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Abstract 

Purpose: This study aimed to investigate the effects of wearable-based real-time feedback on muscle activation during kettlebell compound 
exercises and to compare the results with supervised and self-directed training conditions. 
Methods: Eighteen healthy adults were randomly assigned to three groups: wearable feedback group (WG, n = 6), supervised group (SG, n = 6), 
and self-directed group (SDG, n = 6). All participants performed a standardized kettlebell training program consisting of six compound exercises 
once per week for four weeks. Electromyography (EMG) was recorded from the Biceps brachii, Triceps brachii, Rectus femoris, and 
Gastrocnemius according to ENIAM guidelines. Muscle activity was normalized to maximal voluntary isometric contraction (%MVIC). Statistical 
analyses were conducted using one-way ANOVA and paired t-tests (α = 0.05). 
Results: The wearable feedback group showed significantly greater increases in %MVIC for the Biceps brachii (p = .014), Triceps brachii (p = .042), 
and Rectus femoris (p = .017) compared with other groups. Within-group analysis also revealed pre–post improvements across multiple muscles 
in WG, whereas SG and SDG showed limited or nonsignificant changes. Gastrocnemius activation increased post-intervention in WG but did not 
differ significantly between groups. 
Conclusions: : Wearable-based real-time feedback effectively enhanced muscle activation and self-regulation during kettlebell compound 
exercises compared with supervised or self-directed conditions. These findings highlight the potential of wearable feedback systems as practical 
tools to optimize training quality, improve exercise adherence, and support individualized programs in fitness and rehabilitation settings. 
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I. Introduction 
The rapid development of wearable technology has brought revolutionary changes to sports science and exercise physiology 
research. In particular, wearable devices such as smartwatches can monitor various physiological parameters in real time, 
including heart rate, oxygen saturation, and calorie expenditure, thereby greatly contributing to the improvement of training 
effectiveness and safety (1). The biosensors embedded in smartwatches continuously measure the wearer’s physiological signals 
in a non-invasive manner and transmit the data in real time via wireless communication technologies such as Bluetooth, allowing 
immediate assessment of exercise intensity and recovery status (2,3). Such advances in wearable technology enable scientific 
training approaches in both daily life and exercise settings, and allow more precise physiological analyses across different modes 
of exercise. 
 
With the recent popularization of functional training for health promotion and performance enhancement, kettlebell training has 
attracted attention as an efficient resistance exercise that simultaneously improves whole-body coordination and explosive 
strength. According to the study by Meigh et al. (2022), kettlebell compound exercises also have positive effects on muscular 
endurance and cardiorespiratory fitness. As they are based on multi-joint compound movements such as swings, squats, cleans, 
and presses, kettlebell exercises stimulate both cardiovascular endurance and muscular endurance, making them an effective 
strategy for improving functional movement. Previous studies have shown that electromyography (EMG) during exercise is a valid 
method for quantitatively evaluating muscle activation patterns, intermuscular coordination, and exercise intensity changes 
associated with specific movements (4). Among EMG measures, %MVIC analysis is considered an essential tool for reliably 
verifying the physiological responses to exercise programs (5). 
Kettlebells are a traditional yet effective resistance training tool, and when combined with wearable technology—especially 
smartwatches—they now allow more accurate measurement and optimization of training effects. Wearable technology serves as 
a promising tool for real-time monitoring of resistance exercise, playing an important role in scientifically analyzing and improving 
the effects of kettlebell resistance training programs (KRTG) (6). When heart rate is monitored through smartwatches during 
kettlebell exercise, autoregulated training methods can be applied, whereby rest is taken until heart rate recovers below a certain 
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threshold (7). Real-time feedback via wearable devices enables individuals to make informed decisions regarding their physical 
activity, thereby enhancing self-regulation (8). According to Soro et al. (2023), wearable technology provides detailed physiological 
and biomechanical information—such as heart rate, caloric expenditure, and positional changes over time—during resistance 
training. This information allows real-time adjustments and optimization of programs such as kettlebell training, offers 
opportunities to evaluate and refine training effectiveness, and enables personalized exercise prescriptions (9). 
On the other hand, exercise programs that rely on IoT-based wearable devices may be less effective than those involving direct 
human supervision or feedback. In fact, some studies have pointed out the limitations of wearable data reliability and user 
experience (12). Furthermore, the health indicators provided by wearable devices are not always sufficiently specialized or 
contextualized to deliver accurate personalized health coaching programs (10). Additionally, due to limitations of machine 
learning models applied to wearable data, such devices may not accurately analyze complex exercise patterns like kettlebell 
movements (11). 
 
