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Figure 1: Our adaptive cardio-respiratory biofeedback system is built upon the interplay of two engineered loops. In the 
Action-Cognition Loop, the user connects their cognitive state to their physical breathing action, fostering embodied awareness. 
This is captured and augmented by the Signal-Biofeedback Loop, which uses wearable devices to translate physiological data 
into real-time guidance. 

Abstract 
We introduce an adaptive cardio-respiratory biofeedback system im-
plemented on ubiquitous hand-worn devices such as smart watches 
and rings, enabling accessible and real-time physiological training 
outside clinical settings. Users place a hand on their abdomen to 
promote embodied awareness of breathing rhythms, while PPG and 
IMU sensors continuously capture cardio-respiratory signals. Un-
like conventional open-loop biofeedback that delivers fixed breath-
ing guidance irrespective of user response, our system employs 
a closed-loop adaptation: real-time physiological signals adjust 
breathing cues to optimize cardio-respiratory coupling, ensuring 
personalized training trajectories. This shift from static to adaptive 
guidance markedly improves user engagement and training efficacy. 
A user performance evaluation study further showed that adaptive 
biofeedback significantly boosts HRV, prolongs high-HRV states, 
and enhances user experience, demonstrating clear advantages over 
non-adaptive methods. Together, these findings position adaptive, 
hand-worn biofeedback as a promising approach for ubiquitous, 
user-centered mental health interventions. 

CCS Concepts 
• Human-centered computing → Interaction paradigms; In-
teractive systems and tools; Interaction techniques. 
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1 Introduction 
Cardio-respiratory Coupling (CRC) refers to the dynamic inter-
action and coordination between cardiac activity and respiratory 
rhythm at the physiological level [64]. A well-regulated CRC is 
associated with reduced anxiety levels, controlled physiological 

∗

arousal, and positive outcomes in the management of chronic con-
ditions such as chronic heart failure, hypertension, and chronic 
obstructive pulmonary disease (COPD) [29]. Heart Rate Variability 
Biofeedback (HRVB) for respiration training has been clinically 
demonstrated to enhance CRC. By guiding users to breathe at a res-
onant frequency (RF), HRVB activates the parasympathetic nervous 
system, increases HRV, and promotes coherence between cardiac 
and respiratory patterns [69]. 

Despite these established benefits, conventional HRVB protocols 
remain cumbersome: they rely on specialized equipment, assume a 
fixed resonant frequency, and often require a time-consuming cali-
bration process to identify the individual’s resonant frequency [48]. 
With the rise of wearable technologies, HRVB has become more 
accessible, yet most implementations continue to adopt rigid, fixed-
paced breathing guidance. From a user experience perspective, this 
design has some shortcomings. Paced breathing at a fixed rate can 
feel uncomfortable and unnatural, which may discourage consis-
tent use [13]. Furthermore, an individual’s resonant frequency is 
not a stable metric, suggesting that a fixed-frequency approach 
is not only less effective but also fundamentally misaligned with 
the user’s dynamic physiological state [16]. Therefore, dynamic 
monitoring of physiological indicators and adaptive adjustment 
of breathing guidance is crucial for providing a more natural and 
comfortable user experience while optimizing CRC and maximizing 
HRV outcomes. 

Some researchers have recognized the limitations of fixed breath-
ing guidance in HRVB and have proposed adaptive biofeedback 
models based on real-time physiological signals. For instance, cer-
tain systems monitor the user’s breathing and provide guidance 
at a slower rate than the current rhythm [73]. Others adjust the 
breathing pace to be slower when HRV metrics indicate improved 
autonomic regulation [82]. These adaptive HRVB approaches have 
been shown to enhance user experience and improve CRC. For a 
personalized biofeedback system, it is important to regulate breath-
ing guidance based not only on real-time HRV, which reflects the 
degree of cardio-respiratory coupling, but also on real-time breath-
ing behavior, which indicates the user’s engagement. However, 
many existing systems implement only one of these two adaptive 
mechanisms. Moreover, the majority of such studies rely on spe-
cialized equipment, making it difficult to extend HRVB training to 
everyday contexts. 

