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The biomedical engineering domain, especially in ge-
nomics, provides a compelling use case for this optimization.
Genomic interval processing tasks, such as merging overlap-
ping intervals or identifying intersections between genomic
features and known variants, frequently involve large datasets
encoded in BED or VCF formats. These datasets inherently
contain coordinate values with varying digit lengths (positions
ranging from a few hundred to over a billion base pairs).
Accurate and efficient sorting of these genomic intervals is
critical for tools like BEDTools, BEDOPS, and others that rely
on linear ordering of features to perform interval comparisons
and overlaps. By employing the proposed sorting algorithm,
such preprocessing steps can become significantly more time
and memory efficient, particularly when scaled to whole
genome analyses.

While the primary application context discussed has been
genomic data, the proposed method may also be applicable
in clinical data systems where sorting variable length numeric
keys (such as national IDs or hospital specific patient codes)
is required. Although these identifiers might not exhibit the
same degree of digit variability or sorting load as genomic
coordinates, systems with large scale patient data could still
benefit from the performance enhancements offered by digit
aware sorting methods.

Future works can include extending this method to parallel
or distributed computing environments, which are increasingly
used in genomics and biomedical data processing. It can also
be integrated into established genomic libraries or clinical
informatics platforms to evaluate real world system level
performance.

IV. CONCLUSION

This paper presents an optimized radix sort algorithm for
arrays containing integers with varying digit lengths. By cate-
gorizing integers based on digit length, applying radix sort to
each category, and merging the results, the algorithm achieves
a time complexity of O(n) theoretically. Experimental results
confirm the algorithm’s efficiency across different input sizes,
making it a robust choice for sorting large datasets with diverse
digit lengths. Close and sometimes better results of quick sort
algorithm is based on its implementation details which does
not require high overhead. However, based on the types of
inputs, the proposed method outperforms quick sort although
it requires more overhead such as the inclusion of extra arrays
to hold each category and merging at the last step. Parallel
computing with threading may be a future work to increase its
time efficiency even more. A different thread can be initialized
for each digit class and better results can be achieved. This
work opens up a promising direction for bridging the efficiency
gap in sorting operations across biomedical domains where
numerical inputs with variable digit lengths are common.
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Abstract—Knee braces are prescribed to healthy athletes for 
proprioceptive support and to patients with knee disorders for 
pain reduction/joint realignment, yet their muscle-level effects 
lack direct comparison. Using surface EMG on peripatellar 
muscles in four healthy women (age: 22.8 ± 3 years; height: 166.0 
± 3.6 cm; mass: 63.5 ± 7.7 kg) walking at 4 km·h⁻¹, 5% incline for 
30 second sessions, a basic sleeve (Brace-1) and patella-stabilizing 
brace (Brace-2) were compared. Using nine time-domain features 
(RMS, Energy, Activity, Mobility, Complexity, Mean, MAD, 
Skewness, and Peak-to-Peak), a quadratic-kernel SVM 
distinguished between brace-on and brace-off epochs, obtaining 
mean accuracies of 87.8% for Brace-1 and 83.9% for Brace-2, and 
85.6% for the Brace-1 and Brace-2 comparison. Divergent 
activation strategies were revealed by violin plots. Whereas Brace-
2 displayed upward-shifted, tighter bands indicating steadier 
activation, Brace-1 produced taller, broader RMS/energy curves 
indicating variable bursts, meaning Brace-1 amplifies the EMG 
signals but diversifies, while Brace-2 has a more stabilizing effect 
on peripatellar muscle activities. Differential neuromuscular 
signatures were confirmed by machine-learning metrics (low FDR, 
high sensitivity/specificity). Evidence-based brace selection is 
informed by the fact that the patella brace allows mechanical 
realignment with moderate bursts, while the neoprene sleeve 
enhances proprioceptive drive through diversified recruitment. 

Keywords—knee braces; electromyography; gait analysis; 
muscle activity; machine learning, classification. 