Therefore, to date, there is still a scarcity of research comprehensively evaluating the scientific validity, safety, and reliability of 
combining kettlebell training with wearable devices. In particular, there is a lack of objective verification regarding the impact of 
wearable feedback on qualitative improvements in exercise performance and increased muscle activation, especially in non-
professional or self-directed exercise settings. Consequently, concerns have been raised that wearable-device–based programs 
may have limited effectiveness in promoting health improvements due to issues of data accuracy, reliability, and user experience. 
Inaccurate or incomplete data may lead users to misjudge exercise intensity or even risk their health. Thus, systematic and 
empirical studies are urgently needed to examine the effectiveness and data reliability of wearable-device–assisted training 
programs (12). 
In this study, participants were divided into three groups: those who performed kettlebell exercises with wearable-based feedback, 
those who exercised under verbal instruction from an experienced supervisor, and those who exercised independently without 
assistance. By comparing muscle activation (%MVIC) across the three groups through EMG analysis, this study aimed to provide 
scientific evidence to enhance the safety, reliability, and effectiveness of wearable-device–assisted exercise programs.  
 

II. Materials and Methods 

2.1. Participants 
A total of 18 healthy adults voluntarily participated in this study. All participants had at least six months of resistance training 
experience and maintained a consistent training routine for at least two weeks prior to the start of the study.(13,14) The inclusion 
criteria were as follows 1) men and women aged 20–35 years, 2) no history of musculoskeletal disorders or pain in the upper or 
lower extremities, 3) ability to perform kettlebell exercises without difficulty during familiarization, 4) agreement to wear and use 
the wearable device, 5) body composition within a BMI range of 18.5–28 as measured by Inbody analysis, and 6) no record of 
injury within the past three months. Exclusion criteria were 1) history of musculoskeletal or neurological disorders or current pain, 
2) history of orthopedic surgery or rehabilitation within the past three months, 3) adverse responses such as dizziness, pain, or 
vertigo during kettlebell intervention, (4) dermatological or allergic conditions, tattoos, or other factors interfering with EMG 
electrode attachment, and 5) body fat percentage ≥ 35% or BMI ≥ 30, which could attenuate EMG signals. Body composition was 
assessed prior to the intervention using the Inbody 770 analyzer, which included height, weight, and body mass index (BMI). 
 
2.2. Experimental Procedures. 
This study was therefore designed as a three-group randomized controlled experiment including pre- and post-intervention 
comparisons. In this study, a randomized controlled trial design was adopted to investigate the effect of wearable-based real-
time feedback on muscle activation during kettlebell compound exercises. Participants were randomly assigned into three groups: 
a self-directed group (SDG, n = 6), a supervised group (SG, n = 6), and a wearable feedback group (WG, n = 6) [Figure 1]. The 
intervention was conducted once per week for four weeks (a total of four sessions), and all groups participated in an identical 
exercise program based on the same exercise components. The appropriate sample size for this study was calculated using 
G*Power 3.1. The analysis type was set as F-test – ANOVA: A prior: compute required sample size. Independent variables included 
group (3 levels) and time (2 levels: pre- and post-intervention). The effect size was determined as medium (f = 0.25), with a 
significance level (α) of 0.05, statistical power (1–β) of 0.80, and a correlation among repeated measures of 0.5. The results 
indicated that a minimum of 6 participants per group (total n = 18) was required. 
 
 
Figure 1. Research Procedure 
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2.2.1 Kettlebell Exercise Program Items 
Participants were randomly assigned to three groups, and each group performed the same exercise program under different 
intervention conditions. The applied kettlebell exercise program was designed around functional compound movements and 
consisted of six full-body kettlebell training exercises. Each session consisted of a 3-minute warm-up including dynamic stretching 
and joint mobility exercises, followed by six kettlebell compound movements performed for three sets of 10 repetitions each(15). 
[Figure 2]. Exercise intensity was set at 60–70% of the individual’s estimated 1RM, with 30 seconds of rest between sets and 60 
seconds of rest between exercises, and the session concluded with a 2-minute cool-down consisting of static stretching. 
 