Furthermore, while controlled breathing has long been recog-
nized as an effective means of enhancing cardio-respiratory cou-
pling and constitutes a central component of HRV biofeedback, 
current HRV biofeedback systems still face two major limitations. 
First, from an interaction design perspective, prior systems have 
explored various strategies to engage users in breathing practice. 
For example, replacing waveform displays with visual or auditory 
cues to make breathing perception more intuitive [51], or intro-
ducing gamified and VR-based tasks to foster immersion [21, 24]. 
Yet, few designs explicitly emphasize diaphragmatic breathing, de-
spite evidence that it enhances the efficiency of deep breathing and 
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strengthens parasympathetic activation. Second, most systems fail 
to monitor the extent to which users’ actual breathing aligns with 
the prescribed guidance. Without such alignment feedback, users 
may deviate from the intended breathing pattern, undermining the 
effectiveness of training and reducing its long-term benefits. 

Motivated by these gaps, we propose the first hand-worn 
biofeedback system that dynamically adjusts breathing guid-
ance frequency based on both real-time cardiac and real-time 
respiratory indicators. Leveraging a hand-on-abdomen interac-
tion, the device simultaneously captures HR and respiration to 
derive HRV and breathing behavior, which are then used to adapt 
biofeedback in real time. 

To evaluate the effectiveness of the embodied interaction in en-
hancing diaphragmatic breathing, we first conducted a formative 
study with 16 participants, comparing the hand-on-abdomen pos-
ture with unconstrained free breathing. Results showed that the 
interaction enhanced diaphragmatic breathing by increasing both 
the amplitude and stability of respiratory cycles, while also im-
proving user engagement. In parallel, we confirmed that smart ring 
and smartwatch sensors produced HR, HRV, and respiration rate 
measurements consistent with reference equipment, demonstrating 
sufficient reliability for daily-life biofeedback. 

Building on the validated hand-on-abdomen interaction, we de-
veloped an adaptive biofeedback algorithm that continuously ad-
justs breathing guidance based on dual real-time physiological 
metrics. Heart rate variability is used to assess cardio-respiratory 
coupling, while respiration metrics capture user breathing align-
ment with the guidance. The system dynamically modulates the 
pacing of breathing cues to optimize both HRV enhancement and 
user adherence, providing a truly personalized training experience 
that responds to moment-to-moment physiological states. 

To assess the efficacy of the adaptive biofeedback system, we 
conducted a controlled study with 48 participants performing struc-
tured biofeedback training across four conditions testing three 
independent variables: Visualization, Posture, and Guidance. Com-
pared to the baseline fixed-rate biofeedback condition, the adaptive 
system produced higher sustained HRV, improved alignment with 
guided breathing, and greater user engagement, demonstrating the 
benefits of the hand-on-abdomen interaction and the integration 
of dual-factor real-time adaptation. 

We summarize our key contributions as follows: 
(1) The first hand-worn adaptive dual-factor biofeedback system 

that dynamically adjusts breathing guidance using both cardiac and 
respiratory indicators. 

(2) Demonstration of a interaction paradigm where an intentional 
user posture simultaneously enhances embodied awareness and 
enables reliable biofeedback. 

(3) Empirical evidence showing how the three key design fac-
tors—expressive visual feedback, embodied interaction, and dual-
factor adaptive pacing—collectively influence biofeedback effective-
ness by improving HRV rise, breathing alignment, physiological 
stability, affective experience, and user engagement, supporting 
scalable personalized stress regulation. 

2 Related Work 

2.1 Cardio-respiratory Coupling: Mechanisms 
and Relevance 

Cardio-respiratory Coupling (CRC) is the dynamic synchroniza-
tion between cardiac and respiratory rhythms, reflecting the deep 
physiological integration of these two systems [64]. This linkage 
is crucial for efficient physiological adaptation and maintaining 
homeostatic balance [26], and its effectiveness is a key indicator of 
a well-regulated autonomic nervous system (ANS) [15]. The neural 
foundation of CRC lies in the brainstem, where the respiratory 
center continuously modulates heart rhythm through sympathetic 
and parasympathetic (vagal) pathways [1]. During inhalation, sym-
pathetic activity increases, accelerating the heart rate. Conversely, 
exhalation is dominated by parasympathetic activity, which de-
celerates the heart rate [10, 81]. This periodic, respiration-driven 
variation in heart rate is known as Respiratory Sinus Arrhythmia 
(RSA), the primary manifestation of CRC [29]. 