I.  INTRODUCTION 
Knee braces are a great way to prevent injuries, have better 
proprioception and suppress pain [1]. Recent studies show that 
the type of knee brace may have different demands on 
quadriceps and hamstring coactivation during simple activities 
like walking [2, 3]. Knee braces are therefore applied well 
beyond everyday fitness: they are fitted after ligament injuries 
or reconstructive surgery to protect healing tissue and restore 
proprioceptive acuity [4]; they are prescribed in degenerative 
conditions such as medial knee osteoarthritis to off-load painful 
compartments and improve functional stability [5]; and they are 
often recommended during return-to-sport phases to limit 

excessive joint excursions while users rebuild strength and 
confidence [2]. In each case the brace acts as an external 
constraint that moderates mechanical load and provides 
cutaneous feedback and gives the wearer a tangible sense of 
security, thereby complementing muscle retraining and 
physiotherapy. 

A basic knee sleeve is a lightweight, circumferential 
compression cuff that supplies constant low-grade pressure and 
warmth; this continuous cutaneous input heightens joint-
position sense and offers mild global support during early 
rehabilitation or low-impact sport [1, 2]. The patella-stabilizing 
brace integrates a semi-rigid frame and medial pull-straps that 
exert a directed force on the patella, guiding it centrically 
through the trochlear groove; in doing so, it redistributes 
patellofemoral contact stress and attenuates anterior knee pain 
[4, 6]. Thus, whereas the basic sleeve principally amplifies 
sensory feedback and global comfort, the patella-tracking brace 
delivers targeted biomechanical realignment for patellofemoral 
control. 

Studies on basic sleeves demonstrate both sensory and 
functional benefits. Bottoni et al. reported that wearing a sleeve 
significantly reduced joint-position error and enhanced 
proprioception in young, non-professional athletes [1]. In 
people with knee osteoarthritis, Cudejko et al. found that a soft 
sleeve lowered pain, improved dynamic stability, and thereby 
lessened activity limitations [2]. During high-volume resistance 
exercise, Hatfield et al. observed higher RMS and energy 
values—as well as better overall performance—in participants 
who wore a neoprene sleeve, attributing these gains to improved 
kinesthetic awareness [7]. 

Research on patella-tracking braces focuses mainly on 
patellofemoral pain. Salarie Sker et al. showed that an elastic 
patellar brace reduced pain and significantly modified leg-
muscle EMG patterns during stance [4]. Similarly, Kölle et al. 
reported an immediate pain decrease, improved patellar 
kinematics, and adjusted quadriceps–hamstring co-contraction 
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after brace application [6]. Collectively, the evidence suggests 
that sleeves enhance proprioceptive feedback and overall 
muscle engagement, whereas patella-tracking braces achieve 
pain relief and mechanical realignment through targeted 
patellar guidance. 

This study aims to determine how two common knee-brace 
designs differ in the way they modulate activity of the 
peripatellar muscles. Literature identifies vastus medialis (VM, 
patellar alignment) and semimembranosus (SM, tibial 
stabilization) as optimal EMG targets for detecting brace-
induced neuromuscular changes. [8, 3]. 

II. MATERIALS AND METHODS 
The study utilized a BIOPAC MP36 electromyography system 
(BIOPAC Systems Inc., USA) for surface EMG acquisition, 
featuring four channels with 24-bit resolution and a sampling 
rate of 1,000 Hz. Disposable Ag/AgCl electrodes (20 mm 
diameter) were employed for signal capture.  

Two knee brace models were included in the experiments. 
Brace-1, the basic sleeve (Orthocare 6120 Genucare Basic, 
Turkiye) provided circumferential compression without rigid 
components, designed for mild proprioceptive enhancement 
and thermal retention. Brace-2, the patellofemoral knee brace 
(Orthocare 6158 Genucare Luxa, Turkiye)  brace incorporated 
a medical-grade polyamide frame with medial straps to correct 
lateral patellar displacement through controlled medial force 
application.  

Four healthy female volunteers (aged 22.8 ± 3 years; height 
166.0 ± 3.6 cm; body mass 63.5 ± 7.7 kg) without any knee 
disorders participated in this study. The sample size was 
constrained to four subjects due to scheduling limitations and 
data quality considerations. 

