a game environment. In this section, we review the literature 

relevant to various approaches for signal acquisition and pre-processing, feature extraction, 



Ph.D. Thesis – S. Toepp; McMaster University - Kinesiology 

31 

and machine learning. Each of these components play an important role in the realization 

of our design objectives. 

 

2.3.1 Acquisition and Pre-processing 

According to our objectives, it is important that clinicians or researchers are free to place 

sensors according to their expert judgment (see Section 2B).  The configuration of the EMG 

sensor montage should thus only be constrained by established best practices for acquiring 

quality signal from the muscles of interest (Hermens et al. 2000).  Since the highest 

frequency muscle-related signals oscillate at ~450-500Hz, the EMG system should have a 

sample rate of at least 1000 Hz. The raw data should also be pre-processed in accordance 

with standard procedures. Specifically, muscle-related signal contains the information in 

the 10 to 400 Hz frequency band (McManus et al. 2020), hence high and low-pass filtering 

is used.   

 

2.3.2 Machine Learning 

The object of machine learning in a biofeedback system is to create a classifier based on a 

statistical assumption, that predicts the user’s intended game control inputs by processing 

the real-time EMG signals.  

 

Classifiers are trained using sets of labeled class samples such that, when given an 

unlabeled sample, they can identify the corresponding class. A classifier usually works on 

already pre-processed data, in a feature space. The feature extraction is the process of 



Ph.D. Thesis – S. Toepp; McMaster University - Kinesiology 

32 

computing measurements of the time-domain signal that describe important signal 

characteristics. The literature also contains deep learning approaches, for example neural 

networks, that take the entire time domain signal as an input, essentially bypassing feature 

extraction. There are moderate advantages and disadvantages to these types of approaches 

(Anam and Al-Jumaily 2017, Batzianoulis et al. 2018). However, EMG signals are quite 

simple to classify, and the prediction of hand poses has a typical accuracy in the 80% range 

and higher, regardless of the feature extraction method (Khan et al. 2020). Feature reduction 

is a common procedure that attenuates redundant features and enhances those that are 

relevant to class discrimination. In our experience with time domain signals, a well-

designed, often non-linear feature extraction step, followed by data reduction, supports the 

creation of efficient and stable real-time classification models. We therefore focused our 

development on this traditional machine learning approach, starting with feature extraction. 

 

Feature Extraction. The purpose of feature extraction is to obtain information from EMG 

signals, information in the sense of quantifiable measurements like amplitude, frequency, 

energy, etc. EMG signals are time domain signals, which are usually processed by filters, 

or using windowing. Windowing means the signal is cut into smaller segments, the 

windows, over which quantities are computed from the data. We call this the extraction 

window, and it produces feature values that can be arranged into a feature vector.  

 

The size of the extraction window determines the system control rate, which should be 

sufficiently high to prevent the perception of lag. For this reason, extraction windows 
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shorter than the typical visual reaction time of 300ms are recommended (Barbarotto et al. 

1998). Using even shorter windows provides the opportunity to implement majority vote 

procedures that can increase the stability of the control stream. For example, Englehart et 

al used extraction windows as narrow as 16ms so that each value in the control stream could 

include information from the prior 18 feature vectors (Englehart and Hudgins 2003).  

 

Selecting appropriate features is a widely studied topic, and there exist many papers and 

webpages listing many potential features. Khan and colleagues recently reviewed the merits 

of more than 30 different features, including time domain, frequency domain, and time-

frequency domain features (Khan et al. 2020). Clearly the computational cost of different 

types of features varies widely. We consider computationally inexpensive features 

appealing, and as we have alluded to above, the literature shows that even simple features 

are sufficient for EMG classification.  

 

The distinction between time domain and frequency domain features is noteworthy. Time 

domain features best fit our requirements because frequency and time-frequency features 

tend to be complex and more expensive in terms of computational resources (Khan et al. 

2020). Among time domain features, the mean absolute value (MAV), root of the mean 

squared values (RMS) and waveform length (WL) are commonly applied in gesture 

recognition and fatigue estimation (Khan et al. 2020).  Some other time domain features, 

such as the number of zero-crossings (ZC), number of slope sign changes (SSC) actually 

contain frequency information while retaining the simplicity and low computational load 
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as time-domain features (Ison and Artemiadis 2014).  To preserve both amplitude and 

frequency information, we favor selecting at least one feature from RMS, MAV, and WL, 

and one from ZC and SSC.  

 

Given the above, and confirmed by experiments, there is no need to compute complex 

transformations (e.g., wavelets), or to use deep neural networks to extract more 

sophisticated information. 

 

Feature Reduction. Feature reduction is an entire topic of machine learning and is widely 

studied. Generally, feature reduction techniques are designed to attenuate redundant 

features by finding an uncorrelated lower-dimensional subspace that also preserves most of 

the important information, or variance. Choosing an appropriate reduction method is a key 

part in building a good classifier.   

 

A common approach is to perform a class-naïve data reduction such as principal 

components analysis (Wold et al. 1987) or manifold learning (Saul and Roweis 2003, Pai 

et al. 2019) and then optimize class separation by testing the performance of a classifier 

model fitted to the transformed data (see Section 3B1). Since naïve approaches can produce 

as many dimensions as the input feature vector, the main optimization parameter is the 

number of lower dimensions that are used to fit the model. The first N dimensions, ordered 

by their explained variance, that produce a classifier model with maximized accuracy are 

used and the remaining dimensions are discarded as unimportant noise.  
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An alternative, and perhaps more direct, approach is to use a supervised data reduction 

method to project the feature data into a de-correlated subspace that also maximizes 

separation between the different movement classes. Supervised reduction methods use 

class-labeled feature vectors to determine which features change in-between classes and 

which are constant. Such methods include multi-class Linear Discriminant Analysis (LDA) 

(Yu and Yang 2001), Non-Linear Discriminant Analysis (NLDA) (Billings and Lee 2002), 

or the more recently developed Spectral Regression Extreme Learning Machine (SRLM) 

(Anam and Al-Jumaily 2015) technique. These methods produce a limited, predetermined 

number of output dimensions equal to the number of classes, less one. Compared to class-

naïve feature reduction, low-dimensional feature projections obtained from supervised 

methods result in more stable accuracy across different classifier models. In a study 

comparing SRLM to unsupervised t-Distributed Stochastic Neighbor Embedding (t-SNE), 

Thiamchoo and Phukpattaranont reported that classification error of seven classifiers 

ranged from 1.50% to 2.65% for SRLM and 1.27% to 17.15% for t-SNE (Thiamchoo and 

Phukpattaranont 2022). A further advantage of the multiclass LDA specifically, is that it is 

computationally fast, with similar processing time to PCA, while supporting far better 

classification accuracy (Chu et al. 2006, Thiamchoo and Phukpattaranont 2022). Nonlinear 

supervised feature reduction may support slightly better classification, but they require 

much more processing time (e.g., (Chu et al. 2006)) than linear methods, especially when 

the input is high-dimensional and/or variable. 
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Classification. Now that we have a meaningful feature vector, we can build a classifier that 

decides if a sample belongs to some movement class. Many different approaches to 

classification are used for EMG signals, including neural networks (NN) (Pulliam 2011), 

k-nearest neighbors (KNN) (Kim et al. 2011), support vector machines (SVM) 

(Purushothaman and Vikas 2018), linear discriminant analysis (LDA) (Kim et al. 2011), 

Gaussian Naïve Bayes (GNB) (Domingos and Pazzani 1996), and many more (Khan et al. 

2020).  Any of these will result in acceptable accuracy in classifying the EMG signals. The 

use of the multi-class LDA for classification, as well as feature reduction, is the most 

popular method because of its simple implementation, low computational cost, and 

sufficient accuracy (Khan et al. 2020). The GNB approach is less often used but is also very 

simple to implement and is not computationally resource-intensive (Purushothaman and 

Vikas 2018).   

 

2.3.3 EMG Controlled Video Gaming 

Controlling video games by means other than keyboards or joysticks is an active subfield 

of Human-Computer Interface (HCI) research. The literature contains many articles 

reporting specifically on EMG-based HCI for video game control (Armiger and Vogelstein 

2008, Stepp et al. 2011, Van Dijk et al. 2016, Prahm et al. 2018, Garcia-Hernandez et al. 

2019, MacIntosh et al. 2020, Marin‐pardo et al. 2021, Muguro et al. 2021, Kumar et al. 

2022, Oña et al. 2022) [83]–[88]. Some studies use EMG HCI to investigate motor skill 

acquisition (Kumar et al. 2022), or develop accessible game controls for entertainment 

(Muguro et al. 2021), but most aim to enhance rehabilitation by using game control as 
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biofeedback (Stepp et al. 2011, Garcia-Hernandez et al. 2019, Marin-Pardo et al. 2020, Jian 

et al. 2021, Oña et al. 2022).   

 

In the EMG video gaming literature, many focus on simplified applications that can be used 

independently at home, enabling exercise prescription monitoring, and increasing 

motivation in disabled individuals (Garcia-Hernandez et al. 2019, Enciso et al. 2021, 

Marin‐pardo et al. 2021, MacIntosh et al. 2022). Most of these authors use a simple 

equation-based method that assumes a certain relationship between the signal detected by 

a particular sensor and user intention. For example, EMG from sensors over the left and 

right sternocleidomastoid are assigned to variables that scale left and right on-screen 

movements with neck rotation (Muguro et al. 2021). The same principle is applied for 

extensor-to-flexor ratios at the wrist (Marin‐pardo et al. 2021, Donnelly et al. 2023), and 

single-sensors over the digit flexors (Garcia-Hernandez et al. 2019), biceps and triceps 

(Enciso et al. 2021, Jian et al. 2021), and even hyoid and masseter muscles (Stepp et al. 

2011, Enciso et al. 2021, Muguro et al. 2021). These schemes control on-screen avatars that 

users manipulate on the screen to avoid obstacles or match targets. Equation-based 

approaches are appealing for home use because the opportunity for user error is small. The 

simple formulas only take one or two sensor inputs, and the placement is simple to replicate, 

especially when recording locations are standardized for all users. However, this easy 

implementation comes at the cost of flexibility and therapeutic impact in cases where 

additional sensors and individualized placement are beneficial (see Section 2.2.2). It is also 

not simple to modify equation-based schemes since each added sensor must be integrated 
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into the control formula for an existing or new degree of freedom within the game. This 

means each new sensor increases the complexity of the game control.  

 

An alternative approach is to use machine learning for videogame control. As we explain 

in Section 2.3.2, machine learning assigns new EMG feature vectors to one of several 

previously learned movement classes. Thus, while EMG scales the game inputs 

continuously in equation-based approaches, machine learning makes class determinations 

corresponding to discrete control inputs. Studies have shown that this difference is 

associated with slower but more stable game control when using machine learning 

compared to equation-based estimates (Muguro et al. 2020, 2021). It should be noted that 

higher system control speed of is only beneficial for performance to a certain point. Control 

will be hampered when the position of user-controlled game elements updates faster than 

the human visual reaction time, which is usually no less than 300 milliseconds (Barbarotto 

et al. 1998).  Indeed, naïve users were more effective in positioning their avatar to intercept 

falling objects with a slower machine learning versus the much faster equation-based EMG 

controller (Muguro et al. 2021).   

 

A notable advantage of the machine learning approach is its scalability with respect to the 

number of EMG sensors. For example, the Myo Armband (Thalmic Labs, Kitchener, 

Canada) is a popular eight-sensor wearable device frequently used for videogame control 

with a neural network machine learning classifier (Côté-Allard et al. 2019, MacIntosh et 

al. 2020, Oña et al. 2022). While this hardware is inflexible (see Section 2B), the machine 
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learning approach is quite appealing. The number of in-game degrees of freedom 

determines how many EMG signatures the classifier must learn, but how many sensors 

contribute to the learning and where they are placed does not impact the game control 

mechanics. Adding more sensors and placing them appropriately in each case supports 

more effective control, and the machine learning approach permits this without re-

engineering the control scheme.   

 

We were also interested in literature concerning the creation of game environments. Ona et 

al., developed four different games with the Unity 3D game engine for control with the 

Myo Armband (Oña et al. 2022). Similarly, Armiger et al. (Armiger and Vogelstein 2008) 

modified a Guitar-Hero 3 controller (GH3; Activision, Santa Monica, CA) to take external 

inputs from a computer running EMG pattern classification on the forearm. Unlike the Myo 

Armband, six-to-eight unfixed EMG sensors were placed around the forearm to detect the 

finger movement patterns that controlled the game. Not only did these authors avoid 

restricting the number or configuration of the sensors, but they also made use of existing 

game software. Notably, many do not take advantage of pre-developed games, instead 

building custom games from scratch using game development software (Garcia-Hernandez 

et al. 2019, Enciso et al. 2021, Marin‐pardo et al. 2021, Muguro et al. 2021, Oña et al. 

2022). Of course, hacking a commercially available game controller may not be feasible 

for many researchers, but there are many open-source PC games available that are no less 

engaging and immersive than ones created from scratch by (even very talented) researchers. 

Games do not need to be complicated or have advanced graphics. Basic arcade-type games 
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are intuitive and often addicting, and they feature simple game logic, which is important 

when access to coding expertise is limited. There are many open-source GitHub 

repositories with scripts in C, Python, and JavaScript that create simple but engaging games 

like Pong, Space Invaders, Pacman, Tetris, or Snake. With a simple internet search, we were 

able to quickly find GitHub repositories with ready-made games written in Python (Bedi 

2016, Kim 2017, Tated 2019, Biswas 2021, Sharma 2021). 