Figure 2. Kettlebell Exercise Program a-b: Kettlebell Swing, c-d: Goblet Squat, e-f: Clean and Press,  g-h: Lunge with Pass 
Through, i-j: High Pull, k-l-m: Turkish Get-up 

 
 
2.3. Measurement Tools and Methods 
2.3.1. Smart Watch 
In addition to electromyographic analysis, real-time heart rate (HR) monitoring was implemented in the wearable feedback group 
using a commercially available smartwatch health application [Fig 3]. HR was continuously recorded throughout all kettlebell 
compound exercise sessions. To maintain appropriate exercise intensity, the health application was programmed with a target 
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HR zone of 146–156 beats per minute (BPM), corresponding to approximately 65–75% of the estimated maximum HR for the 
study population.(19) When a participant’s HR dropped below 146 BPM, the smartwatch delivered immediate auditory, vibratory, 
and visual alerts prompting the participant to increase intensity. Conversely, when HR exceeded 156 BPM, a notification instructed 
the participant to reduce intensity or take a brief rest(20). This individualized HR feedback system ensured that participants 
maintained the desired cardiovascular load throughout kettlebell training, thereby optimizing both exercise efficiency and safety. 
HR data were exported for subsequent statistical analysis, and mean, minimum, and maximum HR values were compared across 
pre- and post-intervention sessions.(21,22) 
 
[Fig 3] Smartwatch interface displaying real-time heart rate monitoring during kettlebell exercise 

 
 
2.3.2. EMG (Electromyography) 
In this study, eight muscles of the upper and lower limbs were selected as target muscles for electromyographic (EMG) analysis 
during kettlebell exercises. Electrode placement followed the ENIAM guidelines to ensure signal accuracy and reproducibility. A 
4-channel wireless EMG system (FREEEMG 300, BTS Bioengineering, USA) with high temporal resolution was used to record 
muscle activity. The system sampled signals at 1,000 Hz with a band-pass filter of 20–450 Hz and a common mode rejection ratio 
(CMRR) greater than 100 dB. Signal processing and analysis were conducted using BTS EMG Analyzer software. Raw EMG signals 
were smoothed with a 50 ms moving root mean square (RMS) window(23). For each muscle, mean %MVIC values were calculated 
at baseline and after the 4-week intervention. EMG signals were continuously recorded in real time during three sets of 10 
repetitions for each kettlebell exercise. For analysis, RMS values from the 3rd to 7th repetitions of each set (approximately 10–15 
seconds) were extracted to minimize distortion caused by warm-up effects and end-stage fatigue accumulation. This mid-
repetition extraction method has been recommended in previous studies as a reliable approach for obtaining representative 
values during dynamic resistance exercise(24) Prior to electrode attachment, the skin was shaved, degreased, and disinfected 
with alcohol, and electrodes were placed parallel to the muscle fiber orientation at the anatomical center of each target muscle. 
This configuration minimized motion artifacts during exercise and ensured reproducibility of signals, consistent with previous 
studies that have employed these muscles as standard sites for surface EMG recording.(25) 
 
2.3.3. Anatomic positions of electrodes                                                               
In this study, muscle selection was based on those reported to be commonly activated during the six compound kettlebell 
exercises included in the intervention [Fig 4]. For the upper limbs, two muscles were selected: the Biceps brachii and the Triceps 
brachii. The Biceps brachii is highly activated during movements such as the clean and high pull, where it functions in elbow flexion, 
as well as during the Turkish get-up, where it plays a role in supporting the kettlebell. Electrodes were placed at the midpoint of 
the anterior upper arm between the shoulder and the elbow. The Triceps brachii acts as the primary agonist of elbow extension 
during pressing movements. Electrodes were positioned on the lateral head, midway between the acromion and the elbow(26). 
For the lower limbs, the Rectus femoris and Gastrocnemius were selected. The Rectus femoris contributes to knee extension and 
hip flexion, playing a key role in generating propulsion for the lower extremities. Electrodes were attached at the midpoint 
between the anterior superior iliac spine (ASIS) and the patella(27). The Gastrocnemius is continuously activated in exercises 
requiring lower-limb support and balance, such as lunges and the Turkish get-up. Electrodes were placed on the most prominent 
portion of the medial muscle belly of the calf. This site was chosen based on prior research identifying the gastrocnemius as a 
major muscle activated during kettlebell swing, squat, and press movements(28). 
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d 