Disposable Ag/AgCl electrodes were placed on both right and 
left legs’ VM and SM, with skin preparation, ensuring 
electrode-skin impedance <5 kΩ. Two knee braces were tested, 
respectively, for experimental tasks. Knee braces were changed 
after the walking trial of a brace type was finished. Participants 
performed treadmill walking trials under conditions of a speed 
of 4 km/h paired with incline of 5% Each 30-second trial was 
repeated for both brace types 9 times, yielding 18 trials per 
participant. Between trials, 45-second rest intervals prevented 
fatigue while maintaining thermal consistency of the braces. 

A zero-phase bandpass filter (0.5–500 Hz, 2nd-order 
Butterworth) was used to remove motion artifacts and high-
frequency noise from raw EMG signals. To ensure stationarity, 
the filtered data were divided into non-overlapping 5-second 
epochs (5,000 samples per window). MATLAB was then used 
to extract time-domain features from each epoch. These were 
the following: Energy (sum of squared samples, reflecting 
mechanical work) [11], Skewness (asymmetry in amplitude 
distribution, highlighting burst-like or silent-gap behavior) 
[10], Mean (average rectified value, indicating overall muscle 
activation) [9], and Hjorth parameters (Activity as signal 
variance, Mobility approximating mean frequency, and 

Complexity indicating abrupt frequency changes) [10]. 
Furthermore, calculations were made for Mean-Absolute 
Deviation (which tracks variability related to fatigue) [12], 
Root-Mean-Square (RMS), which correlates power-equivalent 
amplitude with force output [13], and Peak-to-Peak Amplitude, 
which indicates instantaneous burst strength. 

For classification, a quadratic support vector machine (SVM) 
was selected. Unlike more complicated kernels (such as 
Gaussian), this kernel offers a moderate amount of flexibility 
and successfully models the curvature frequently found in EMG 
datasets without overfitting. The results of trials with other 
classifiers were comparable to those of Toledo-Pérez et al., who 
found that quadratic SVM produced better validated accuracy 
in lower-limb EMG studies with limited time-domain features 
[14]. 

Sokolova & Lapalme's confusion-matrix-derived metrics were 
used to assess the model's performance. Precision (positive 
predictive value), sensitivity (true positive rate), specificity 
(true negative rate), accuracy (overall correctness), and False 
Discovery Rate (FDR) (1-precision). Together, these evaluate 
robustness against false alarms and missed detections [15]. 

III. RESULTS 
Brace-specific neuromuscular signatures were quantified using 
SVM classification. Significant brace-induced modulations 
were found by the quadratic SVM classifier in every condition 
(Table 1). The most noticeable EMG changes were caused by 
Brace-1, demonstrated by a lower FDR (12.3 ± 6.2%) and a 
higher brace-detection accuracy (87.8 ± 2.6%) in comparison to 
Brace-2 (83.9 ± 3.9% accuracy; 16.0 ± 4.0% FDR). 
Importantly, direct brace-to-brace discrimination confirmed 
essentially distinct activation strategies with an accuracy of 
85.6 ± 6.4%. The feature distributions in Figs. 1-3 are consistent 
with these machine-learning metrics. 

Table 1 Quadratic SVM classifications: Performance metrics (mean ± SD) of 3 
conditions: Brace-1, Brace-2, and Brace-1 vs. Brace-2. 

Metrics 
SVM (Quadratic SVM) 

Brace-1 Brace-2 Brace-1 vs. Brace-
2 

Accuracy 87.8 ± 2.6 % 83.9 ± 3.9 % 85.6 ± 6.4 % 

Sensitivity 88.1 ± 3.4 % 84.0 ± 6.5 % 81.5 ± 3.5 % 

Specificity 87.6 ± 4.1 % 83.8 ± 6.1 % 81.6 ± 5.7 % 

Precision 87.7 ± 3.6 % 84.0 ± 4.0 % 82.1 ± 3.3% 

FDR 12.3 ± 6.2 % 16.0 ± 4.0 % 17.9 ± 3.3 % 

 
Data from all trials revealed Brace-1 consistently increased 
EMG amplitude and energy in the braced leg. Median RMS 
rose by 28% and energy by 34% versus the unbraced leg (Fig. 
1), with wider interquartile ranges confirming higher stride 
variability. Complexity features (Hjorth 
Activity/Mobility/Complexity) showed similar increases. A 
quadratic SVM achieved 87.8% accuracy classifying 
braced/unbraced states. This demonstrates the sleeve induces 
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after brace application [6]. Collectively, the evidence suggests 
that sleeves enhance proprioceptive feedback and overall 
muscle engagement, whereas patella-tracking braces achieve 
pain relief and mechanical realignment through targeted 
patellar guidance. 