 

2.4 The Biofeedback Algorithm 

In the following, we describe our proposed design of a biofeedback system guided by our 

objectives from Section 2. As is common, we distinguish two phases, the initial 

training/calibration phase and then the actual gameplay phase. We decompose the system 

into several sub systems.  The raw data from the EMG sensors is filtered and the features 

are extracted generating the feature stream.  During training a feature reduction is learned 

that leads to a simple mean-based (Gaussian) classifier. Finally, during gameplay the 

classifier converts the control stream into game commands. In the following we describe 

these steps in detail. 

 

2.4.1 Sensors 

An EMG acquisition setup that can transmit digitized signal from at least four EMG sensors 

to a PC is required for our approach. Including more sensor channels enables multi-muscle 

recording that is more effective in identifying movement patterns. Appropriate sensor 

placement and type depends on the biofeedback scenario, but general best practices in this 
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area have been developed and should be considered (Hermens et al. 2000). To support 

biofeedback adaptability, sensors should not be fixed in a configuration that constrains their 

independent placement (see Section 2.2.1). Traditional laboratory EMG acquisition setups 

that include modules for differential amplification, analog low- and high-pass filtering, and 

analog-to-digital (AD) conversion, are generally acceptable. As is common, we band-pass 

filter between 20 and 400 Hz (2nd order Butterworth) and sample at a rate of FS = 4 kHz. 

 

2.4.2 Feature Extraction 

As described in Section 3B, we use a feature extraction approach. To generate the feature stream, 

we use a sliding window of size N = 256 samples (64 milliseconds) with a window hop of N/2 (128 

samples; 32 milliseconds). For the features themselves, we choose a small set of features 

that results in the desired performance.  For each window, and for each channel, we 

compute 4 features: root of the mean squared values (RMS), waveform length (WL), 

number of zero crossings (ZC), and slope sign changes (SSC). The exact formulas of these 

features are given below:    

𝑅𝑅𝑅𝑅𝑅𝑅 = �∑ 𝑥𝑥2𝑁𝑁
𝑘𝑘=1  (1) 

𝑊𝑊𝑊𝑊 = ∑ |𝑥𝑥𝑘𝑘+1 − 𝑥𝑥𝑘𝑘|𝑁𝑁−1
𝑘𝑘=1  (2) 

𝑍𝑍𝑍𝑍 = ∑ 𝑓𝑓(𝑥𝑥𝑘𝑘𝑥𝑥𝑘𝑘+1)𝑁𝑁−1
𝑘𝑘=1  (3) 

𝑆𝑆𝑆𝑆𝑆𝑆 = ∑ 𝑓𝑓(𝑥𝑥𝑘𝑘−𝑥𝑥𝑘𝑘+1)𝑓𝑓(𝑥𝑥𝑘𝑘+1 − 𝑥𝑥𝑘𝑘)𝑁𝑁−1
𝑘𝑘=1  (4) 

where f(x) = 1 if x ≥ ϵ 
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The feature stream now has a dimension of 4 times the number of channels and FS/(window 

size/2) data rate. 

 

2.4.3 Machine Learning 

The machine learning setup in the case of EMG signal from 4 sensor channels is depicted 

in Figure 2.4. Given our objectives, we aim to create a simple and reliable classifier. The 

feature stream captures the information we require; we need only to classify. During 

training, we collect a set of K feature vectors for each of the movement classes.  These 

feature vectors are highly correlated within and across the different movement classes. We 

work with the assumption that the distributions are Gaussian. The objective is to project the 

feature vectors into a low-dimensional, de-correlated subspace that maximizes the 

separation between the movement classes. We chose to perform multi-class linear 

discriminant analysis for reasons discussed in Section 2.3.2 on Feature Reduction. LDA is 

a supervised dimensionality reduction method; we have labeled samples for each of the 

movement classes. Mathematically, LDA projects into a subspace maximizing the 

separation of the classes by maximizing the projected variances of the class means.  This 

results in a matrix A of the most significant eigenvectors. This matrix is then used to project 

the feature vectors into a de-correlated subspace by computing A·fn, where fn is the nth 

feature vector. The algorithmic details of LDA are beyond the scope of this publication, and 

not needed, we can use this algorithm as a black box (Yu and Yang 2001).  
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After de-correlation, the classification is simple.  We assign each sample to the class whose 

mean is the closest in terms of the Mahalanobis distance (the distance to the mean of the 

class) (Mahalanobis 1936), often referred to as naïve Bayesian classification. 

 

2.4.3 Game Control 

To stabilize the classifier output, we perform a 5-1 voting reduction such that the vote over 

five consecutive values in f(n) determines the control input to the feedback interface. 

Therefore, the resulting control stream c(n) has a rate of FS/[(N/2) * 5] = 6.25Hz. The 

control stream c(n) replaces game inputs usually provided by a controller such as a 

keyboard, allowing the user to interact with a videogame interface by mapping each of the 

movement classes to a controller event.  

 

We acknowledge that the control rate for videogames is traditionally much higher than 6.25 

Hz, typically on the order of 60 Hz. This could be improved by choosing a smaller window 

size, for example, by reducing the window size from 64ms (N=256) to 16ms (N=64) for a 

control rate of 25Hz. However, this will likely not make a very perceivable difference 

because 64ms is already well below the typical human visual response time.  At the same 

time, including fewer samples in each window introduces risk of sacrificing control 

stability. 

 

It is also important to note that the system is designed for therapeutic treatment and not as 

an alternative interface for a video gamer. This means that, while there might be faster ways 
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to interact with a game, the true goal is that the participant generates specific EMG signals 

resulting from prescribed muscle movements. During development, we noted that physical 

keys are automatically released after being struck whereas, in our application, inputs 

continue after the initial command at a rate of 6.25Hz. To prevent the occurrence of 

unwanted command repeats before the user has time to react to the initial input, we 

suppressed any repeated game input occurring at a latency shorter than 400ms. This 

approach is also motivated by the therapeutic goal, the interaction is designed to repeat 

movements, not to have a fast game play. 

 

2.5 Implementation 

To verify our approach and demonstrate our algorithmic framework, we implemented an 

application for therapeutic rehabilitation using 4 EMG sensors placed on the lower arm to 

play the popular game of Tetris. In this section we describe our acquisition setup, and 

realization in code implementation. To promote the accessibility of replication as to 

objective 3, we make use of widely available low-cost technology and public domain 

software libraries. We chose Python as our programming language due to its popularity and 

the availability of open-source games, machine learning libraries, and capacity to interface 

with EMG hardware. 

 

2.5.1 EMG Acquisition Setup 

We used a 4-channel acquisition setup with the TMSi SAGA high-density EMG device 

(TMSi ltd. Oldenzaal, Netherlands). The device features on-board AD conversion, so 
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unfiltered, digitized EMG data is streamed directly to a PC through USB connection. The 

signal is recorded from pre-gelled Ag/AgCl adhesive EMG electrodes placed in a bipolar 

configuration over user-relevant muscles for each user. Study-specific sensor placements 

are described in Section 6, but this setup is generally designed to accommodate the sensor 

placement decisions of an expert therapist or researcher.  

 

2.5.2 Realization in Code 

We use the PyCharm integrated development environment (IDE) (JetBrains s.r.o) and 

Python’s basic library combined with various (open source) signal processing, machine 

learning and graphics libraries. In the following we provide the technical details. Digitized 

Figure 2.1: Graphical User Interface 
The graphical user interface is designed to coordinate data collection (A) and storage (B), 
machine learning (C), functions that enable gameplay which is accessible via the “Start 
Training” button (D). 
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EMG values are accessible during and after recording through a data queue, which is 

registered as a client of the TMSi application programming interface. Our simple graphical 

user interface (GUI) is created using Tkinter (Lundh 1999) to coordinate the recording, 

storage, and visualization of EMG data (Figure 2.1). Data storage and manipulation used 

NumPy (Harris et al. 2020), and visualization used Matplotlib (Hunter 2007). Band-pass 

filtering and feature extraction are performed using the Signal module of the SciPy library 

(Virtanen et al. 2020). For the LDA and GNB functions described in Section 3B2, the 

Scikit-learn library (version 1.2.2) (Pedregosa et al. 2011) is used. The classification 

outputs of the GNB module controls a videogame managed by PyGame (Shinners 2011) 

modules.  

 

The GUI enables the user to record EMG data for each of six different movement tasks 

(Figure 2.1A). Upon recording, features are extracted from the data, and the resulting set 

of feature vector samples is labeled and stored (Figure 2.1B). The “Create Classifier” button 

(Figure 2.1C) performs LDA and fits the classifier model using the stored samples as 

prescribed in Section 4C. To achieve this functionality, we use the Scikit-learn packages 

for multi-class LDA, and GNB classification.  

 

Specifically, we create an instance of the LinearDescriminantAnalysis (Scikit-learn 

Developers 2023) object class, which we will refer to as the LDA object. Stored feature 

vectors and their labels are passed into the LDA object’s fit method, which performs the 

multiclass LDA.  After fitting, the LDA object contains the matrix of eigenvectors A (see 
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Section 2.4), which can transform new feature vectors in real-time when they are passed 

into the LDA object’s transform method. The procedure initiated by the “Create Classifier” 

button also creates an instance of the GaussianNB (Scikit-learn Developers) object class, 

which we will refer to as the GNB object. The GNB object creates a trained classifier when 

labelled feature vectors are passed into the fit method. The fitted GNB object takes 

transformed feature vectors into the predict_proba method during live gameplay and returns 

the likelihood of each possible movement task being performed.  Once the LDA and GNB 

Figure 2.2: Game Control Schematic 
A schematic game control procedure implemented Python code.  The Control Loop samples 
data from the EMG device and performs operations to obtain movement classification 
decisions and generate corresponding keyboard events. Keyboard events are registered in 
the PyGame Event Queue, from which they are retrieved and handled by the pre-
programmed PYTRIS Game Loop. The game loop executes the game logic and updates the 
game board, providing the user with feedback. The control scheme also accepts key strike 
inputs, allowing some game degrees of freedom to be controlled by a partner when 
necessary. 
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objects are fitted, the user can open the game interface by pressing the “Start Training” 

button (Figure 2.1D). 

 

We create the live videogame module by modifying an open-source Tetris game, called 

PYTRIS (Kim 2017). The object of the game is to control the position and orientation of 

falling geometric shapes (i.e., blocks) so that they stack in complete rows at the bottom of 

the game board.  The original game is controlled by key strikes, so we mapped EMG signal 

classifications to virtual key strikes that correspond to the original controls. 

 

In Figure 2.2, we show how EMG signal input controls the PYTRIS videogame. We use 

the pynput library (Palmer 2022) to create virtual keyboard events within a “control loop” 

(right) which are received by a “game loop” (left) by way of the PyGame event queue. 

Notably, the event queue may still receive input from real key presses. If there are too few 

sensors or the user’s impairment is too severe for reliable classification of six EMG 

patterns, the classifier can be trained on fewer movements and real keyboard events can be 

used to control the residual degrees of freedom. The key presses could be performed by the 

user, or by a partner in a collaborative gameplay scenario.  

 

The unprocessed data that is sampled from the device in the control loop is also stored for 

future processing. 
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2.6 Validation in Healthy Volunteers 

To validate our design approach, we assessed the system’s classification accuracy and the 

stability of real-time control during PYTRIS gameplay. To generalize our findings to 

populations having bilateral motor deficits affecting the lower and upper limbs, we tested 

our approach in an individual with advanced multiple sclerosis (MS), in addition to healthy 

volunteers. 

 

2.6.1 Participants 

All participants were taking part in an ongoing investigation of individualized EMG 

biofeedback in individuals with multiple sclerosis.  We conducted additional analyses on 

data that were collected during system calibration and intervention tailoring sessions for 

this study. All participants provided written informed consent to all procedures, which were 

approved by the Hamilton Integrated Research Ethics Board (HiREB project #16009). 

 

We analyzed data from 5 healthy volunteers (3 males and 2 females, 25-29y) who are also 

members of our laboratory, and one 57-year-old female with a clinical diagnosis of primary 

progressive MS with a 28-year disease duration. All participants were right-handed.  

 

The volunteer with MS scored 7.0 on the Kurtzke Expanded Disability Status Scale 

(EDSS), which was associated with limited walking ability, restriction to a wheelchair most 

of the day, and difficulty maintaining a standing posture for extended duration. Modified 

Ashworth Scale (MAS) scores indicated increased resistance to passive stretch in both left 
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and right knee flexor muscle groups with MAS scores of +1 and 1, respectively. Increased 

resistance was also present in both the dorsi-flexors and plantar-flexors at the right ankle 

with a score of 2 for both joint movement directions. 

 

2.6.2 Movements and Sensors 

Since many applications involve improving upper limb function, we used movements of 

the hand and forearm to validate our approach in healthy volunteers. Six movement tasks 

were: rest, wrist flexion and extension, hand supination, hand pronation, and finger 

abduction (splaying). The tasks corresponded to the game controls for: No Input, Left, 

Right, Rotate Right, Rotate Left, and Drop, respectively.  To capture relevant muscle 

activities, we recorded signals from the right forearm over the Flexor Carpi Radialis (FCR), 

Pronator Teres (PrT), Extensor Digitorum Superficialis (EDS), and Anconeus (AN).  The 

movements are shown in Figure 3. 

 

To demonstrate the system’s adaptability when providing deficit-specific feedback, for the 

volunteer with MS we tailored the training movements and corresponding muscle recording 

sites using specific training needs. The individual described difficulties maintaining 

balance while walking and poor postural stability when standing upright and completing 

tasks that involve reaching, grasping, and manipulating objects. We reasoned that this 

individual would benefit from exercises that involve coordinating intentional shifts in the 

center of mass with the execution of upper limb tasks while standing.  Five movement tasks 

were used to control the gameplay including: neutral stance, shifting center of mass over 
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right foot, shifting center of mass over the left foot, right grip squeeze, and left grip squeeze. 
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Grip squeeze movements were performed by applying force to silicone 9kg grip strength 

trainers (GoZoneTM).  The tasks corresponded to the game controls for No Input, Left, 

Right, Rotate Right, and Drop, respectively. The Rotate Left control was omitted to 

simplify the game control scheme and support classifier performance. To train the Gaussian 

classifier, we recorded signals from the right and left Vastus Lateralis (VL) and left and 

right FCR muscles.  To ensure safety during the exercise, the movements were performed 

with a support bar in front of the participant and a wheelchair positioned directly behind.  