The magnitude of RSA, quantified in heart rate variability analy-
sis as High-Frequency HRV (HF-HRV), is closely correlated with 
parasympathetic tone and is a primary measure of CRC quality 
[27]. An important metric used to assess this activity is the Root 
Mean Square of Successive Differences (RMSSD), a value reflecting 
the rapid, short-term heart rate fluctuations primarily mediated 
by the vagus nerve [9, 66]. Notably, the RMSSD is considered a 
more robust measure of parasympathetic (vagal) activity than RSA 
because it is less affected by fluctuations in respiration [37]. 

Strong and effective CRC helps to modulate the sympathetic 
"fight or flight" response, leading to reduced anxiety and better 
control over physiological arousal [31, 47, 75]. Clinically, enhanc-
ing CRC plays a beneficial therapeutic role in managing chronic 
conditions leading to better blood pressure regulation in hyperten-
sion [78], reduced cardiac workload in chronic heart failure [14], 
and improved exercise capacity in patients with chronic obstruc-
tive pulmonary disease [38]. Consequently, CRC is a key target for 
interventions like biofeedback and controlled breathing exercises, 
which are designed to consciously strengthen this vital physiologi-
cal linkage [50]. 

2.2 Cardio-respiratory Sensing Techniques 
Effective cardio-respiratory biofeedback depends on accurately 
monitoring both heart and breathing rates. The "gold standard" 
for measuring cardiac signals is electrocardiogram (ECG), which 
uses skin electrodes to detect the heart’s electrical activity [70]. 
Phonocardiography (PCG) records acoustic signals [41] and seis-
mocardiography (SCG) measures chest wall vibrations [18]. Photo-
plethysmography (PPG) has become the most widespread due to its 
simplicity, using optical sensors to measure blood volume changes 
[3, 71]. For monitoring breathing, respiration rate (RR) is a clinical 
parameter that measures the number of breaths per minute (bpm) 
[59]. Non-contact methods – infrared thermography [40], radar 
[44], and ultrasound [74] – offer remote monitoring. They are often 
sensitive to the subject’s position or require complex setups [2]. 
Contact-based methods provide more direct measurements but may 
induce discomfort. Airflow sensing uses sensors near the face to 
analyze the differences in the properties of inhaled versus exhaled 
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air [30, 39, 43]. Other methods measure chest wall movement or 
torse movement using Respiratory Inductance Plethysmography 
(RIP) [80], strain gauge [23], piezoelectric sensor [84], or Inertial 
Measurement Units (IMUs) [6, 34, 36]. 

Crucially, respiratory rate can be derived indirectly from cardiac 
signals, as both ECG and PPG are modulated by breathing activ-
ity through RSA. Several studies have validated PPG as a viable 
replacement for ECG in many contexts [12, 28, 65]. This allows 
for the simultaneous extraction of heart and breathing data from a 
single sensor [17]. However, a drawback of PPG-derived respiration 
is its susceptibility to motion artifacts, which requires the person 
to be static for an accurate respiration rate measurement [33, 85]. 

The emergence of wearable devices–smart watches, wristbands, 
eye-wear, and smart rings–have allowed continuous health monitor-
ing accessible by integrating PPG and IMU as standard components. 
While some consumer devices have included ECG [5], its require-
ment for multiple, stable electrical contacts limits widespread adop-
tion compared to the cost-effective, and low-power nature of PPG 
and IMUs [19, 53, 68]. Since many hand-worn devices share the 
same sensors, ubiquitous systems allow individuals to choose the 
device they have at hand instead of requiring specialized devices, 
thus making it easier for individuals to keep track of their health. 