Figure 4. Location of electrodes 
a: biceps brachii, b: triceps brachii, c: rectus femoris, d: gastrocnemius 

 
 
2.3.4. Maximal voluntary Isometric contraction measurements 
To normalize the electromyography (EMG) data, maximum voluntary isometric contraction (MVIC) tests were conducted for each 
target muscle in accordance with the ENIAM guidelines for non-invasive assessment of muscles. Participants performed two MVIC 
trials for each muscle, with each contraction maintained for 5 seconds and separated by a 1-minute rest period to minimize fatigue. 
The highest root mean square (RMS) value was used as the reference for normalization(28). EMG signals obtained during MVIC 
were used to normalize dynamic exercise data, expressed as a percentage of MVIC (%MVIC) (29). This procedure ensured reliable 
comparisons of muscle activation both within and between groups. For the Biceps brachii, participants sat with the elbow flexed 
at 90° and the forearm supported in a supinated position. Manual resistance was applied against elbow flexion at the distal 
forearm. For the Triceps brachii, participants lay supine with the shoulder flexed at 90° and the elbow flexed at 90°. Manual 
resistance was applied against elbow extension (30). For the Rectus femoris, participants sat with both the hip and knee flexed at 
90°. Manual resistance was applied against knee extension at the distal tibia. For the Gastrocnemius, participants stood with the 
knee fully extended. Manual resistance was applied against ankle plantar flexion at the distal metatarsals while the participant 
attempted to raise the heel(31). [Fig 5] 
 
Figure 5. Maximal voluntary Isometric contraction measurements  
a: biceps brachii, b: triceps brachii c: rectus femoris d: gastrocnemius 
 

2.3.5. MVIC Measurement and Normalization (%MVIC) 
To quantify muscle activity data and allow comparisons across participants, EMG signals were normalized to %MVIC based on 
maximal voluntary isometric contraction (MVIC). Each participant performed three 5-second isometric contractions for each 
target muscle, and the highest value was adopted as the MVIC. 1-minute rest was provided between measurements to prevent 
fatigue accumulation(32). The mean RMS values recorded during exercise were converted according to the following formula: 
Normalization. to %MVIC is a standardized method widely used in resistance exercise research, offering effective comparisons of 

a b c d 
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fatigue accumulation, activation intensity, and inter-individual variability.(33,34) %MVIC = mean EMG value during exercise / MVIC 
value × 100 (35). 
 
2.4. Statistical analysis 
 The statistical analyses were performed using IBM SPSS Statistics version 26.0 (IBM Corp., Armonk, NY, USA). To compare 
differences in muscle activity (%MVIC) before and after the intervention among the three groups—wearable feedback group, non-
wearable self-directed exercise group, and non-wearable supervised exercise group—a one-way ANOVA was conducted. When 
significant differences were identified between groups, post-hoc analyses using the Least Significant Difference (LSD) test were 
applied to further examine intergroup differences(36). Paired t-tests were employed to compare pre- and post-intervention values 
within each group, allowing the evaluation of whether muscle activation (%MVIC) significantly changed after the 4-week 
intervention. Prior to the analyses, the normality of all variables was confirmed using the Kolmogorov–Smirnov test, and the 
statistical significance level was set at α = 0.05 
 

III. Results 
This study measured and compared muscle activation (%MVIC) before and after the 4-week intervention across three groups: the 
wearable feedback group, the supervised group, and the self-directed group. Muscle activation was assessed using surface 
electromyography (EMG) to calculate the mean and peak %MVIC of the biceps brachii, triceps brachii, rectus femoris, and 
gastrocnemius. 
 
3.1. General Characteristics of Participants 
The general characteristics of the participants are presented in [Table 1]. No statistically significant differences were observed 
among the three groups in terms of age, height, weight, and body mass index (BMI) (p > 0.05). Therefore, the groups were 
considered homogeneous and appropriate for analysis 
 
Table 1. Comparison of DMD, MAC, Lung capacity according to intervention 

Groups Age(year) Height(m) weight(kg) 
Body mass       
index(kg/m2) 