 

2.6.3 Calibration Procedure 

For the healthy volunteers, eight seconds of data was recorded during each of the movement 

tasks. For the active movements (i.e., not rest), participants were instructed to rotate the 

hand clockwise or counterclockwise, flex or extend the wrist, or splay the fingers for the 

duration of the recording. In each case, the participant was instructed to perform the 

movement once, holding the end position and actively working against the limit of their 

range of motion until the recording was finished. The researcher began the recording after 

the onset of movement.  

 

Figure 2.3: Calibration Movements and Positions 
Panel A. Passive positions during which 2 seconds of data was recorded to train the No 
Input classification. No Input 1 is shown in both the medial and lateral view to make the 
electrode placement visible. Panel B. The active movements during which 8 seconds of 
data were recorded to train the Left, Right, Rotate Left, Rotate Right, and Drop 
classifications. 
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For the “rest” task, we segmented the recording into four 2-second intervals using different 

passive positions that we observed during pilot testing when users intended to invoke “No 

Input”. This was implemented since users were unable to reliably invoke “No Input” during 

gameplay if the hand was completely relaxed in a continuous 8-second calibration 

recording.  Typically, the hand was held with the fingers slightly extended with the wrist 

neutral and forearm in supination or pronation depending on the most recent movement. 

Thus, the “No Input” data included two seconds in each of the following four poses: hand 

relaxed with the palm facing towards the midline, fingers extended and palm facing toward 

the midline, fingers extended and palm facing down, and fingers extended and the palm 

facing up (Figure 2.3A). In contrast to the active movements (shown in Figure 2.3B), we 

instructed the volunteers to maintain each position passively by avoiding movement during 

the recording.  The EMG signal acquired from healthy participant 1 during each of the 

prescribed movements is shown in Figure 2.4A.  

 

For the MS participant, 12 seconds of data were recorded for each of the 5 control 

movements. This larger sample size was required to support stable classification because 

both left and right knee extensors are active during rightward and leftward shifts of the 

torso. Depending on the anterior-posterior position of the center of mass during left and 

right shifts, different patterns of bilateral knee extensor activation may be observed. Thus, 

Right and Left calibration data were each collected in three separate 4-second intervals 

where the volunteer shifted her hip over the toe, over the mid-foot, or over the heel.  The 

volunteer was instructed to stand in a neutral position with trunk centered between the feet 
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Figure 2.4: Calibration Processing Pipeline 
Panel A. EMG data collected from muscles of the right forearm during chosen training 
movements in a representative healthy volunteer. The data is labelled according to the 
movement performed above each 8-second interval, and the colors further identify the 6 
corresponding game control inputs. Panel B. The processing procedure applied to the 
filtered data acquired during calibration or live gameplay is illustrated. Four EMG signal 
features, including the root of the mean squared values (RMS), waveform length (WL), 
number of slope sign changes (SSC), and number of zero crossings (ZC), are extracted 
from each channel. The resulting 16-feature stream fn is transformed by the eigenvector 
matrix A obtained by linear discriminant analysis (LDA) into the 5-dimesional space 
(Aꞏfn). Panel C. The calibration data are represented in the two most prominent dimensions.   
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during the No Input recording, to squeeze the right grip trainer during the Rotate Right 

recording, and to squeeze the left grip trainer during the Drop recording. These three 

controls were collected in continuous 12-second intervals.  

 

2.6.4 Performance Outcomes 

To assess the performance of our classification method, we performed a 5-fold cross 

validation evaluating overall accuracy and the precision within each class. Accuracy is the 

percentage of all class predictions that are made correctly, and precision is the percent of 

assignments to each class that were made correctly (i.e. the true positive rate). This is a 

standard validation approach, but the validation sets are random subsets of the calibration 

data and do not necessarily capture novel patterns that arise spontaneously during 

unconstrained gameplay.  

 

Therefore, we also recorded the portion of classifier decisions that agreed with the majority 

decision (i.e. in the 5 in 1 voting reduction) during gameplay.  This was expressed as a 

value between 0.4 (2 of 5; the minimum for a majority decision to be made) and 1.0 (5 of 

5; compete agreement) and called the “portion in agreement” (PIA). For the healthy 

controls, PIA was calculated over 10 minutes of continuous gameplay. The MS participant 

became too fatigued to continue after 4 minutes of gameplay, and so this shorter interval 

was used to compute the PIA.  
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2.6.5 Results 

Figure 2.5 shows the 2 most prominent dimensions of the LDA transform for each of the 

volunteers in panel A through F. Visually, there is a shared pattern across the healthy 

Figure 2.5:  Calibration and Training Data 
Panels A through F show the calibration data for each heathy volunteer and one volunteer 
with MS a coordinate space defined by the two most prominent dimensions of the LDA 
transform. The data is plotted in arbitrary units because each dimension is the linear 
combination of feature vector elements measured in different scales. Panel G shows the 
portion in agreement (PIA) during 10 minutes of gameplay for the healthy volunteers and 
4 minutes of gameplay for the MS volunteer. The PIA is expressed as value that can range 
between 0.2 and 1, where 1 indicates 100% agreement (5 of 5 votes agree) and 0.4 
indicates 40% agreement (2 of 5 votes agree). Error bars represent the standard error of 
the mean (SEM). 

Table 2.1: Accuracy and Precision Metrics 

Participant Accuracy Precision 

  No Input Left Right Rotate Right Rotate Left Drop 

H1 99.15 (0.40) 97.41 (2.04) 100.00 (0.00) 99.23 (1.05) 98.81 (1.78) 100.00 (0.00) 99.61 (0.  

H2 93.56 (1.45) 92.63 (2.09) 99.22 (1.06) 99.62 (0.86) 80.47 (6.98) 98.48 (1.58) 93.98 (1.  

H3 99.03 (0.46) 99.61 (0.88) 100.00 (0.00) 100.00 (0.00) 100.00 (0.00) 99.23 (1.05) 95.55 (2.  

H4 93.54 (1.77) 94.55 (1.62) 93.89 (5.62) 98.11 (2.67) 87.88 (4.58) 95.47 (2.93) 92.48 (4.  

H5 96.91 (0.71) 96.58 (2.80) 98.85 (1.70) 99.22 (1.75) 93.64 (3.45) 98.33 (1.75) 95.42 (3.  

Avg 96.44 (2.78) 96.16 (2.68) 98.40 (2.57) 99.26 (0.71) 92.16 (8.11) 98.30 (1.72) 95.41 (2.  

        

MS 91.59 (1.00) 80.47 (5.05) 89.60 (3.81) 89.90 (2.63) 98.54 (1.57)  100.00 (0  

Accuracy and precision metrics obtained from the 5-fold cross-validation procedure. 
Accuracy is the percent of correct class predictions when all control movements are 
considered together. Precision is the percentage of samples classified into each movement 
class correctly (i.e., true positives). For each volunteer, the parentheses contain the standard 
deviation of the accuracy and precision measures over 5 splits. The average and standard 
deviation of the metrics across the five healthy volunteers (H1-H5) is shown in bold. 
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participants. The No Input class has the tightest clustering, and the Right and Left (wrist 

extension and flexion) have the greatest variance and the most separation from each other, 

and the rotation controls (Rotate Right and Rotate Left) exhibit poorer separation. In Figure 

2.5F, the LDA transform for the MS volunteer shows the No Input, Left and Right controls 

are poorly separated compared to the Rotate Right and Drop movement patterns. It should 

be noted that poor separation in the two dimensions plotted in Figure 2.5 does not preclude 

good separation in the other dimensions which are not shown. For the healthy volunteers, 

3 dimensions are not visually represented, and 2 dimensions are absent from the MS 

participant plot.  

 

The classification accuracy and the precision for each movement class are reported in Table 

2.1.  Our Gaussian classification model is accurate with an average accuracy near of 96% 

for the healthy volunteers and 92% for the MS volunteer. For the healthy volunteers, the 

classifier performs best with the Left, Right, and Rotate Left classes having precision scores 

of 98%, 99% and 98%, respectively. For the MS volunteer, the performance was best for 

the Drop and Rotate Right classes with 100% and 99% precision, respectively. The poorest 

classification performance was demonstrated in the MS participant with precisions of 80%, 

90% and 90% for No Input, Left, and Right. 

 

2.7 Discussion 

We identify user motivation, capacity to incorporate many sensors over distributed muscles, 

and accessibility and reproducibility as essential EMG biofeedback system qualities. We 
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also describe our development and preliminary testing of a system that realizes these 

qualities.  The system uses simple machine learning with feature extraction and linear 

reduction classification that can integrate any number of sensors without constraining their 

placement. While our approach could be replicated in other languages, we implement our 

method in Python, which is the most widely used language. Further, our approach can be 

implemented with any off-the-shelf EMG system featuring a Python API, which is common 

for modern devices.  

In a limited validation study, we found that the open-source packages available in Python 

provided the necessary functionality to create a stable system that demonstrated good 

classification performance. The poorest classification accuracy was 92%, which was 

observed for the individual with advanced MS, and this is on par with other published 

classification schemes (Khan et al. 2020). Of course, our application cannot be directly 

compared to any one example in the literature, because the sensor placements and 

movements were chosen to address the specific need of our volunteer, and not to replicate 

an existing paradigm.  

 

We also assessed classification stability during gameplay using the portion of voters in 

agreement during the majority voting procedure (PIA). We found agreement between the 

precision scores obtained by cross-validation and PIA for some classes, but not others. The 

lowest precision scores and PIA values were both observed for Right Rotate, and both 

metrics were low for the Drop class as well. An association between precision and PIA is 

less clear for the other 4 classes, probably reflecting incongruences between the patterns of 
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activation elicited by cues during calibration and the user-initiated patterns observed during 

gameplay. Overall, no class demonstrated an average PIA less than 0.6 (3-of-5 agreement), 

and the mean value was 0.77 (4-of-5 agreement). We interpret these findings as suggestive 

of relatively stable classification during gameplay.  

 

Importantly, cross-validation and stability values that we observed are not generalizable to 

all scenarios where our design may be implemented, as these could involve an infinite 

variety of sensor locations, movements, or even acquisition hardware. Rather, we show that 

it is feasible to obtain functional classification with our approach in the specific scenarios 

that we describe. Future studies will need to validate the adaptability of our approach more 

thoroughly in diverse application scenarios. 

 

We did not address electroencephalography (EEG)-based brain-computer interfaces (EEG-

BCI) although they have a related application and much of our discussion is also relevant 

to such systems (Hosseini et al. 2021). The potential of EEG-BCI in allowing users to 

interact with objects (via a computer) despite severe or complete paralysis is promising and 

exciting. However, the modality of EEG presents several complications that will hamper 

widespread adoption of EEG-BCI in the short-term. Electrode caps are time-consuming to 

prepare in a context where time is limited (i.e., ~1h physiotherapy treatments). The EEG 

signals are also recorded through many tissue layers and their quality is influenced by 

uncontrollable factors like user skin characteristics and hair. The signal is also highly 

sensitive to environmental noise and facial muscle activity. Overcoming these elements 
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requires training and technical expertise that is not yet widely available. A lack of 

competency is a translational barrier for EMG techniques in general (Campanini et al. 

2020), but the EMG biofeedback approach that we propose is much less technically 

challenging. The electrical signal produced by superficial muscles is much larger in 

amplitude and therefore is robust to artifacts such as environmental noise, and sensors can 

be appropriately applied with the basic musculoskeletal anatomy knowledge common to 

most clinicians. The EMG signal collected during calibration is easy to interpret visually 

since the idea of a muscle being “on” or “off” is quite intuitive. In contrast, EEG traces 

represent weighted contributions from many neuronal generators and require considerable 

neuroscience expertise to interpret. The main implication of these contrasts is that 

independent troubleshooting is feasible for an EMG biofeedback system in most clinical 

contexts, but the same is probably not true for EEG-BCI. For these reasons, focusing efforts 

on the development of accessible EMG biofeedback systems will likely have a greater 

impact on rehabilitation outcomes.   

Our approach provides an avenue for rehabilitation researchers to develop client-centered 

rehabilitation procedures, while also studying the rehabilitation process.  The EMG data 

used for classification and game control is also saved for later review and analysis and can 

be compiled into databases that can be used to establish population norms and interpret 

changes in EMG signal patterns that may develop within a training session or over the 

course of a training intervention. Importantly, these benefits can only come about with 

broad clinical acceptance of EMG biofeedback technology.  This work has proposed, and 

demonstrated the execution of, useful strategies towards this goal. 
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2.8 Conclusion 

The usefulness of EMG biofeedback as a tool in neuro-rehabilitation settings is becoming 

clearer, but further progress is needed to push the technology into common use. We 

designed and tested an EMG biofeedback system prioritizing multi-sensor integration, user 

motivation and engagement, and researcher accessibility. The study provides a design 

template for researchers who wish to develop and evaluate a “gold-standard” EMG 

biofeedback method. 
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Chapter 3: Study 2 

In Chapter 2, I describe the design and implementation of a classification-based 

multichannel EMG biofeedback system that can be applied in any of the use scenarios 

described in Chapter 1, Section 3. A key feature is the ability to tailor training movement 

paradigms the specific needs of a user, which is especially advantageous for patients with 

severe and heterogeneous patterns of motor impairment. Moreover, the classification-

centered approach provides opportunity to closely monitor interactions between the user 

and the feedback algorithm to uncover useful information about the quality and dose of 

feedback training being delivered. In Chapter 2, a single session revealed that a standard 

sensor and movement scheme can be implemented effectively in healthy subjects. I also 

demonstrated the single-session effectiveness of a tailored scheme in one individual with 

multiple sclerosis. In Chapter 3, I create tailored sensor and movement schemes to the needs 

of participants with severe neuromuscular dysfunction resulting from MS and explore their 

feasibility over a multi-session intervention. The study explores important considerations 

for interpreting measurements derived from the classification record and identifies to 

facilitate their clinical utility.     