2.3 Cardio-Respiratory Related Biofeedback 
Training Systems 

Biofeedback is a therapeutic technique that provides individuals 
with real-time information on typically imperceptible physiological 
processes, enabling conscious self-regulation [32]. A study by Chit-
taro et al. [22] found that integrating real-time biofeedback into a 
VR experience significantly improved user relaxation and sense of 
presence compared to a placebo condition. Breathing biofeedback 
provides real-time data on respiratory rate and depth to increase 
awareness of natural breathing patterns. HRV Biofeedback provides 
direct feedback on the HRV signal. Cardio-respiratory biofeedback 
integrates both breathing biofeedback and HRV Biofeedback. Re-
gardless of the specific form of biofeedback, the ultimate goal is 
to guide users toward a calm, balanced physiological state, and 
CRC is precisely a representation of this state. Since breathing 
is the most easily and consciously controllable pathway to reach 
such coherence, many HRV-based and breathing-based biofeedback 
systems incorporate some form of respiratory guidance. Studies 
have demonstrated that guided breathing protocols coupled with 
HRVB can lead to positive physiological outcomes, such as reduced 
depressive symptoms [57], reduced stress [45], and reduced blood 
pressure [52]. The most common approach for breathing guidance 
is fixed guidance, and more advanced systems implement adaptive 
guidance. 

Fixed-paced (or open-loop) breathing guidance, which paces 
the user to breath at a single, constant rate. This rate, known 
as the resonant frequency, is the specific pace (typically 4.5–6.5 
breaths/minute) that maximizes HRV amplitude [7]. The frequency 
is either individually determined before training or a standard rate 
is adopted. Pacer guides range from simple visuals like an expand-
ing circle [58], to tactile feedback via physical expansion [73, 83] , 
to gamified mobile apps or digital therapeutics (DTx) [21, 54, 63]. 

While fixed-pace method is straightforward to implement, it suf-
fers from several critical limitations. Research conducted by Steffen 
et al. [69] indicates that maximizing the benefits of guided breathing 
requires strict adherence to one’s personal resonant frequency, as 
the effects are significantly reduced by a deviation of as little as one 
breath per minute. However, additional research has shown that 
an individual’s resonant frequency is not static and can fluctuate 
over time or with changes in physiological state [16]. Moreover, 
the requirement to adhere to a fixed breathing rhythm can induce 
discomfort and feel artificial, which in turn compromises user ad-
herence over the long term [13, 21]. These limitations highlight the 
fundamental flaws of a fixed-paced model, making it an suboptimal 
design for an effective, user-centered intervention. 

Adaptive (or closed-loop) is a more robust paradigm that dynam-
ically adjusts breathing guidance to the user’s physiological state, 
nudging them toward CRC without disrupting their natural breath-
ing tendencies. An example of such system is BioFidget where it 
provides both dynamic HRV and breathing biofeedback, using light 
cues integrated into a fidget spinner [51]. 

Table 1 compares existing biofeedback systems across adaptivity, 
feedback types, sensing modalities, and device form factors. The 
comparison reveals several key limitations in prior work: 

• Although numerous systems integrate respiration or HRV 
feedback, fully adaptive biofeedback remains uncommon. 
The majority of existing solutions rely solely on fixed breath-
ing guidance or single-modal biofeedback, lacking mech-
anisms that dynamically adjust to users’ physiological re-
sponses. 

• Even among adaptive approaches, most adjust to only a sin-
gle physiological signal, missing the opportunity to leverage 
the complementary relationship between respiration dynam-
ics and HRV modulation. 

• Many prior systems depend on specialized or tightly cou-
pled hardware ecosystems instead of ubiquitous, commodity 
platforms like smartphones, smartwatches, or smart rings. 
Consequently, they do not scale well and cannot support 
biofeedback experiences suited for everyday use. 

To address these gaps, we introduce a hand-worn adaptive dual-
factor biofeedback system that provides fully adaptive guidance by 
integrating both respiration and HRV signals. Our design further 
replaces specialized sensing hardware with ubiquitous IMU and 
PPG sensors embedded in hand-worn devices, enabling reliable 
biofeedback on a compact, everyday wearable platform. This ap-
proach supports scalable and seamless deployment of multimodal 
biofeedback in real-world settings. 

3 System Design: Design Considerations and 
Rationale 

Our study aims to integrate cardio-respiratory biofeedback training 
capabilities into ubiquitous hand-worn devices. We developed an 
adaptive biofeedback system implemented across two wearable 
form factors: a smart ring and a smart watch. The system provides 
real-time HRV and breathing feedback on cardio-respiratory cou-
pling and dynamically adjusts breathing guidance based on both 
signals to ensure user engagement and comfort. 