This study aims to determine how two common knee-brace 
designs differ in the way they modulate activity of the 
peripatellar muscles. Literature identifies vastus medialis (VM, 
patellar alignment) and semimembranosus (SM, tibial 
stabilization) as optimal EMG targets for detecting brace-
induced neuromuscular changes. [8, 3]. 

II. MATERIALS AND METHODS 
The study utilized a BIOPAC MP36 electromyography system 
(BIOPAC Systems Inc., USA) for surface EMG acquisition, 
featuring four channels with 24-bit resolution and a sampling 
rate of 1,000 Hz. Disposable Ag/AgCl electrodes (20 mm 
diameter) were employed for signal capture.  

Two knee brace models were included in the experiments. 
Brace-1, the basic sleeve (Orthocare 6120 Genucare Basic, 
Turkiye) provided circumferential compression without rigid 
components, designed for mild proprioceptive enhancement 
and thermal retention. Brace-2, the patellofemoral knee brace 
(Orthocare 6158 Genucare Luxa, Turkiye)  brace incorporated 
a medical-grade polyamide frame with medial straps to correct 
lateral patellar displacement through controlled medial force 
application.  

Four healthy female volunteers (aged 22.8 ± 3 years; height 
166.0 ± 3.6 cm; body mass 63.5 ± 7.7 kg) without any knee 
disorders participated in this study. The sample size was 
constrained to four subjects due to scheduling limitations and 
data quality considerations. 

Disposable Ag/AgCl electrodes were placed on both right and 
left legs’ VM and SM, with skin preparation, ensuring 
electrode-skin impedance <5 kΩ. Two knee braces were tested, 
respectively, for experimental tasks. Knee braces were changed 
after the walking trial of a brace type was finished. Participants 
performed treadmill walking trials under conditions of a speed 
of 4 km/h paired with incline of 5% Each 30-second trial was 
repeated for both brace types 9 times, yielding 18 trials per 
participant. Between trials, 45-second rest intervals prevented 
fatigue while maintaining thermal consistency of the braces. 

A zero-phase bandpass filter (0.5–500 Hz, 2nd-order 
Butterworth) was used to remove motion artifacts and high-
frequency noise from raw EMG signals. To ensure stationarity, 
the filtered data were divided into non-overlapping 5-second 
epochs (5,000 samples per window). MATLAB was then used 
to extract time-domain features from each epoch. These were 
the following: Energy (sum of squared samples, reflecting 
mechanical work) [11], Skewness (asymmetry in amplitude 
distribution, highlighting burst-like or silent-gap behavior) 
[10], Mean (average rectified value, indicating overall muscle 
activation) [9], and Hjorth parameters (Activity as signal 
variance, Mobility approximating mean frequency, and 

Complexity indicating abrupt frequency changes) [10]. 
Furthermore, calculations were made for Mean-Absolute 
Deviation (which tracks variability related to fatigue) [12], 
Root-Mean-Square (RMS), which correlates power-equivalent 
amplitude with force output [13], and Peak-to-Peak Amplitude, 
which indicates instantaneous burst strength. 

For classification, a quadratic support vector machine (SVM) 
was selected. Unlike more complicated kernels (such as 
Gaussian), this kernel offers a moderate amount of flexibility 
and successfully models the curvature frequently found in EMG 
datasets without overfitting. The results of trials with other 
classifiers were comparable to those of Toledo-Pérez et al., who 
found that quadratic SVM produced better validated accuracy 
in lower-limb EMG studies with limited time-domain features 
[14]. 

Sokolova & Lapalme's confusion-matrix-derived metrics were 
used to assess the model's performance. Precision (positive 
predictive value), sensitivity (true positive rate), specificity 
(true negative rate), accuracy (overall correctness), and False 
Discovery Rate (FDR) (1-precision). Together, these evaluate 
robustness against false alarms and missed detections [15]. 