    

Stability and Accuracy of Classification-Based EMG Biofeedback in Three Multiple 
Sclerosis Patients 

 

Abstract 

Electromyography (EMG)-based biofeedback can facilitate high volumes of volitional 

muscle activity (i.e., exercise) in individuals with severe motor impairments. Biofeedback 
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systems based on EMG classification can integrate activities from multiple sensors in a 

way that is flexible and scalable, allowing the selection and number of trained muscles to 

be tailored. The classification record can also provide insights about the quality of the 

biofeedback and training dose. We previously designed and tested a classification-based 

system within a single session. In this study, we explore the feasibility of a tailored 6-week 

intervention in 3 participants with advanced MS symptoms. Participants attended up to 3 

sessions every week for 30 minutes of training. For two participants, the training was 

divided into two 15-minute blocks with separate tailored schemes. We thus attempted to 

implement five tailored classification-based EMG biofeedback interventions. The primary 

success criteria for implementation were: 1) creation of accurate classification models, and 

2) participant ability to successfully interact with the biofeedback for the 15- or 30-minute 

training duration. Four of the five interventions were successful with typical classification 

accuracy above 95% and stable feedback control achieved during all training sessions. One 

intervention was not successful, having a median accuracy of 86% and failing to achieve 

meaningful feedback control in 3 of 7 sessions. This work is the first to demonstrate 

classification-based EMG biofeedback in MS patients with severe impairment. Future work 

should develop frameworks for efficient biofeedback personalization and determine 

normative values to enhance the interpretation of the classification record. 

 

3.1 Introduction 

Biofeedback therapies transform physiological or mechanical sensor data into engaging 

visual or auditory stimuli to facilitate therapeutic exercises in impaired populations 
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(Giggins et al. 2013). Biofeedback systems that use electromyographic (EMG) sensors 

transform the electrical potentials that determine whether muscles are active or at rest. 

These muscle potentials can be generated and controlled even by individuals with serious 

motor disorders that prevent them from engaging in traditional therapeutic exercises. 

Reduced range of motion, extreme weakness, poor coordination or dexterity, and inability 

to independently stand or ambulate do not prohibit participation in EMG biofeedback 

training.  

 

Traditionally, EMG biofeedback is transformed using an “equation-based” approach. 

Values from EMG sensors are assigned to corresponding variables within a feedback 

control equation that continuously scales the position, size, or color of visual feedback 

objects (Davis and Lee 1980, Van Dijk et al. 2016, Prahm et al. 2018, Garcia-Hernandez et 

al. 2019, Cikajlo et al. 2021, Dost Sürücü and Tezen 2021, Enciso et al. 2021, Jian et al. 

2021, Marin‐pardo et al. 2021, Muguro et al. 2021). Equation-based biofeedback systems 

typically integrate one or two sensors that are placed at standardized recording sites making 

them simple and accessible, but also inflexible. Single-sensor systems can only train one 

muscle group at a time (Stepp et al. 2011, Garcia-Hernandez et al. 2019), and multi-sensor 

equation-based systems assume a fixed number of sensors and certain target muscles (Jian 

et al. 2021, Marin‐pardo et al. 2021, Donnelly et al. 2023). Adjusting any of these 

parameters requires adjusting the equation. We have argued that “classification-based” 

EMG biofeedback methods are more impactful (Toepp et al. 2023). Classification-based 

methods combine values from any number of sensors into a single “feature vector” which 
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is classified by a machine-learning model. The assigned class corresponds to one of several 

discrete feedback outcomes, such as a controller command in a video game. For example, 

training may require users to generate muscle activity patterns that invoke certain class 

decisions with a predefined order and timing, similar to the popular “Guitar Hero” video 

game (Armiger and Vogelstein 2008, Oña et al. 2022).  

 

Classification-based feedback does not require adherence to standard sensor locations and 

training tasks that involve certain muscles. Rather, the sensors must capture differences 

between the discrete muscle activity patterns being trained to support accurate EMG 

classification. Whether accurate classification can be reliably achieved is critical to 

classification-based EMG biofeedback’s feasibility, particularly in the face of serious 

neuromuscular impairment. The efficacy of EMG classification has been studied in 

individuals with cerebral palsy (CP) (MacIntosh et al. 2022), stroke (Lee et al. 2011b, 

Cesqui et al. 2013, Lu et al. 2019b, Song et al. 2022), and spinal cord injury (SCI) (Liu and 

Zhou 2013, Jordanic et al. 2016, Jordanić et al. 2016, Lu et al. 2019a, Jaja et al. 2021), and 

accuracy is found to vary considerably depending on the level of impairment.  Accuracy 

was 37-83% in stroke patients when classifying movement in 4 directions during robotic 

arm training (Cesqui et al. 2013), and 34-97%  for 6 hand gestures in stroke (Lee et al. 

2011b, Lu et al. 2019b) and SCI (Lu et al. 2019a). Notably, these were standardized 

paradigms where a limited number of sensors (6 to 10) were placed consistently without 

consideration for individual impairments. In contrast, when studies used large arrays of tens 

or hundreds of sensors and weight each sensor according to its classification importance, 
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accuracy was consistently above 80% in stroke and SCI (Zhang and Zhou 2012, Liu and 

Zhou 2013, Jordanić et al. 2016).  Large sensor arrays are not widely accessible, so 

identifying recording sites that support stable classification is an important activity and a 

significant contributor to feasibility.  

 

Using an appropriate number of discrete training tasks is also significant. Studies in 

neurologically impaired individuals often test classification of as many forearm and hand 

muscle patterns as possible because the aim is to develop sophisticated control of robotic 

prosthetic devices (Zhang and Zhou 2012, Liu and Zhou 2013, Lu et al. 2019b, Song et al. 

2022). However, biofeedback for therapeutic exercise need not involve more than a few 

carefully selected training movements. This is illustrated by Macintosh and colleagues, who 

achieved 86% accuracy during a 4-week training period in children with cerebral palsy 

using the Myo Armband with only 3 training movements (MacIntosh et al. 2021). These 

authors also identified a “primary target” gesture which was wrist extension with open 

fingers. This introduced the idea of combining one or two primary movements with less 

therapeutically relevant movements that are designed to support accurate EMG 

classification. For example, if the primary target is a gesture with the paretic hand, 

secondary training movements using the unaffected hand, or lower limbs present an easier 

classification challenge versus secondary movements being different movements of the 

impaired hand. This introduces yet another dimension of flexibility featured by 

classification-based EMG biofeedback. 
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Our recently published classification-based system supports the desirable features 

described above with just four EMG channels, which is a broadly accessible level of 

instrumentation (Toepp et al. 2023). In a small sample of healthy controls and one 

individual with primary progressive multiple sclerosis (MS) affecting the lower limbs, we 

observed good classification accuracy and stability during a single session. However, 

reproducing these findings in individuals with severe motor impairment over many training 

sessions is required to establish feasibility. It is essential to demonstrate the modality’s 

robustness in the face of the muscle weakness, hypertonia, spasticity, and discoordination.  

 

Individuals with multiple sclerosis (MS) expressing advanced motor symptoms are 

excellent test cases for classifier-based EMG biofeedback. While initial MS presentation 

varies, inflammatory damage eventually overwhelms the body’s native repair mechanisms 

leading to progressive loss of motor function (Olek 2021). Progression of the disease 

coincides with reduction in physical activity, despite evidence for neuroprotective effects 

of exercise (Motl et al. 2005, 2017, Guo et al. 2020). In the later stages, MS patients exhibit 

challenging motor symptoms that prohibit traditional exercise, such that EMG biofeedback 

has potential to make significant impact by providing an accessible exercise modality.  

 

In the present work, we examine the performance of our system in the context of a multi-

week intervention targeting neuromuscular impairment in three individuals with advanced 

MS motor deficits. We created EMG biofeedback training schemes tailored to participant’s 

symptoms and invited them to attend 18 training sessions within a 6-week study period. We 
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evaluated system performance during all sessions to demonstrate the feasibility of using 

classification-based EMG sensors to deliver tailored therapeutic exercise in a population 

with challenging neuromuscular impairments. We quantified the off-line accuracy and 

precision of the classification models and the on-line stability of patient interactions with 

the system during training. In addition, we used the classification record to determine the 

relative amount of time spent performing each training movement during a session and gain 

insight into the actual dose of biofeedback training delivered.  

 

3.2 Methods 

3.2.1 Participants 

This report includes three cases from an ongoing investigation of tailored EMG 

biofeedback in multiple sclerosis (MS). The participants were recruited after being 

identified by their neurologist as experiencing significant muscle stiffness, weakness, 

hypertonia and/or spasticity not adequately addressed by the existing treatment course. 

Information about patient demographics, medications and history of MS can be found in 

Table 1. All participants were able to understand and follow instructions in English and did 

not have any visual impairment that could interfere with the interpretation of visual 

feedback. All participants provided written informed consent to all procedures, which were 

approved by the Hamilton Integrated Research Ethics Board (HiREB project #16009). 

 

3.2.2 Classification-Based EMG Biofeedback 
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We previously described our classification-based EMG biofeedback approach in detail 

(Toepp et al. 2023).  In this section we briefly describe our system’s instrumentation, 

calibration, and training procedures. We also describe the process of tailoring the 

biofeedback based on needs specific to each case. 

 

Instrumentation. EMG is recorded from pre-gelled Ag/AgCl adhesive electrodes placed in 

a bipolar configuration over muscles that were chosen specifically for each case. We use a 

4-channel acquisition system (TMSi SAGA high-density EMG device, TMSi ltd. 

Oldenzaal, Netherlands). The device features on-board AD conversion and streams 

digitized sensor samples directly to a PC through USB connection at a rate of 4 kHz.  

 

Calibration. At the beginning of each training session, EMG data is recorded while the user 

performs each movement task and one task that involves maintaining a neutral (or resting) 

posture. The EMG pattern corresponding to the neutral posture will register a “No Input” 

command with the biofeedback system. Next, three to five movements are performed and 

used to register commands within a Tetris game during the training. Possible inputs to the 

training system include: No Input, Left, Right, Rotate (+), Rotate (-) and Drop. Rotate (+) 

and/or Rotate (-) may be assigned to keyboard arrows which are operated by a researcher 

to reduce the complexity of the EMG classification and improve the stability of the 

feedback stream.  
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EMG data collected during calibration are bandpass filtered between 20 and 400 Hz and 

four simple features are extracted from each channel using a 64ms window and 32ms hop: 

root mean square (RMS), waveform length (WL), number of zero crossings (ZC) and the 

number of slope sign changes (SSC). The result is a set of K 16-element feature vectors f 

for each training movement. The feature vectors are used for multi-class linear discriminant 

analysis29 to create a matrix A that projects feature vectors into a de-correlated subspace 

by computing A · fn, where fn is the nth feature vector in the calibration dataset K. A naïve 

Bayesian classification model30 is then fitted using this transformed calibration data.  

 

Game Control. New feature vectors are extracted from the filtered data stream during live 

training and projected into the classification subspace, each feature vector producing a 

classification decision indicating one of the training movements. The most frequent 

decision in each set of 5 classifications (i.e. the majority vote) registers a corresponding 

command (i.e., No Input, Left, Right, Rotate (+), Rotate (-), or Drop) with the biofeedback 

game interface.   

 

Tailoring and Intervention Design. Case-specific sensor placements and training 

movements called “schemes” were developed during an initial tailoring session. Each 

participant described challenging movements and daily activities, and the Modified 

Ashworth Scale (MAS) was used to assess passive muscle stretch at the ankle, knee, wrist, 

and elbow. This information was taken together to create a profile of upper and lower-limb 

muscle impairment and to identify movements and sensor placements with potential benefit 
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to the individual. These scheme precursors were refined by successive rounds of 

calibration, testing (i.e., brief training trials), and adjustment, until acceptable feedback 

control was achieved. The threshold for acceptable control was participant success in 

controlling the Tetris blocks according to cues provided by a researcher.  

 

After achieving acceptable control, individuals were invited to participate in three 

biofeedback training sessions every week for 6 weeks for a maximum of 18 sessions. The 

objective was to achieve 30 minutes of training during each session. The training schemes 

and the assessment evidence from which they were constructed are provided for each 

participant in the results.   

 

3.2.3. Data Analysis 

To assess the performance of the biofeedback system, we evaluated the classification model 

created during calibration using a fivefold cross validation. The evaluation measures 

overall accuracy, as well as the precision for each training movement (i.e., class). Accuracy 

is calculated as the percentage of all class predictions that are made correctly, while 

precision indicates the percentage of assignments that were made correctly for each class 

(i.e., the rate of true positives). Median accuracy and precision were taken across all the 

training sessions.  

 

Since cross-validation is performed on random subsets of calibration data, an additional  
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measure is required to capture system stability in the face of spontaneous (potentially novel) 

muscle activation patterns during unconstrained gameplay. To evaluate control stability 

during training, we recorded the portion of classifier decisions agreeing with the majority 

decision (i.e., out of 5 votes). This was expressed as a value between 0.4 (2 of 5; the 

minimum for a majority decision to be made) and 1.0 (5 of 5; compete agreement) and 

called the “portion in agreement” (PIA). The average of the PIA value across all decisions 

registered as a game command within each training session was taken and then a grand 

average was calculated across all sessions for each training movement.  