SDG(n=6)          22.00±2.45          168.00±11.78 63.07±15.47 21.99±2.59  

SG(n=6)          23.33±3.93 173.17±6.99 67.02±10.76 27.24±12.09  

WG(n=6)          23.67±1.63 174.33±7.12 68.300±10.92 22.35±2.67  

p value         23.00±2.77  171.83±8.84 66.13±12.03 23.86±7.29  

 
*Mean ± standard deviation 
3.2. Within-group pre-post changes in muscle activation (%MVIC) 
This study analyzed the effects of wearable-based real-time feedback on muscle activation (%MVIC) during kettlebell compound 
exercises. The results showed that the wearable group demonstrated statistically significant changes in muscle activation in the 
Triceps brachii, Rectus femoris, and Gastrocnemius [Table 2]. In particular, the Biceps brachii and Triceps brachii exhibited clear 
differences when compared with the other groups. These findings suggest that wearable feedback is effective in enhancing self-
regulation and muscle recruitment efficiency during exercise performance. In group comparisons, the wearable group displayed 
significantly higher activation differences in the Biceps brachii and Triceps brachii than the other groups, and intergroup 
significance was also confirmed for the Rectus femoris. In contrast, the Gastrocnemius showed significant pre-post changes only 
within the wearable group, but no significant differences were observed in intergroup comparisons. Overall, the wearable group 
proved to be more effective in eliciting changes in the activation of specific muscle groups compared to supervised or self-directed 
exercise. 
 
Table 2. Differences in post-intervention changes between interventions 

Variable 
(%MVIC) 

Self-directed Group 
Supervise       

Group 
Wearable    

Group 
 f p 
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Biceps Brachii     Pre       152.17±70.25 
%MVIC          Post     244.08±132.92a 

t         -2.352 
p         0.065* 

119.57±70.81 
117.83±52.65b 

0.059 
0.955 

111.87±71.95 
84.13±44.99ab 

1.333 
0.240 

0.545     0.591 
5.697     0.014* 

          
          

Triceps Brachii     Pre      190.58±120.09 
%MVIC           Post     209.15±117.73 

t         -0.553 
p         0.604 

135.67±56.99 
92.55±73.53b 

2.009 
0.101 

115.20±78.34 
82.25±58.03b 

2.653 
0.045* 

1.150    0.343 
3.950    0.042* 
 
 

Rectus Femoris     Pre      126.52±40.65 
%MVIC           Post     161.10±81.89 

t         -1.811 
p         0.130 

234.27±125.19c 
179.08±77.15 

3.098 
0.027* 

107.47±25.05c 
78.37±16.06b 

4.102 
0.009* 

5.420    0.017* 
4.021    0.040* 
 
 

Gastrocnemius      Pre      95.18±46.37 
%MVIC           Post     129.77±88.77 

t        -1.382 
p        0.226 

146.17±69.28 
115.60±61.52 

0.827 
0.446 

84.15±33.87 
59.10±25.89 

3.214 
0.024* 

2.433    0.122 
2.040    0.165 
 
 

*p<.05, **p<.01, ***p<.001, Mean±SD, a: the difference between Self-directed Group and Wearable Group, b: the difference 
between Supervise Group and Wearable Group, c: the difference between Supervise Group and Self-directed Group 
 
3.2. Post-intervention group comparison of muscle activation (%MVIC)  
The results of the post-intervention comparison of muscle activation (%MVIC) among groups are presented in [Figure 6] In the 
Biceps brachii, a statistically significant difference was observed among the three groups (F = 5.697, p = .014), and post-hoc 
analysis revealed that the wearable group showed significant differences compared with the other groups [figure 6]. In the Triceps 
brachii, intergroup differences were also significant (F = 3.950, p = .042), with the wearable group exhibiting statistically significant 
changes in activation compared with the supervised group. For the Rectus femoris, significant differences among groups were 
confirmed (F = 5.420, p = .017), with the wearable group demonstrating a distinct reduction pattern compared to the other groups. 
In contrast, while the Gastrocnemius showed pre-post changes within the wearable group, no statistically significant differences 
were observed among groups at the post-test (p > 0.05). Overall, the wearable-based real-time feedback group demonstrated 
statistically significant differences in the Biceps brachii, Triceps brachii, and Rectus femoris compared to the other groups, 
indicating that wearable feedback is effective in regulating the activation of specific muscle groups. 
 