III. RESULTS 
Brace-specific neuromuscular signatures were quantified using 
SVM classification. Significant brace-induced modulations 
were found by the quadratic SVM classifier in every condition 
(Table 1). The most noticeable EMG changes were caused by 
Brace-1, demonstrated by a lower FDR (12.3 ± 6.2%) and a 
higher brace-detection accuracy (87.8 ± 2.6%) in comparison to 
Brace-2 (83.9 ± 3.9% accuracy; 16.0 ± 4.0% FDR). 
Importantly, direct brace-to-brace discrimination confirmed 
essentially distinct activation strategies with an accuracy of 
85.6 ± 6.4%. The feature distributions in Figs. 1-3 are consistent 
with these machine-learning metrics. 

Table 1 Quadratic SVM classifications: Performance metrics (mean ± SD) of 3 
conditions: Brace-1, Brace-2, and Brace-1 vs. Brace-2. 

Metrics 
SVM (Quadratic SVM) 

Brace-1 Brace-2 Brace-1 vs. Brace-
2 

Accuracy 87.8 ± 2.6 % 83.9 ± 3.9 % 85.6 ± 6.4 % 

Sensitivity 88.1 ± 3.4 % 84.0 ± 6.5 % 81.5 ± 3.5 % 

Specificity 87.6 ± 4.1 % 83.8 ± 6.1 % 81.6 ± 5.7 % 

Precision 87.7 ± 3.6 % 84.0 ± 4.0 % 82.1 ± 3.3% 

FDR 12.3 ± 6.2 % 16.0 ± 4.0 % 17.9 ± 3.3 % 

 
Data from all trials revealed Brace-1 consistently increased 
EMG amplitude and energy in the braced leg. Median RMS 
rose by 28% and energy by 34% versus the unbraced leg (Fig. 
1), with wider interquartile ranges confirming higher stride 
variability. Complexity features (Hjorth 
Activity/Mobility/Complexity) showed similar increases. A 
quadratic SVM achieved 87.8% accuracy classifying 
braced/unbraced states. This demonstrates the sleeve induces 

   
 

   
 

machine-detectable EMG modifications without requiring 
muscle- or task-specific analysis. 

  
Figure 1: Violin graphs of energy and RMS features, comparing the left 
(braceless) leg and the right (with brace-1) leg. 

Aggregated data showed Brace-2 induced a moderate EMG 
amplitude increase in the braced leg. Median RMS rose by 22% 
and energy by 30% versus control (Fig. 2), with wider 
interquartile ranges confirming heightened variability. 
Complexity features (skewness, kurtosis, and Hjorth activity) 
exhibited extended distribution tails. A quadratic SVM 
achieved 83.9% accuracy classifying braced/unbraced states, 
indicating the patella brace induces a milder but detectable 
EMG modification. 

  
Figure 2: Violin graphs of energy and RMS features, comparing the left 
(braceless) leg and the right (with brace-2) leg. 

A direct brace‑to‑brace comparison (Fig. 3) clarifies these 
relative effects. Brace-1 retained the largest median energy and 
the broadest 90th‑percentile tail, signaling occasional 
high‑power bursts; it also yielded higher, more dispersed PTP 
and Activity values, suggesting a permissive strategy that 
accentuates peak contractions. By contrast, Brace-2 showed 
only a modest right‑shift in RMS (+3 %) but a conspicuously 
tighter inter‑quartile band, and its Mobility/Complexity metrics 
clustered around mid‑range values, consistent with a levelling 
effect that raises baseline activation while curbing extremes. 
These converging patterns—together with the aggregate 
brace‑to‑brace classifier performance—explain the hierarchy: 
Brace-1 leaves the most distinctive spectral–temporal 
fingerprint, whereas Brace-2 produces a subtler, more 
homogeneous modulation of neuromuscular output. 

  
Figure 3: Violin graphs of energy and RMS features, comparing Brace-1 and 
Brace-2. 

Across four healthy females and nine walking conditions, both 
braces measurably altered the surface‑EMG of the braced limb. 
The basic sleeve elicited the largest rises in RMS and energy 
and the most distinctive classifier signature; the 
patella‑stabilizing brace produced a more moderate, uniformly 
distributed activation shift. 