 

Table 3.1: Case Demographics  
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The record of classification decisions also provides a convenient indicator of the relative 

proportion of training time spent producing the various discrete EMG patterns included in 

each training scheme.  This proportion was calculated by dividing the number of registered 

classifications of each movement by the total number of classifications registered during 

the session. The portion assigned to each movement is therefore represented as a value 

between 0.0 and 1.0 where 1.0 denotes the entire training duration.  

 

 

3.3 Results 

The table provides each participant’s age, EDSS score, and duration of disease evolution, 
summarized drug treatment regimen and number of sessions completed during the 6-week 
trial. The EDSS scores can range from 0 to 10, with 10 indicating death due to MS. A score 
of 7.0 indicates heavy reliance on a wheelchair, and inability to walk more than 5 meters, 
even with aid.  A score of 8.0 indicates complete loss of walking ability but retaining 
sufficient function in the upper limbs to perform many self-care functions. Evolution 
reflects the number of years since diagnosis as of the time of enrolment. The drug 
treatments were reported by the participants during the preliminary tailoring interview. 
EDSS – Kurtzke Expanded Disability Status Scale 
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3.3.1 Case 1 

The participant is a 57-year-old right-handed female with a disease history of 28 years, 

score of 7.0 on the Kurtzke Expanded Disability Status Scale (EDSS). They had limited 

walking ability and were mostly restricted to a wheelchair. MAS indicated increased 

resistance to passive stretch in left and right knee flexor muscle groups with scores of +1 

and 1, respectively. Increased resistance was also present in both the dorsi-flexors and 

plantar flexors at the right ankle with a score of 2 for both joint movement directions. 

 

The individual reported poor balance while walking, standing, or reaching/manipulating 

objects. We designed a scheme to target coordination of intentional shifts in the center of 

mass while standing with upper limb tasks which we have previously described (Toepp et 

al. 2023). Since the primary target was balance, we assign the name “BAL” to this training 

scheme. The BAL training scheme, the classifier precision, the PIA, and the portion of 

training spent performing each movement are all provided in Figure 3.1A through 3.1D, 

respectively. The participant was able to attend all 18 sessions during the 6-week study 

period. The median calibration recording duration was 6 seconds across all training 

movements, stable feedback control was achieved during all sessions, and offline 

classification accuracy was 96% across sessions.  
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Figure 3.1: Case 1 
The biofeedback training scheme and classification-derived metrics for Case 1. Panel A 
shows the BAL scheme wherein 5 movement tasks were used to control the gameplay: 
neutral stance, shift weight over the bent right knee, shift weight over the bent left knee, 
right grip squeeze, and left grip squeeze. Grip squeeze was performed by applying force 
to silicone 9 kg grip strength trainer (GoZoneTM). These movements corresponded to 
the game controls for No Input, Left, Right, Rotate (+), and Drop, respectively. The grip 
squeeze movements were detected by EMG sensors placed in a bipolar configuration 
over the corresponding FCR muscle. Shifts in weight over the left and right knee were 
detected by EMG sensors placed bilaterally over the VL muscle. Panel B shows the 
classification precision (true positive rate) for each training movement, Panel C shows 
the within-session mean PIA, and Panel D shows the portion of training time spent 
performing each movement. In Panels B-D, the box and whisker plots show the median, 
interquartile range (Q1-Q3), minimum and maximum values for each metric across all 
sessions.   VL – vastus lateralis, FCR – flexor carpi radialis, BAL – balance 
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3.3.2 Case 2  

The participant is a 47-year-old right-handed female with a 23-year disease history and a 

score of 8.0 on the Kurtzke Expanded Disability Status Scale (EDSS). They experienced 

severe weakness in both legs and hypertonia in the left knee extensors, ankle flexors and 

ankle extensors with MAS scores of 2 for each muscle group. The participant was restricted 

to a wheelchair during the training. The individual exhibited pronounced muscle 

impairment in the right upper limb, with hypertonia affecting the elbow (MAS score of 1+ 

in flexors and 3 in extensors) and wrist flexors (MAS score of 2).  

 

During the initial tailoring session, the volunteer identified upper limb dysfunction as a 

high priority due to its association with loss of independence to perform common daily 

activities. They also identified loss of leg function as highly distressing with lower limb 

stiffness and spasms being a significant source of overall discomfort. We designed two 

biofeedback schemes, each with sensor placements and training movements to target either 

the upper or lower limb. Each scheme was used for half of the training duration (i.e., 15 

minutes out of the 30-minute sessions). The upper lime scheme (UL) is shown in Figure 

3.2A, and the lower limb scheme (LL) is shown in Figure 3.2B.    

 

The participant was able to attend 7 of the 18 invited sessions during the 6-week study 

period. Attendance rate of less than 50% resulted from challenges with symptoms and 

transportation. The participant was able to achieve reliable game control with the UL 

scheme in all 7 sessions with a median calibration recording duration of 4 seconds per 
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movement, and median classification accuracy of 100%. For LL, reliable game control was 

not achieved for more than a few seconds during 3 of the 7 training sessions. The median 

off-line classification accuracy was 86%, and the calibration recording duration was 6 

seconds for No Input, 5 seconds for Left and 4 seconds for both Right and Drop.  

 

The precision values for each UL and LL scheme movement are shown in Figure 3.2C and 

3.2D, PIA is shown in Figure 3.2E and 3.2F, and the portion of training spent performing 

each movement is provided in Figure 3.2F and 3.2G. Median PIA, accuracy, and precision 

values for LL in Figure 3.2D, 3.2F, and 3.2G represent 4 sessions of training, with 

completed durations of 14, 10, 4, and 15 minutes. In all cases where training was aborted 

before the 15-minute mark, the reason was loss of control stability.   

 

3.3.3. Case 3 

The participant is a 73-year-old right-handed male with recent MS diagnosis 6 years prior, 

and a score of 8.0 on the EDSS. Loss of lower limb function, especially on the right side 

rendered the participant restricted to a power wheelchair during the biofeedback training. 

MAS scores of 1 indicated the presence of increased tone in the right and left knee flexors, 

and the ankle flexors and extensors on the right side. Upper limb impairment was only 

present on the right side, with hypertonia affecting muscles across the elbow joint. The 

elbow flexors scored MAS 1+ and elbow extensors scored 2, corresponding with inability 

to volitionally extend the elbow beyond 120 degrees.  The individual was also unable to 

open their right hand. A MAS score of 0 indicated normal tone in muscles crossing the wrist 
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joint, suggesting that impaired hand opening reflects weakness in the digit extensor muscles 

rather than flexor tone. 

  

The participant indicated that regaining function in the right arm and hand was most 

important to them. We therefore prioritized training that targets impairment at the elbow 

and in the hand. We could not achieve acceptable control when training both targets 

together, so we separately designed a scheme to target the hand (HA) and a scheme to target 

the elbow (EL), each to be performed for 15 minutes. The HA and EL schemes are 

illustrated in Figure 3.3A and 3.3B, respectively. 

 

Figure 3.2: Case 2 
The biofeedback training schemes, and classification-derived metrics are presented for 
Case 2. The UL and LL schemes are shown in Panels A and B, respectively. In the UL 
scheme, a pillow was placed on the participants lap to support the forearms during training. 
Right- and left-hand opening movements controlled Left and Right translation, and the 
Drop command was entered by performing both movements at the same time. Relaxing 
both Hands on the pillow resulted in No Input. These muscle activity patterns were 
captured by sensors placed bilaterally over the ECRL and EDS muscles. For the LL 
scheme, we placed the participants’ feet on tilted platform in front of their braked 
wheelchair. The sensors were placed bilaterally over vastus lateralis (VL) and vastus 
medialis (VM) and the Left and Right commands were controlled by pushing against the 
platform with the corresponding foot as if trying push the chair backward. Simultaneously 
pushing with both feet resulted in the Drop command and relaxation was required to elicit 
No Input.  For both schemes, we assigned Rotate (+) and Rotate (-) to the arrow keys on 
the computer keyboard which were operated by a researcher under the verbal direction of 
the participant.  Panel C and D show the classification precision (true positive rate) for 
each training movement in UL and LL, respectively. Panel E and F show the within-
session mean PIA for UL and LL. Panel G and H show the portion of training time spent 
performing each movement for UL and LL. In Panels C-H, the box and whisker plots show 
the median, interquartile range (Q1-Q3), minimum and maximum values for each metric 
across all sessions.   ECRL – extensor carpi radialis longus, EDS – extensor digitorum 
superficialis, UL – upper limb, LL – lower limb 
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The participant was able to attend the 18 invited sessions during the 6-week study period. 

The median recording duration for the HA scheme during calibration was 4 seconds for all 

controls, and the resulting classification models exhibited 100% offline accuracy. Training 

was stopped after 4 minutes of training in one session due to a change in muscle tone that 

caused loss of effective biofeedback control. 15 minutes were completed in the remaining 

17 sessions. The median recording duration during calibration for the EL scheme was 4 

seconds for all controls, and median offline classification accuracy was 100%. Training was 

stopped after 3 minutes of one of the sessions due to a change in muscle tone that caused 

loss of effective game control. The complete 15 minutes of was performed in the remaining 

17 sessions. The precision values for the HA and EL scheme movements are shown in 

Figure 3.3C and 3.3D, PIA for each scheme is shown in Figure 3.3E and 3.3F, and the 

portion of training spent performing each movement is provided in Figure 3.3F and 3.3G.  

 

3.4 Discussion 

Impactful physical therapy is challenging in progressive diseases like MS because motor 

deficits evolve over time. Because of its adaptability, classification-based EMG 

biofeedback may be an impactful therapeutic tool in these scenarios. We successfully 

created four tailored biofeedback training schemes for three individuals with advanced 

motor deficits due to MS. We also created one less successful training scheme that provided 

valuable insights with respect to the challenges that need to be addressed to bolster 

implementation in individuals with severe motor impairment.  
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We consider the implementation of the BAL scheme in Case 1, the UL scheme in Case 2, 

and the HA and EL schemes in Case 3 to be successful because over 95% classification 

accuracy (Figure 4A) was reliably achieved and participants were usually able to complete 

the prescribed 15 or 30 minutes of training. Conversely, the LL scheme in Case 2 achieved 

only 86% accuracy, our minimum standard for game control stability was not achieved in 

three of the seven sessions, and the entire prescribed 15-minute training interval was 

completed on only one occasion. The off-line accuracy and precision, and the metrics 

derived from the on-line classification record are useful sources of insight into the 

determinants of success in classification-based EMG biofeedback implementation.   

 

We chose to assess the portion in agreement (PIA) because it is easily accessible through 

the majority vote module in our control pipeline (Toepp et al. 2023) and it provides an 

Figure 3.3: Case 3 
The biofeedback training schemes, and classification-derived metrics are presented for 
Case 3. The HA and EL training schemes are shown in Panel A and B. We adopted a strategy 
wherein one sensor was placed over a scheme-specific target muscle. This sensor was 
placed over the EDS muscle for HA, and over the TB muscle for EL. Opening the hand and 
extending the elbow were both mapped to the Right game command within their respective 
training schemes. The remaining sensors were placed over three muscles which were kept 
consistent between the schemes. One of these sensors was placed over the left FCR muscle, 
and the remaining two sensors were placed over the left and right tibialis anterior (TA) 
muscles. The participant controlled the Left command by squeezing a grip strength trainer 
with the left hand. For the Drop command, the participant performed simultaneous 
dorsiflexion of the right and left ankles. The Rotate (+) and Rotate (-) commands were 
assigned to keyboard button presses. Panel C and D show the classification precision (true 
positive rate) for each training movement in HA and EL, respectively. Panel E and F show 
the within-session mean PIA. Panel G and H show the portion of training time spent 
performing each movement. In Panels C-H, the box and whisker plots show the median, 
interquartile range (Q1-Q3), minimum and maximum values for each metric across all 
sessions.   FCR – flexor carpi radialis, EDS – extensor digitorum superficialis, TA – tibialis 
anterior, UL – upper limb, LL – lower limb 
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Figure 3.4: Accuracy and Portion in Agreement 
Panels A and B show the median accuracy assessed during 5-fold cross validation and the 
PIA, respectively, across all sessions for each control scheme. Panels C and D illustrate 
the relation of PIA values during training to the majority vote record. Panel C shows the 
five-vote record for twenty consecutive control inputs (top) occurring within a ten-second 
interval of PIA values (bottom) that correspond to a relatively high average PIA.  Panel 
D shows the voting record for twenty control inputs (top) within a ten second interval of 
PIA values (bottom) that produce a relatively low average PIA.  Solid lines above the 
voting record entries indicate complete agreement among all 5 votes and thus, an interval 
of stable control. Broken lines indicate periods of less stable control where votes are split 
between two or more classes. 
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intuitive measure of the overall stability of interactions between the user and the system 

during a session. Figure 3.4C and 3.4D illustrate how PIA is derived from the majority vote 

record. A high average PIA (Figure 3.4C) is associated with long periods of stability where 

all five voters agree on one class (PIA of 1.0), interrupted by short unstable transition phases 

where some voters disagree (0.4 < PIA < 0.8). In cases of low PIA, the unstable transition 

phases are prolonged, and stable phases of complete voter agreement are shorter (Figure 

3.4D).        

 

To our knowledge, we are the first to use a measure of control stream stability to describe 

on-line classifier behavior. Transfer of a classifier’s performance to an on-line context is 

usually assessed by measuring its accuracy against time-locked video record (Siu et al. 

2016, MacIntosh et al. 2021, Han et al. 2022). These measurements evaluate classifier 

model robustness by using data intervals between discrete onset and offset events. In 

contrast, PIA captures an intuitive and meaningful characteristic of classification, its 

stability, in a continuous manner without the need for multiple modalities to detect 

movement onset and offset.    