Figure 2. Post-intervention group differences in muscle activation (%MVIC) across selected muscles 

 
 

IV. Discussion 
This study was conducted to investigate the effects of wearable-based real-time feedback on muscle activation during kettlebell 
compound exercises over a four-week intervention. The results indicated that, when comparing changes in muscle activation 
(%MVIC) across the three groups—self-directed, supervised, and wearable feedback—the wearable feedback group 
demonstrated the most statistically significant increases in key muscle groups, including the Biceps brachii, Triceps brachii, and 
Rectus femoris. This suggests that wearable feedback effectively enhances self-regulation and improves the efficiency of muscle 
recruitment. Similarly, Cinarli and Kafkas (2025) reported that wearable real-time feedback significantly increased neuromuscular 
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activation during dynamic core training. 
In particular, the wearable group consistently showed greater improvements in muscle activation both in pre-post comparisons 
and in intergroup analyses, whereas the supervised and self-directed groups exhibited only limited or non-significant changes. 
Additionally, compared to the other groups, wearable feedback appeared to increase participants’ exercise focus and facilitated 
immediate recovery of exercise intensity when performance declined, thereby helping to prevent fatigue accumulation (37). This 
demonstrates that the advantage of real-time monitoring of exercise intensity and physiological parameters through wearable 
devices is valid even in complex training tasks (38). Conversely, the self-directed group showed some difficulty in self-regulating 
exercise intensity due to the absence of feedback, highlighting the limitations of training without structured guidance. These 
findings reinforce that wearable-based real-time feedback induces greater motivation and muscle activation than external 
supervision or self-directed methods, This result aligns with previous studies on wearable-based real-time feedback (39), 
suggesting that it represents an effective approach for improving self-regulation, especially in non-professional or unsupervised 
exercise environments. Within-group analysis also confirmed significant pre-post increases in muscle activation in the wearable 
group. The supervised group showed some improvements, though with less statistical significance compared to the wearable 
group, while the self-directed group exhibited mostly limited or non-significant changes. Collectively, these results demonstrate 
that wearable feedback is more effective for enhancing exercise performance compared to exercise without real-time feedback.  
However, further analysis regarding the accuracy of heart rate measurement and the diversity of feedback delivery methods in 
wearable devices is necessary. Xu et al. (2024) also suggested that IoT-based wearable feedback is effective in improving exercise 
concentration and performance accuracy through self-monitoring. Wearable real-time feedback provides an environment that 
enables both self-monitoring and self-regulation while minimizing participant burden. This feature is delivered in a repetitive and 
non-coercive manner, increasing user acceptance and ultimately enhancing training adherence and continuity. Hernando, D. 
(2021) reported that wearable feedback, unlike human-centered feedback, reduces the psychological burden on exercisers and 
fosters a more focused environment. In line with this, the present study also demonstrated improvements not only in muscle 
activation but also in exercise concentration in the wearable group. Additionally, the real-time heart rate monitoring function of 
wearable devices played a critical role in maintaining exercise intensity and managing fatigue. Jamieson et al. (2024) emphasized 
that providing such physiological data strengthens exercise adherence and self-regulation behaviors. 
Future studies should evaluate the effectiveness and user experience of wearable feedback systems across a variety of exercise 
modalities, age groups, and fitness levels. Wearable-based feedback has been reported to positively influence exercise quality, 
self-regulation, and concentration while reducing the burden of supervised feedback, thereby increasing user satisfaction and 
accessibility (43). The strength of wearable feedback is evident in quantitative %MVIC evaluation via electromyography. Beyond 
improvements in muscular endurance and functional strength through kettlebell training, wearable feedback systems were shown 
to broadly facilitate exercise quality and the regulation of muscle activation. Compared with traditional coaching or self-directed 
exercise, device-based feedback improves self-monitoring, satisfaction, exercise intensity, and muscle activation (44). Surface 
EMG-based %MVIC analysis revealed significantly higher muscle activation in the wearable group compared with both the self-
directed and supervised groups. This indicates that EMG monitoring of muscle activation effectively reflects the impact of 
feedback systems, particularly in compound, full-body exercises such as kettlebell training. Furthermore, wearable devices 
provide qualitative improvements in exercise focus and muscle recruitment efficiency by delivering real-time feedback, not merely 
measurement data (45).  
Muscle-specific results further support these conclusions. In the Biceps brachii, significant increases in muscle activation were 
observed both within and between groups in the wearable feedback condition. This can be explained by the repetitive elbow 
flexion and forearm supination demands of kettlebell compound exercises. These results are consistent who reported that 
kettlebell swing exercises enhance biceps function, and EMG-based %MVIC analyses in the with Saeterbakken et al.(2020), is study 
clearly confirmed these findings. This suggests that wearable feedback strengthens upper limb involvement, thereby improving 
upper body stability and lifting efficiency. The Triceps brachii plays a key role in elbow extension and shoulder stabilization, 
especially in high-intensity exercises where it contributes to fatigue reduction and force maintenance. The wearable group 
exhibited significant increases in %MVIC for the Triceps brachii, indicating that real-time feedback facilitated efficient activation 
of the extensors during movement execution. Lyons et al., (2017) similarly reported increased triceps activation during kettlebell 
press exercises, and the EMG analyses in this study (showing increases in both RMS and %MVIC) confirmed that wearable feedback 
contributed to maintaining stable performance even under fatigue.  
The Rectus femoris, a primary muscle of the quadriceps, is critical for knee extension and hip flexion. Significant pre-post changes 
were observed in the wearable group, aligning with findings by Schwartz et al., (2020), who reported that various feedback 
modalities improved quadriceps activation. EMG analyses confirmed that the Rectus femoris served as a primary mover during 
kettlebell squats and lunges, with increases in both RMS and %MVIC under feedback conditions, suggesting improved propulsion 
and stability in lower limb movements. The Gastrocnemius contributes to ankle plantarflexion and lower limb stability, particularly 