IV. DISCUSSION 
Both braces altered muscle activity differently. Brace-1 
increased EMG variability with broader RMS/energy 
distributions, indicating amplified motor-unit bursts. This 
matches Heß et al. (2025), where sleeves enhanced 
proprioceptive drive [16]. Conversely, Brace-2 narrowed 
distributions by suppressing extremes and shifting activation 
uniformly—consistent with Salarie Sker et al.’s "levelling" 
effect [3] and Gülling et al.’s reduced EMG during extensions 
[17]. Mechanistically, Brace-1 boosts afferent input for joint 
sensing, while Brace-2 promotes uniform engagement to 
offload quadriceps and limit lateral glide. 

Unlike single-brace studies, this multi-feature analysis reveals 
distinct brace "fingerprints" in healthy knees. Clinically, 
sleeves (e.g., Brace-1) suit mild support/sensory augmentation 
needs, while patellar-tracking braces (e.g., Brace-2) optimize 
precise patellar control and energy smoothing. 

V. CONCLUSION 

This study confirms that braces significantly alter peripatellar 
muscle activity in healthy knees, with effects dictated by 
design. For general proprioceptive support during low-impact 
activities, elastic sleeves optimize benefits by diversifying 
activation. When precise patellar alignment or lateral-motion 
restraint is critical (e.g., post-patellofemoral pain rehabilitation 
or mal-tracking-prone knees), patella-stabilizing braces are 
preferred: they elevate baseline activation within a controlled 
range while suppressing extremes. Clinically, begin with 
sleeves for mild instability; if malalignment persists under load, 
switch to patella-tracking braces for targeted control without 
excessive muscular strain. 

 

 



44

   
 

   
 

ACKNOWLEDGEMENT 

This study was supported by İzmir Katip Çelebi University 
Scientific Research Council Agency as project number 2024-
KDP-MÜMF-0013. The authors gratefully acknowledge the 
financial support provided, which facilitated the acquisition of 
research equipment, data collection, and analysis necessary for 
the successful completion of this work. 

REFERENCES 
[1] G. Bottoni, A. Herten, P. Kofler, M. Hasler, and W. Nachbauer, “The 

effect of knee brace and knee sleeve on the proprioception of the knee in 
young non-professional healthy sportsmen,” The Knee, vol. 20, no. 6, pp. 
490–492, Dec. 2013, doi: https://doi.org/10.1016/j.knee.2013.05.001. 

[2] T. Cudejko et al., “Decreased Pain and Improved Dynamic Knee 
Instability Mediate the Beneficial Effect of Wearing a Soft Knee Brace on 
Activity Limitations in Patients With Knee Osteoarthritis,” Arthritis Care 
& Research, vol. 71, no. 8, pp. 1036–1043, Jul. 2019, doi: 
https://doi.org/10.1002/acr.23722. 

[3] F. Salarie Sker, M. Anbarian, A. H. Yazdani, P. Hesari, and A. Babaei-
Ghazani, “Patellar bracing affects sEMG activity of leg and thigh muscles 
during stance phase in patellofemoral pain syndrome,” Gait & Posture, 
vol. 58, pp. 7–12, Oct. 2017, doi: 
https://doi.org/10.1016/j.gaitpost.2017.06.271. 

[4] B. D. Beynnon, L. Good, and M. A. Risberg, “The Effect of Bracing on 
Proprioception of Knees with Anterior Cruciate Ligament Injury,” Journal 
of Orthopaedic & Sports Physical Therapy, vol. 32, no. 1, pp. 11–15, Jan. 
2002, doi: https://doi.org/10.2519/jospt.2002.32.1.11. 

[5] C. H. Fantini Pagani, S. Willwacher, B. Kleis, and G.-P. Brüggemann, 
“Influence of a valgus knee brace on muscle activation and co-contraction 
in patients with medial knee osteoarthritis,” Journal of Electromyography 
and Kinesiology, vol. 23, no. 2, pp. 490–500, Apr. 2013, doi: 
https://doi.org/10.1016/j.jelekin.2012.10.007. 

[6] T. Kölle, W. Alt, and D. Wagner, “Immediate effects of an elastic patellar 
brace on pain, neuromuscular activity and knee kinematics in subjects 
with patellofemoral pain,” Archives of Orthopaedic and Trauma Surgery, 
vol. 140, no. 7, pp. 905–912, Feb. 2020, doi: 
https://doi.org/10.1007/s00402-020-03378-7. 