 

Several factors likely determine the control stability. First, we observed that low average 

PIA values (Figure 3.4B) usually coincided with low off-line classification accuracy. The 

lowest accuracy among all schemes was demonstrated by LL in Case 2 at 86%, and this 

coincided with the lowest PIA at 0.72 (Figure 3.4B). Conversely, all other (successful) 

schemes exhibited off-line accuracy above 95% and PIA values above 0.8.  It is likely that 
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the effectiveness of the initial calibration directly impacts control stability, and therefore 

interpretations about the meaning of PIA with respect to the user’s motor behavior should 

be avoided unless off-line accuracy is near 100% and is thus unlikely to be a major 

contributor.   

UL, HA, and EL demonstrated 100% median precision across all controls, but the median 

PIA ranged from 0.74 (Right in the EL scheme) to 0.93 (No Input in the HA scheme), 

suggesting influences outside of the classifier efficacy.  One such influence may be changes 

in EMG movement signatures from baseline because of fatigue or accumulating effects of 

movement-related neuromuscular dysfunction. Abnormal muscle stretch reflexes and soft 

tissue changes can cause spasticity (Trompetto et al. 2014), which can alter the EMG 

patterns produced when same movement is repeated many times (Marinelli et al. 2017, 

Trompetto et al. 2019, Puce et al. 2021). In progressive MS, the ability to sustain voluntary 

activation is also compromised (Wolkorte et al. 2016), so movement attempts may become 

more transient as the training session continues. These factors may contribute to the range 

of PIA values observed among schemes exhibiting near-perfect off-line accuracy.  

The context in which a movement is used to control the game may also be important. 

Movements that are performed in a more sustained or continuous manner during training, 

such as holding a posture or joint position, are likely to result in longer periods of stable 

classification and higher PIA. For example, the No Input control (neutral posture) prevents 

the Tetris block from moving, and the highest median PIA was observed for this control 

when classifier accuracy was not a factor (i.e., in UL, HA, and EL). In contrast, the Rotate 
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and Drop commands are each entered to cause more transient events, i.e., rotating the block 

by 90 degrees, or dropping the block to the bottom of the board.  

 

Normative values for specific control schemes in healthy users would facilitate 

interpretation of PAI in terms motor impairment. The impetus to expend resources to create 

such normative databases will require evidence of the training scheme’s therapeutic impact 

and its utility in a broad patient population. While exercise therapy is established as an 

effective means to address spasticity and fatigue in MS (Donzé and Massot 2021), EMG 

biofeedback interventions vary considerably in the dose of exercise that they deliver a 

single session. Only one study has assessed the impact classification-based EMG 

biofeedback training in MS (Oña et al. 2022). The intervention involved training hand 

gestures for 12-20 minutes twice every week for 8 weeks. These authors reported 

improvements in upper limb function, but the frequency and duration of training 

movements within the training intervals was not reported. This is not surprising because 

recording such details in real-time would be daunting in a minimally structured game-based 

exercise scenario. It is, however, possible to use the classification record to measure the 

portion of the training time spent producing each training movement to obtain a more 

precise indication of the training dose.  

 

In our study, 30 minutes of training was prescribed in each case with that duration being 

comprised of two 15-minute training blocks using different schemes in cases 2 and 3.  

Approximately 20% of the BAL training (Figure 3.1D) was comprised of No Input, and 
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that portion was at least 60% for the other training schemes (Figure 3.2G, 3.2H, 3.3G and 

3.3H). Therefore 24 minutes of exercise were administered per 30-minute interval in Case 

1 and only 12 minutes (i.e., less than half of that in Case 1) in Cases 2 and 3. The actual 

training dose also varied for movements that represented primary therapeutic targets. Right 

hand opening in the HA scheme and right elbow extension in the EL schemes both 

accounted for only ~10% of the training interval in their respective schemes (Figure 3.4D 

and 3.4E) equating to ~3 minutes in every 30 minutes of training. In contrast, the main 

therapeutic component of the BAL scheme, which were shifts of weight over the left and 

right knee, accounted for approximately 60% of the training duration and ~18 in every 30 

training minutes. Future research will need to determine the implications of dose when 

exercise therapy is administered via classification-based EMG biofeedback. Fortunately, 

the exercise dose can be easily and automatically monitored by this modality’s 

classification mechanism. 

 

3.5 Conclusion 

In three case studies, we demonstrated the feasibility of creating and implementing 

tailored classification-based EMG biofeedback interventions in individuals with advanced 

MS symptoms. We showed that accurate classification and stable game control can be 

achieved in the presence of significant neuromuscular dysfunction and that the dose of 

therapeutic exercise delivered could be easily monitored and interpreted. This work 

provides a foundation for future investigations to uncover the clinical impact of 

classification-based EMG biofeedback training.  



Ph.D. Thesis – S. Toepp; McMaster University - Kinesiology 

89 

Chapter 4: Study 3 

In the previous chapters, I demonstrated the implementation of an optimized surface EMG 

biofeedback method that uses a classification-based approach enabling automated 

assessment through simple analysis of the classification record. The surface EMG trace that 

is acquired during training may also present an opportunity to gain insight into neuromotor 

processes without requiring significant additional acquisition time or expertise.  In Chapter 

4, I develop a simple acquisition protocol that can generate analogous EMG data to that 

produced in a variety of biofeedback and other contexts. I then demonstrate the inter-rater 

and inter-session reliability of analyses performed using a simple cursor placement 

application.  Finally, I propose a simple statistical format through which the findings can 

be leveraged to aid interpretation of surface EMG collected in similar contexts.  

 

Accessible Motor Assessment with Surface EMG: Key Parameters and Reliability 

Abstract 

Despite the evident value of surface electromyography (EMG) in neurorehabilitation, its 

clinical use is limited. Researchers have developed many sophisticated EMG methods to 

test scientific hypotheses and address technical issues. However, there is a lack of simple 

and easily reproduced (i.e., clinician-accessible) procedures with available reference 

literature to support interpretation. To make EMG assessments accessible and interpretable 

for clinicians, we propose a template for surface EMG acquisition and data analysis using 

stereotyped upper and lower-limb movements and manual cursor placements. We apply our 
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template by creating a simple protocol for measuring the root mean square (RMS) and mean 

frequency (MNF) of the EMG signal in active muscles during hand opening (HOP), wrist 

extension and flexion (WEF), and elbow flexion (EF). In 36 healthy males and females, we 

assess interclass correlations (ICCs) to evaluate the relative inter-rater reliability of manual 

cursor placements, and the relative inter-session reliability of the MNF and RMS values. 

We also assess smallest detectible change (SDC) between assessments as a function of the 

number of contributing measurements (i.e., repetitions). Manual cursor placement 

exhibited excellent inter-rater reliability (ICC > 0.9) and inter-session reliability of MNF 

and RMS feature measurements was good (0.75 > ICC > 0.9) or excellent.  As expected, 

SDCs decreased as movement repetitions increased. We demonstrate a clinician-accessible 

template for reliable EMG assessment, and an intuitive approach to interpreting changes in 

the obtained measurements. Designing protocols explicitly for broad use by clinicians will 

be necessary to advance clinical acceptance and integration of the modality into practice. 

 

4.1 Introduction 

Surface electromyography (EMG) can provide insights into the state of movement control 

in healthy and neurologically impaired individuals (Nelson-Wong et al. 2009, Reiman et 

al. 2012, Babyar et al. 2022, Maura et al. 2023). For example, EMG studies reveal residual 

motor transmission, reflecting intact motor axons across the injured segments, in more than 

60% of patients diagnosed with “complete” spinal cord injury (SCI) (Mckay et al. 2004, 

Heald et al. 2017).  Surface EMG may thus help to predict the likelihood of recovery in the 

absence of visible or palpable signs of motor output (Calancie et al. 2004, Pilkar et al. 
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2020). Some EMG signal features are also sensitive to fatigue and may facilitate exercise 

or functional electrical stimulation (FES) by optimizing intervention intensity and duration. 

For instance, fatigue-related changes in root mean square (RMS) and median frequency are 

blunted with muscle-strengthening interventions (Oliveira and Gonçalves 2009), and may 

be useful in scenarios like multiple sclerosis where fatigue-related EMG changes are more 

pronounced and associated with impaired function (Eken et al. 2020).  

 

Despite the apparent value of surface EMG in neurorehabilitation, it has not been broadly 

adopted in clinical practice. Several detailed tutorials, reviews, and editorials have 

identified barriers to clinical translation (Campanini et al. 2020, 2022, Merletti et al. 2021, 

2023), often citing the challenge of interpreting EMG data. Indeed, the practical value of 

any assessment tool depends on the ease with which a clinician can draw valid conclusions 

from values that it provides. In the case of EMG, it may be unclear whether differences in 

the timing or amplitude of signals are caused by physiological change or measurement 

error, making the use of EMG unappealing (Hug 2011). Moreover, interpreting changes 

within an individual over time is especially important in populations such as stroke where 

variation in lesion size, location, and time since injury prevent group-level data from 

producing insights about the expected impact of damage on EMG signal parameters (Li et 

al. 2014, Angelova et al. 2018). The expected signal characteristics during movement in 

healthy individuals, and the expected error in individual surface EMG measurements is 

thus essential for interpretation. This information is required to identify and track injury-

related EMG signatures over time to elucidate prognostic or prescriptive insights.  
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The current literature regarding inter-session differences in EMG measurements mostly 

concerns isometric or isokinetic movements constrained by custom-built limb positioning 

apparatuses (Lee et al. 2011a, Carius et al. 2015). These devices are generally not 

commercially available and are therefore difficult to reproduce. Between-session reliability 

of EMG measures during less-constrained dynamic movements such as running, squats, 

push-ups, chest press, or arm raises has been studied in various postures and sometimes 

while holding weights (de Araújo et al. 2009, Smoliga et al. 2010, Sorbie et al. 2018). In 

these studies, data are normalized to the maximum voluntary isometric contraction (MVIC) 

to reduce intra-subject variability and facilitate interpretation across studies. However, 

isometric reference tasks may be less appropriate for dynamic movements (Allison et al. 

1993, Balshaw and Hunter 2012, Guerrero-Henriquez et al. 2022), and maximal efforts are 

sensitive to prior training and motivation (Soderberg and Knutson 2000), central lesions, 

or pain (Allison et al. 1998).  

 

Moreover, measuring MVIC reliably requires careful positioning and cuing to ensure 

consistency between assessment days, assessors, or measurement settings. Varying 

diligence among clinicians in controlling factors that may impact an MVIC represents a 

potential added source of measurement error. For this reason, EMG measurements with as 

few modifiable elements as possible may be required to ensure that protocols can be 

faithfully reproduced in diverse clinical settings. Indeed, the vast body of published EMG 
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literature features varied approaches to similar questions and many dauntingly complex 

procedures are developed to address specific technical issues or test specific hypotheses.  

 

A dedicated approach that addresses the specific challenge of making EMG assessments 

accessible and interpretable for clinicians is warranted. In the present work, we propose a 

clinician-friendly template for surface EMG assessment protocols using stereotyped upper 

and lower-limb movements without limb-positioning devices or maximal normalization 

tasks. We provide an example of a use case for the template to create and implement a 

simple protocol for evaluating hand, wrist, and elbow movements. We evaluate the relative 

inter-rater and inter-session reliability of our method in a healthy sample and demonstrate 

how clinicians can leverage their own accumulated databases to evaluate absolute 

reliability and support valid interpretation. The simplicity of our approach supports broad 

use and rapid accumulation of data to establish the meaningful change thresholds and 

normative ranges needed for easy interpretation by clinicians. Moreover, this method is 

designed especially for physiotherapists, physiatrists, and other allied rehabilitation 

practitioners who may not be neuroscientists per se but would nonetheless benefit from 

surface EMG insights regarding the structure of motor output. 

 

4.2 Methods 

4.2.1 Assessment Protocol Template 

A single continuous recording is acquired in two phases as illustrated in Figure 4.1. The 

first phase establishes a baseline EMG pattern wherein the individual holds a “neutral” joint 
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position or posture. This reference interval facilitates visual cursor placements by providing 

a reference against which an assessor can compare changes in the signal that result from 

cued movements (see Analysis). We refer to this phase as the baseline (BL) phase.  

 

After the BL phase, several repetitions of the investigated movement are captured in the 

movement (MOV) phase. The tempo t of the movement repetitions during the MOV phase 

are cued by a metronome which is played from the beginning of the BL phase and 

throughout the entire testing interval. The metronome frequency is chosen according to the 

desired movement velocity. The individual is instructed to begin their movements on the 

nth metronome beat which marks the beginning of the MOV phase. The nth beat should 

follow 4-5 seconds of neutral posture (BL) to ensure a sufficient “rest” period enabling easy 

visual interpretation of the EMG trace in the MOV phase.   

 

There are two types of cue response. First, each subsequent metronome beat may cue 

alternation between movement A and its opposite movement B (e.g., joint flexion then 

extension). This pattern may be investigated if antagonist-agonist co-activation or if both 

concentric and eccentric phases of agonist muscle contraction are of interest. The second 

type of cue response pattern may be used if volitional activation of a muscle during only 

one phase (concentric or eccentric) is of interest. In this case, responses alternate between 

movement and relaxation to the neutral position.  