 

183 

Adolescencia e Saude, v. 21, n. 7s, p. 1 7 5 - 1 8 5  

during movements requiring balance(49). such as lunges and Turkish get-ups. In this study, significant changes in activation were 
observed in the wearable group, consistent with Santana and Vera-Garcia (2022), who highlighted the role of the gastrocnemius 
and soleus in lower limb support and balance. EMG-based %MVIC analysis showed higher activation at post-test compared to 
baseline, indicating that wearable feedback promoted sustained intensity and endurance capacity. Notably, the integration of 
real-time heart rate monitoring further enabled immediate intensity recovery under fatigue, allowing continuous gastrocnemius 
activation. 
In summary, the observed increases in muscle activation across individual muscle groups in the wearable feedback group were 
validated through EMG-based %MVIC quantification. These findings suggest that wearable real-time feedback not only improves 
performance but also contributes to more efficient muscle recruitment(51). and enhanced movement stability across both upper 
and lower limbs. Consequently, wearable-based feedback offers significant potential for optimizing muscle activation patterns in 
complex exercise environments, and holds promising applications in rehabilitation and individualized training prescriptions. 
Ultimately, this study demonstrated that wearable-based real-time feedback can enhance muscle activation during kettlebell 
compound exercises, providing both qualitative and quantitative improvements in exercise performance. These findings highlight 
the practical value of wearable technologies in smart fitness, personalized training, and future rehabilitation programs. 
The limitations of this study include a small sample size and a short intervention period. In addition, because the participants were 
limited in age and fitness level, caution should be taken when generalizing the findings. Future studies should incorporate long-
term follow-up, larger samples including a wider range of ages and fitness levels, and analyses of the differential effects of 
feedback delivery methods(52). Furthermore, it is necessary to comprehensively evaluate the accuracy of wearable devices and 
the user experience. in order to clarify how continuous use influences exercise adherence and motivation. 
 

V. Conclusions 
In conclusion, this study examined the effects of wearable-based real-time feedback on muscle activation during kettlebell 
compound exercises by comparing electromyographic (%MVIC) changes across a wearable feedback group, a supervised group, 
and a self-directed group. The results showed that the wearable feedback group demonstrated significant increases in Biceps 
brachii, Triceps brachii, and Rectus femoris activation, with statistically more pronounced improvements compared to the 
supervised and self-directed groups. Furthermore, pre–post changes were also observed in the Gastrocnemius, confirming that 
wearable feedback effectively enhances both upper- and lower-limb muscle activation and overall exercise efficiency. These 
findings align with previous studies indicating that real-time heart rate monitoring and exercise intensity feedback from wearable 
devices improve muscle recruitment efficiency, exercise focus, and self-regulation capacity. Notably, wearable-based feedback 
demonstrated practical potential beyond simple performance enhancement by contributing to exercise adherence, prevention of 
cumulative muscle fatigue, and optimization of individualized training. Therefore, wearable-based real-time feedback can be 
applied as an efficient and scientific training strategy for complex exercises such as kettlebell training, and it holds promising 
clinical and practical applications in fields such as personalized fitness, smart training, and remote rehabilitation. 
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