[7] D. L. Hatfield, A. M. Stranieri, L. M. Vincent, and J. E. Earp, “Effect of 
a Neoprene Knee Sleeve on Performance and Muscle Activity in Men and 
Women During High-Intensity, High-Volume Resistance Training,” 
Journal of Strength and Conditioning Research, vol. 35, no. 12, pp. 3300–
3307, Sep. 2021, doi: https://doi.org/10.1519/jsc.0000000000004072. 

[8] S. Pal et al., “Patellar Maltracking Correlates With Vastus Medialis 
Activation Delay in Patellofemoral Pain Patients,” The American Journal 
of Sports Medicine, vol. 39, no. 3, pp. 590–598, Nov. 2010, doi: 
https://doi.org/10.1177/0363546510384233. 

[9] A. D. Vigotsky, I. Halperin, G. J. Lehman, G. S. Trajano, and T. M. 
Vieira, “Interpreting Signal Amplitudes in Surface Electromyography 
Studies in Sport and Rehabilitation Sciences,” Frontiers in Physiology, 
vol. 8, no. 1, Jan. 2018, doi: https://doi.org/10.3389/fphys.2017.00985. 

[10] S. Abbaspour, M. Lindén, H. Gholamhosseini, A. Naber, and M. Ortiz-
Catalan, “Evaluation of surface EMG-based recognition algorithms for 
decoding hand movements,” Medical & Biological Engineering & 
Computing, vol. 58, no. 1, pp. 83–100, Nov. 2019, doi: 
https://doi.org/10.1007/s11517-019-02073-z. 

[11] J. Jie, K. Liu, H. Zheng, B. Wang, and R. Dai, “High dimensional feature 
data reduction of multichannel sEMG for gesture recognition based on 
double phases PSO,” Complex & Intelligent Systems, vol. 7, no. 4, pp. 
1877–1893, Mar. 2021, doi: https://doi.org/10.1007/s40747-020-00232-
6. 

[12] M. Aviles, Juvenal Rodríguez-Reséndiz, and D. Ibrahimi, “Optimizing 
EMG Classification through Metaheuristic Algorithms,” Technologies, 
vol. 11, no. 4, pp. 87–87, Jul. 2023, doi: 
https://doi.org/10.3390/technologies11040087. 

[13] S. Karlsson and B. Gerdle, “Mean frequency and signal amplitude of the 
surface EMG of the quadriceps muscles increase with increasing torque—
a study using the continuous wavelet transform,” Journal of 
Electromyography and Kinesiology, vol. 11, no. 2, pp. 131–140, Apr. 
2001, doi: https://doi.org/10.1016/s1050-6411(00)00046-8. 

[14] D. C. Toledo-Pérez, J. Rodríguez-Reséndiz, R. A. Gómez-Loenzo, and J. 
C. Jauregui-Correa, “Support Vector Machine-Based EMG Signal 
Classification Techniques: A Review,” Applied Sciences, vol. 9, no. 20, 
p. 4402, Oct. 2019, doi: https://doi.org/10.3390/app9204402. 

[15] M. Sokolova and G. Lapalme, “A Systematic Analysis of Performance 
Measures for Classification Tasks,” Information Processing & 
Management, vol. 45, no. 4, pp. 427–437, Jul. 2009, doi: 
https://doi.org/10.1016/j.ipm.2009.03.002. 

[16] T. Heß, T. L. Milani, J. Stoll, and C. Mitschke, “Running and Jumping 
After Muscle Fatigue in Subjects with a History of Knee Injury: What Are 
the Acute Effects of Wearing a Knee Brace on Biomechanics?,” 
Bioengineering, vol. 12, no. 6, p. 661, Jun. 2025, doi: 
https://doi.org/10.3390/bioengineering12060661. 

[17] L. K. Gulling, S. M. Lephart, D. A. Stone, J. J. Irrgang, and D. M. 
Pincivero, “The effects of patellar bracing on quadriceps EMG activity 
during isokinetic exercise,” Isokinetics and Exercise Science, vol. 6, no. 
2, pp. 133–138, Oct. 1996, doi: https://doi.org/10.3233/ies-1996-6209. 

 