 

The length of the MOV interval may be tailored to the purpose of the assessment. If fatigue  
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is the measure of interest, the MOV interval may be extended to allow a large volume of 

work. Conversely, evaluations of co-contraction or the detection and quantification of 

residual neuromuscular function may be achieved with a shorter MOV interval. Thus, in 

addition to specifying sensor placement, a protocol using the present template must specify: 

Figure 4.1 Acquisition Protocol Template, Sensor Placement and Positioning  
Panel A shows a schematic of the key parameters of the proposed assessment template. 
Baseline (BL) and Movement (MOV) phases at the top of the figure. Metronome beats are 
represented by note icons with inter-beat interval (t) indicated by their spacing. The first 
beat of the MOV phase (n) cues the first of R movement repetition cycles, each including 
two metronome beat responses. Depending on the purpose of the investigation cycles 
include either alternation between movement A and rest, or movement A and movement B. 
Panel B shows the electrode placements and Pabel C shows the participant posture during 
the BL phase in the present study. Panel B shows the anterior (ANT) and lateral (LAT) view 
of the electrode placement for biceps brachii (BB), extensor carpi radialis longus (ECRL), 
extensor digitorum superficialis (EDS), and flexor carpi radialis (FCR). Panel C shows 
starting posture with the right arm relaxed by the participants side for the elbow flex (EF) 
assessment (left) and the elbow held at approximately 90 degrees for the wrist extension 
flexion (WEF) and hand open (HOP) assessment. Electrode leads are not depicted.  
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1) BL “neutral” posture, 2) cue response type, 3) metronome frequency in beats per minute 

(bpm), and 4) movement instructions to be provided to the assessed individual.  

 

4.2.2 Upper-Limb Movements in Healthy Males and Females  

Upper limb function is severely impaired with peripheral central lesions resulting from 

traumatic injury (e.g., nerve laceration, head, or spinal trauma), ischemic events, or 

neurodegenerative diseases. Assessments of residual neuromuscular function with surface 

EMG could supplement clinical evaluations, especially in cases where visible movement is 

minimal or hard to interpret. To demonstrate an application of our assessment protocol 

template, we acquired and analyzed EMG signals in muscles of the right upper limb during 

three simple movement assessments on a sample of healthy volunteers. We repeated the 

assessment on two separate days and two assessors independently placed event cursors to 

demonstrate the inter-session and inter-rater reliability of the method, respectively.   

 

Participants. Included participants were required to be within the range of 18 to 40 years 

old, had not suffered a fracture or other upper-limb injury affecting the neuromuscular 

system in the prior 12 months, and had no stable or unstable medical condition that could 

conceivably impact motor function. Thirty-six participants were recruited in and around 

Hamilton, Ontario, Canada. The mean age was 23.6 ± 4.9y with an equal number of males 

and females (n = 18), and most participants (~86%) were right-handed.  
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Movements and Positioning. Three different movement assessments were performed: 1) 

Elbow Flexion (EF), 2) Wrist Extension and Flexion (WEF), and 3) Hand Opening (HOP). 

For all assessments, the participant was seated upright in a standard chair with no armrests. 

In all assessments, the left arm (not assessed) was relaxed at the participant’s side with the 

palm facing medially. A metronome with an inter-beat interval (t) of 1.2s (50bpm) was used 

for all assessments such that each subsequent movement cycle was separated by 

approximately 2.4 seconds (t x 2). Participants were instructed to start moving on the 4th 

beat to commence the MOV phase. The entire recording interval was 45 seconds, allowing 

all participants to complete at least 15 repetitions after the onset of the MOV phase. Sensor 

placement and participant posture during BL are illustrated in Figure 1B and 1C, 

respectively.  

 

Elbow Flexion – During the BL phase for the EF assessment, the right upper limb was held 

in a neutral or “rest” posture and relaxed at the participant’s side with the palm facing 

medially. The EF movement involved flexing the elbow to ~45 degrees, and then returning 

it to the starting position on the subsequent metronome beat. The movement was modelled 

for the participant before the assessment.  

 

Wrist Extension & Flexion – During the BL phase for the WEF assessment, the right elbow 

was flexed to ~90 degrees (without shoulder abduction) with the palm facing medially, the 

wrist in a neutral position (not flexed or extended) and the digits relaxed. The WEF 

movement involved moving the wrist first into extension then flexion on the subsequent 
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beat. To isolate muscle activation related to wrist control, the participants were instructed 

to avoid actively moving the fingers during the movements. Rather they were instructed to 

allow the digits move naturally. 

 

Hand Opening – During the BL phase for the HOP assessment, the right elbow was flexed 

to ~90 degrees (without shoulder abduction) with the palm facing medially, the wrist in a 

neutral position (not flexed or extended) and the hand relaxed. For the HOP movement, 

participants were instructed to open the hand as wide as possible, and then close it again on 

the subsequent beat.  

 

Electromyography. EMG was recorded from biceps brachii (BB) for EF, extensor carpi 

radialis longus (ECRL) and flexor carpi radialis (FCR) for WEF, and extensor digitorum 

superficialis (EDS) for HOP. Sensor placement was performed according to SENAIM 

guidelines (Hermens et al. 2000) using surface electrodes (9 mm diameter Ag–AgCl) 

(Figure 1B). At all sites, the skin was lightly abraded and cleaned with isopropyl alcohol. 

For BB, sensors were placed one third of the distance along a line connecting the middle 

of the antecubital fossa and the acromion process at the shoulder. ECRL was palpated to 

identify the most prominent part of the muscle belly during active wrist extension with the 

elbow in 90 degrees of flexion. Sensors were placed on FCR by measuring one third of the 

distance from the medial epicondyle of the humerus to the styloid process of the radius and 

palpating to find the longitudinal borders of the muscle.  EDS sensors were placed one 

fourth of the distance between the lateral epicondyle of the humerus and the styloid process 
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of the ulna after palpating to find the longitudinal borders of the muscle. The inter-electrode 

distance was 20mm for all muscles. Recordings were amplified by 1000 (Intronix 

Technologies Corporation Model 2024F, Bolton, Ontario, Canada) and sampled at 4 kHz 

(Power1401, Cambridge Electronics Design, Cambridge, UK), then subjected offline to a 

digital band-pass filter (2nd order Butterworth) with low and high cutoffs at 20Hz and 

500Hz, respectively. 

 

Cursor Placements. The acquired surface EMG signal is band pass filtered and displayed 

so that an assessor can place event cursors at the onset of surface EMG responses associated 

with cued movements. While algorithms exist that use peak detection and thresholds to 

place cursors automatically, the outputs of these algorithms will invariably require visual 

validation. Manual placement of cursors by a clinical assessor with knowledge of 

metronome frequency, BL phase length, and the movements involved is an accessible 

alternative. 

 

To facilitate accurate cursor placement, smoothed amplitude and frequency time series can 

be provided along with the un-smoothed and un-rectified band-pass filtered EMG signal. 

We produced a simple model for a cursor placement program with these elements using 

MATLAB (MathWorks, Natick, United States) and it is shown in Figure 4.2 with data from 

a BB recording during an elbow flexion assessment. The assessor places cursors at the 

visually identified onset of activity for each muscle response in the band pass filtered trace 

(Figure 4.2A), while using associated rises in smoothed RMS and mean frequency (MNF) 
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time series (Figures 4.2B & 4.2C) for validation in cases where signal to noise ratio is low 

or there is spurious activity.  

 

EMG Measurements. Assessor A (ST) and Assessor B (RR) placed the first cursor in each 

recording by visually identifying the onset of the first “significant” pulse of activity 

following the quiet interval denoting the BL phase. Cursors for subsequent repetitions were 

placed by identifying regular bursts of activity at intervals approximating twice the 

metronome interval. This corresponds to the same movement repeated every second 

metronome beat, since the movements of interest are interleaved with an opposing 

movement (WEF) or a return to a neutral position (EF and HOP). EMG measurements were 

computed within the 1.2s window following each cursor placed in the agonist EMG trace 

using the rms, and meanfreq MATLAB functions.  Given a vector of EMG samples x, 

rms(x) calculates the RMS according to equation 1:  

𝑅𝑅𝑅𝑅𝑅𝑅 =  �1
𝑁𝑁
� 𝑥𝑥𝑖𝑖2

𝑁𝑁
𝑖𝑖=1       (1) 

where xi are the band-pass filtered EMG signal samples, and N is the number of samples in  

the window considered (1.2s x 4000Hz = 4800 samples). MNF was calculated by equation 

2: 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
� 𝑓𝑓𝑖𝑖𝑃𝑃𝑖𝑖

𝑀𝑀
𝑖𝑖=1

� 𝑃𝑃𝑖𝑖
𝑀𝑀
𝑖𝑖−1

       (2) 

Where Pi is the ith frequency in the power spectrum and M is the highest harmonic included. 



Ph.D. Thesis – S. Toepp; McMaster University - Kinesiology 

101 

 

The first repetition after the BL period does not reflect the same movement speed or 

preparatory state as the subsequent repetitions and was thus removed from all analyses. 

Statistical analyses were performed on the mean of the 14 repetition measurements 

following the first (discarded) repetition. In addition, test-retest reliability (SDC) was 

computed for the rolling average from repetitions 2-15 (see Statistical Analyses) to 

demonstrate the expected benefit of adding repetitions.  

 

Figure 4.2: Cursor Placement Application 
Our simple cursor placement user interface with the band-pass filtered EMG signal (A) 
displayed along with smoothed RMS and MNF traces (B) to facilitate accurate cursor 
placement. A slider widget (C) allows the user to place cursors and calculate signal 
features, which are displayed with their corresponding cursor times 1(D). 
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Statistical Analyses. Relative inter-session and inter-rater reliability were assessed using 

two-way random effects model, ICC (2, k), as EMG data are acquired and analyzed by 

researchers (ST and RR) assumed to represent a population of well-trained assessors (Weir 

2005). Previously established guidelines for interpreting the ICC were used with 

coefficients below 0.5 indicting low reliability, 0.5-0.75 indicating moderate reliability, 

0.75-0.9 indicating strong reliability, and >0.9 indicating excellent reliability (Portney and 

Watkins 2009, Koo and Li 2016).  

 

The SDC was calculated at the individual level by multiplying the standard error of 

measurement (SEM) by the root of 2 and then by the z-score for the associated confidence 

level (Schambra et al. 2015). The impact of adding movement repetitions was investigated 

by calculating the SDC of the RMS and MNF mean from 1 to 14 repetitions.  

 

Since the confidence level provides an intuitive interpretation, we calculated SDCs using 

the z-scores associated with 85% (z=1.440), 90% (z=1.645) and 95% (z=1.960) confidence 

levels. In addition, we computed the SEM from the standard deviation of deltas expressed 

as a percent of the baseline value which indicates the smallest relative change that can be 

considered “real” with each level of confidence. All statistics were performed using SPSS 

statistical software.  
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4.3 Results 

4.2.1 Inter-Rater Reliability 

The deviation between cursors placed by assessors A and B are shown in Figure 4.3 with 

their mean and 95% confidence interval. The mean deviation tended to be positive, 

reflecting a tendency of assessor B to place cursors slightly later than assessor A. The mean 

deviation was 15ms (-93ms to 123ms) for BB during EF, 51ms (-147ms to 249ms) for 

ECRL, and 37ms (-144ms to +219ms) in FCR during WEF, and 26ms (-92ms to 144ms) in 

EDS during HOP. Corresponding interclass correlations are shown in Table 4.1 for cursor 

time and the resulting 14-repetition average RMS and MNF values. The ICC (2, 35) was 

either 1.0 or very near 1.0, indicating excellent inter-rater reliability for windowing based 

on manual cursor placement. 

 

4.2.2 Inter-Session Reliability 

The between sessions interclass correlation coefficients for the 14-repetition average of the 

RMS and MNF feature values are presented with 95% confidence intervals in Table 4.1. 

Both RMS and MNF demonstrated good-to-excellent reliability in ECRL with wrist 

extension (i.e., during the WEF assessment) and in EDS during HOP. In BB during EF, 

RMS also demonstrated good-to-excellent reliability while MNF demonstrated moderate-

to-excellent reliability. In the FCR during wrist flexion (i.e., during the WEF assessment), 

MNF demonstrated good-to-excellent reliability while the 95% confidence interval for 

RMS indicated moderate-to-excellent reliability.    
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The relative SDC of the RMS value is shown in Figure 4.4A to 4.4D for 1 to 14 repetitions 

at each of three confidence levels (SDC85, SDC90 and SDC95). The lowest SDC95 observed 

was 51% for BB during EF, 90% for ECRL during wrist extension, 37% for FCR during 

wrist flexion, and 18% for EDS during HOP. For all assessments, the SDC decreased with 

Figure 4.3: Inter-Rater Cursor Placements  
Bland-Altman plots showing the deviation of cursor times in milliseconds between raters 
ST and RR with the mean and 95% CI of the deviations indicated by the solid and broken 
horizontal lines, respectively. Panel A shows cursor placement deviations between the 
assessors for the biceps brachii (BB) during elbow flexion. Panel B shows deviations for 
extensor carpi radials longus (ECRL) during wrist extension. Panel C shows deviations for 
flexor carpi radialis (FCR) during wrist flexion. Panel D shows deviations for extensor 
digitorum superficialis (EDS) during hand opening.  Deviations are calculated by 
subtracting the cursor time for assessor A from that of assessor B (i.e., dev = B-A) 
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the addition of repetitions. For BB, the SDC95 was reduced by 21% for the 14-repetition 

average relative to a single repetition. Similarly, 14 repetitions lowered SDC95 by 118% for 

ECRL, 66% for FCR, and 15% for EDS compared to that of a single RMS value. Notably, 

the SDC values for BB and EDS reached their floor after 5 and 7 repetitions, respectively, 

while ECRL and FCR continue to decline as repetitions are added.  

 

The SDC of the MNF value in Hz is shown in Figure 4.4E to 4.4H for 1 to 14 repetitions 

at the three assessed confidence levels. The lowest SDC95 observed was 8Hz for BB during 

EF, 14Hz for ECRL during wrist extension, 20Hz for FCR during wrist flexion, and 15Hz 

for EDS during HOP. As with RMS, the SDC for all assessed movements decreased as 

repetitions were added. Fourteen repetitions lowered the SDC95 by 3Hz for BB, 4Hz for 

ECRL, 5Hz for FCR, and 4Hz for EDS. The SDC values for BB and EDS reach a floor 

after fewer than 14 repetitions (at 8 and 3 repetitions, respectively), while ECRL and FCR 

continue to decline as repetitions are added.  

 

4.4 Discussion  

This work aimed to demonstrate a practical and interpretable surface EMG assessment 

template and thereby increase the utility of surface EMG in clinical settings. In our 

application, we found that manual placement of cursors in the filtered EMG signal by two 

different assessors is reliable, and that relative reliability between assessments on different 

days was good or excellent for both RMS and MNF. We also calculated an intuitive measure 

of absolute reliability, the SDC, which is applicable in rehabilitation where changes in 



Ph.D. Thesis – S. Toepp; McMaster University - Kinesiology 

106 



Ph.D. Thesis – S. Toepp; McMaster University - Kinesiology 

107 

 

motor function over time are of interest. 

 

The strong reliability of visual cursor placement between our assessors is notable in 

showing that individuals with an understanding of the acquisition template (i.e., the 

movement instructions and tempo) can generate reproducible signal measurements. While 

automated methods are a topic of active research due to their promise of more objective 

and reproducible measurements (Tenan et al. 2017, Crotty et al. 2021, Kowalski et al. 

2021), visual onset detection is traditionally considered the ‘gold standard’ method (Van 

Boxtel et al. 1993, Hodges 1996, Staude et al. 2001, Allison 2003). As the sophistication of 

algorithms advances, automated onset detection will likely produce more reliable outputs 

in more and more contexts. However, the variety of existing approaches and the 

requirement to tune the algorithms to each specific dataset adds considerable complexity 

to the process. On the other hand, the visual pattern recognition capacity of the human brain 

is more than sufficient to identify activity onset in most cases. Moreover, the visual 

detection does not require ‘tuning’ beyond ensuring that the assessor is aware of contextual 

information about the muscles and movements that generated the activity. We believe visual 

cursor placement is an appropriate standard for analysis of surface EMG in clinical practice  

Figure 4.4:  Smallest Detectible Change 
The smallest detectible change (SDC) for RMS expressed as a percentage of the first 
session measurement, and for MNF in absolute units (Hz). The top four panels show RMS 
SDCs for elbow flexion in biceps brachii (A), wrist extension in extensor carpi radialis 
longus (B) wrist flexion in flexor carpi radialis (C), and hand opening in extensor digitorum 
superficialis (D). The bottom 4 panels show MNF SDCs for elbow flexion in biceps brachii 
(E), wrist extension in extensor carpi radialis longus (F) wrist flexion in flexor carpi radialis 
(G), and hand opening in extensor digitorum superficialis (H). The SDCs are calculated at 
95%, 90%, and 85% confidence levels when 1 to 14 repetitions are averaged, and a fitted 
standard curve are shown to facilitate visual interpretation. 
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due to the practicality of its implementation and acceptable reliability. 

 

In the present study, we report inter-class correlations indicating good or excellent inter-

session reliability. However, these values provide little aid to clinicians in interpreting 

feature values themselves. We therefore provided a more explicit interpretation aid by 

calculating the smallest detectible change at different confidence levels (i.e., SDC85, SDC90, 

and SDC95) and for different numbers of repetitions (1 to 14). Assessing the SDC at 

different confidence levels allows users to operationalize degrees of confidence in observed 

changes rather than accepting or rejecting the change outright. The proximity of the 

observed change to two adjacent confidence boundaries (e.g., SDC95 versus SDC90) could 

also inform changes in the number of repetitions to increase confidence in the assessment 

outcome. Of course, the confidence level should not be conflated with the size or 

importance of the change. Studies should establish clinically meaningful difference 

thresholds so the assessment parameters can be optimized for their detection with the 

desired degree of confidence.  

 

Clinically meaningful change thresholds have not been determined for EMG features in 

any specific clinical population. However, SDC values may be useful when EMG features 

are used to monitor activity in specific muscles during prescribed movements within a 

rehabilitation program. The most prominent examples are interventions that use surface 

EMG signal as training feedback (EMG biofeedback) (Toepp et al. 2023) or to trigger 

functional electrical stimulation (FES) (Feldner et al. 2019). In these cases, the EMG signal 
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is the primary target of the treatment so the threshold at which EMG features can be said 

to have changed ‘significantly’ is immensely important. 

  

Our protocol template is designed to efficiently assess minimally constrained dynamic 

movements and can be performed directly prior to or following an FES or EMG 

Biofeedback session, consuming very little additional time. Rehabilitation professionals 

tend to see surface EMG as a treatment tool (Feldner et al. 2019, Campanini et al. 2020, 

Merletti et al. 2023), likely as a function of spending the majority of their time planning 

and delivering interventions. Making it easy for clinicians to integrate data collection into 

their treatment programs by simplifying acquisition and providing reference resources like 

SDC values to aid interpretation will significantly improve the appeal of surface EMG. 

 

We chose to calculate the RMS SDC values relative to the prior (i.e., the first) measurement 

to provide a more generalizable statistic than the absolute (µV) values.  Features that 

capture EMG signal amplitude (e.g., RMS) are more sensitive to electrode size, spacing, 

location, and amplifier gain than spectral features (Castroflorio et al. 2005), and the 

amplitude-force relationship is affected by electrode placement over the muscle belly 

(Ahamed et al. 2014). In lieu of universal standardization of acquisition hardware, 

materials, and sensor placement procedures, we believe that representing statistics like 

SDCs in relative terms provides a more broadly accessible interpretation for amplitude-

based features like RMS. The degree to which our relative values can be reproduced by 

others will be the ultimate test of this hypothesis. 
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From Figure 4.4, it is apparent that the SDC values can be reduced by increasing the number 

of repetitions and that the number of repetitions required to maximize the sensitivity varies 

between features and movement assessments. In our example, we observed that EF and 

HOP (A and D) were minimized with fewer than 14 repetitions for both RMS and MNF, 

while WEF assessments (B and C) tended to continue a downward slope and may benefit 

from additional repetitions. While we assessed inter-rater reliability of cursor placements, 

acquisition was performed by only one researcher (ST) in this study. As such, it will be 

informative for future work to describe inter-rater reliability capturing the consistency 

between assessors in various aspects of data collection (e.g., skin preparation, electrode 

placement, movement instruction, etc.). 

 

Our findings also reflect the choice of specific parameter values within our template. We 

chose a tempo of 50bpm, which corresponds to certain movement speed. Higher or lower 

movement tempos may cue different contraction velocities. Faster contractions correspond 

with higher amplitude values (Miller et al. 2012) while spectral features are generally 

higher during dynamic than static contractions but do not vary significantly with changes 

in velocity (Shankar et al. 1989, Miller et al. 2012). For frequency measures, it should be 

noted that differences between static and dynamic contractions disappear at low contraction 

speeds (Christensen et al. 1995).  These factors could conceivably have an impact on the 

expected values and reliability of measures collected at different metronome tempos. 

Participants were instructed to start on the 4th beat and to move to the beat of the metronome 
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and we chose an analysis interval of 1.2 seconds to match the inter-tone interval. Because 

the movements were dynamic and not physically constrained, they were not isokinetic, and 

it is likely that a portion at the end of the analysis interval reflects an isometric hold while 

the participant waits for the next beat. Therefore, it may be informative to investigate 

narrower windows starting at varying latencies from the onset of activity. A similar 

approach was taken by Angelova and colleagues (Angelova et al. 2018) who analyzed 

0.3407s intervals of signal during a single dynamic elbow flexion movement using 

movement onset identified in a video recording. In the current context, segmentation could 

be similarly achieved using cursors placed within the signal trace. 

 

We assessed inter-session reliability for up to 14 repetitions. For some movements (WEF), 

it appears that more repetitions are required to minimize the SDC thresholds. We also made 

specific choices in spectral processing prior to cursor placement and feature calculation. 

We chose a high pass cutoff of 20 Hz which is recommended for attenuating movement 

artifact (De Luca et al. 2010). Our choice of a 500Hz low pass cutoff is recommended 

because measurable muscle-related signals are only detectible below this boundary 

(McManus et al. 2020). However, cutoffs as low as 350Hz are considered acceptable since 

the portion of muscle-related EMG energy at higher frequencies is very low  (Merletti and 

Muceli 2019). Whether a different low pass cutoff meaningfully impacts the reliability of 

assessments following the proposed template is an interesting topic for future work. 

In the present study we demonstrate a practical and interpretable approach to surface EMG 

assessment that is designed to increase the accessibility of surface EMG to clinical 
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practitioners. We show that reliable EMG feature measurements can be obtained without 

the use of burdensome maximal effort tasks or limb-positioning devices and that visual 

cursor placement is sufficient for reliable feature analysis between assessors. This is an 

early but necessary step in developing a dedicated surface EMG assessment approach for 

broad clinician use. 
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Chapter 5: Conclusions and Impact 

This thesis advanced the translation of surface EMG methods to clinical application 

through several meaningful contributions. First, review of clinician surveys and interviews 

revealed that prominent clinical figures (predominantly physiotherapists) encounter surface 

EMG mostly in the context of EMG biofeedback, which they frequently report using and 

believing in its benefits. Approaching EMG biofeedback as an important tool within 

translational strategies is a significant contribution to the current discussion. Leading 

translation advocates see perceptions of surface EMG primarily as a therapeutic tool as a 

barrier, obscuring its many useful assessment applications (Campanini et al. 2020, Merletti 

et al. 2023).  This thesis puts forth a different perspective wherein a popular therapeutic 

application (EMG biofeedback) is a potential avenue to introduce clinicians to simple 

surface EMG assessments.  

 

In Chapters 2 and 3, the thesis  makes strides toward the creation of a gold standard for 

EMG biofeedback systems. At present, EMG biofeedback systems are heterogenous in 

their design, making consensus regarding their efficacy in clinical scenarios difficult to 

reach. The developed biofeedback system is tailorable with respect to muscles and 

movements targeted, and its design facilitates the monitoring of the training dose and 

various characteristics of user-feedback interactions. The system is also created with off-

the-shelf hardware and open-source software so others can easily reproduce it. Facilitating 

adoption of a standard system across clinical studies of EMG biofeedback will facilitate a 

more coherent body of literature on the topic and clarify arguments for adoption based on 
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scientific evidence. In addition to the development of the system itself, the thesis 

demonstrates the feasibility of its implementation in healthy and impaired individuals, and 

across multiple training sessions. It sets the stage for clinical researchers to design and test 

biofeedback training schemes that address specific motor impairments. 

 

This thesis also argues that feedback based on discrete classification is more stable, flexible, 

and comprehensive than continuous scaling (i.e. equation-based feedback). However, it 

should be noted that these two types of biofeedback need not be mutually exclusive, and 

adding continuous biofeedback elements could be helpful in many situations. While adding 

multiple scaled EMG channel representations to a training game may not be feasible 

without overwhelming user, back-end applications can effectively do so for the operating 

clinician. Access to individual sensor channels data could allow a therapist to confirm that 

targeted muscles are engaged during training. If control stability is lost, identifying the 

sensor channel(s) where aberrant EMG activity is occurring could allow the therapist to 

pause training and administer targeted stretches or massage, or wait for activity to return to 

normal. While the system that I developed does not integrate scaled EMG channel 

representations, such a modification would add an element of sophisticated exercise 

monitoring. 

 

The clinical exposure of simple surface EMG assessments could be increased through the 

adoption of EMG biofeedback if efforts are made to develop accessible complementary 

methods. Chapter 4 presents a simple protocol with metronome-cued dynamic contractions, 
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no movement-constraining hardware, and no normalization methods. These features make 

acquisition simple and easy to adapt to different movements of interest. The data generated 

is also analogous to that produced during biofeedback training using the system described 

in Chapter 1 and 2 in that the data are not normalized to a maximal effort the contractions 

are not isometric or isokinetic. Therefore, the thesis provides a reasonable estimate of the 

relative inter-rater and inter-session reliability of feature measurements collected during 

biofeedback training. I also provide estimates of absolute reliability in the form of smallest 

detectable change between sessions, and the association between this value and the number 

of repetitions for which data is acquired. The smallest detectible change is an intuitive aid 

for interpreting changes in muscle activation that occur over the course of an intervention 

and will be essential to the leveraging of surface EMG data from biofeedback sessions.   

 

This thesis does have some notable limitations. Testing of the developed biofeedback 

system was restricted to healthy individuals or MS patients. Generalization of findings 

described in Chapter 2 and 3 to applications in other populations is therefore uncertain. 

However, the MS participants did exhibit relatively high levels of disability (EDSS scores 

of 7 or 8), suggesting the biofeedback is likely feasible populations with less severe 

impairment. Because each training scheme was tailored to an individual participant, it 

would also have been beneficial to include age- and sex-matched controls for each case in 

Study 2. Finally, Study 3 included only healthy young participants. Implementation of the 

described acquisition and analysis procedure may be more challenging in older individuals 
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or those with neurological impairments, and the reported reliability statistics are not 

necessarily generalizable. 

 

Future research should apply this EMG biofeedback approach in various therapeutic 

contexts, including recovery from stroke or spinal injury, re- or pre-habilitation of knee or 

hip arthroplasty, balance training in at-risk populations, and many others. Smallest 

detectible change in simple surface EMG measurements, such as RMS or MNF should be 

quantified with respect to signals collected during training to facilitate the utility of EMG 

biofeedback as a dual-purpose modality (i.e., assessment and therapy). Perhaps most 

importantly, the initial version of the surface EMG biofeedback system that was developed 

in this thesis, should be refined with feedback from physiotherapists and other rehabilitation 

professionals who are its intended end-users. 

 

In conclusion, this thesis provides essential foundations for the translation of surface EMG 

methods into clinical practice. In the pursuit of an informed translational strategy, an 

improved surface EMG technique was developed to maximize its therapeutic impact, and 

an accessible complementary assessment method was demonstrated.  This thesis therefore 

takes important steps to promote the clinical adoption of surface EMG methods to the 

benefit of clinicians and their patients. 
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