Enabling Adaptive Cardio-Respiratory Biofeedback Training on Ubiquitous Hand-Worn Devices CHI ’26, April 13–17, 2026, Barcelona, Spain 

Table 1: Comparison of Biofeedback Systems for Respiration and HRV. We compare different systems across factors like 
adaptivity of breathing guidance (✓: Adaptive, ✗: Fixed), biofeedback type, sensing modality, input device to detect physiological 
signals, and output device to display biofeedback. The table is split into fixed breathing guidance systems (top section) and 
adaptive breathing guidance systems (bottom section). 

Systems Adaptivity Biofeedback Type Sensing Modality Input Device Output Device 
Respiration HRV 

Breeze [67] and Jeong 
et al. [42] 

✗ ✓ ✗ Breathing Sound Smartphone Smartphone 

Breath of Life [21] ✗ ✓ ✗ Breathing Sound Headphone PC 
Rockstroh et al. [62] ✗ ✓ ✗ IMU VR Controller VR 
CardboardHRV [24] ✗ ✗ ✓ rPPG Smartphone VR 
Qiu [11] ✗ ✗ ✓ PPG Specialized Qiu Device Specialized Qiu Device 
Blum et al. [13] and 
Xu et al. [79] 

✗ ✗ ✓ ECG Polar Chest Strap VR 

Chao et al. [20] ✗ ✗ ✓ PPG PPG PC 
Chittaro et al. [22] ✗ ✓ ✓ Elastic Girth Sensor and 

PPG 
Elastic Girth Sensor and 

PPG 
VR 

Prabhu et al. [61] ✗ ✓ ✓ Elastic Girth Sensor and 
ECG 

Elastic Girth Sensor and 
ECG 

VR 

Breathm [73] ✓ ✓ ✗ Barometric Pressure Sensor Specialized Airbag Specialized Airbag 
ViBreathe [82] ✓ ✗ ✓ PPG Specialized Soft Device Specialized Soft Device 
BioFidget [51] ✓ ✓ ✓ PPG, Hall Sensor Specialized Fidget Spinner Specialized Fidget Spinner 
Ours ✓ ✓ ✓ IMU, PPG Smart Ring Smartphone 

3.1 Embodied Interaction Posture: Rationale 
and Design 

Because our system is deployed on a hand-worn wearable device, 
the quality of physiological sensing depends heavily on the user’s 
physical posture. In early prototyping, we observed that free-hand 
positions introduce substantial motion artifacts in both IMU-based 
respiration tracking and PPG-based cardiac sensing, preventing 
stable respiration rate and HRV estimation for real-time adaptation. 
At the same time, prior work in embodied cognition and HCI shows 
that bodily engagement can shape perception and facilitate self-
regulation. For instance, embodied cognition theory argues that 
cognitive processes are grounded in the body and are continuously 
shaped by sensorimotor experience [76], while Kirsh highlights how 
simple bodily configurations support attention and help externalize 
internal processes [46]. In breathing-related interactions specifi-
cally, Ma et al. [55] demonstrate that tactile awareness around the 
abdomen enhances users’ perception of respiratory movement and 
improves breathing-related interaction quality. 

Motivated by these insights, we designed an embodied inter-
action posture in which the user gently places one hand on the 
abdomen during biofeedback training. This posture serves two 
complementary roles. First, it stabilizes sensing: abdominal dis-
placement during breathing produces a clean IMU pattern, and 
the hand’s contact against the torso reduces gross arm motion, 
improving ring-based PPG signal stability. Second, it reinforces 
interoceptive attention. The tactile feedback of the hand following 
the rise and fall of the abdomen guides users’ awareness toward 
respiratory movement, a core component of interoceptive experi-
ence. 

3.1.1 Empirical Validation of Hand-on-Abdomen Posture . To val-
idate our choice of adopting a hand-on-abdomen posture as the 

core embodied interaction in our system, we conducted a controlled 
experiment examining whether this tactile engagement enhances 
diaphragmatic breathing and increases interoceptive awareness. 
Prior work in embodied cognition and mindful breathing suggests 
that physical contact with the abdomen may strengthen awareness 
of respiratory movement, but it remains unclear whether such a 
minimal posture produces measurable physiological changes. 

Method. Sixteen participants (10 female, 6 male; age 21–30) com-
pleted two counterbalanced breathing sessions: (1) an unconstrained 
free-breathing condition and (2) a condition where participants 
placed one hand on their abdomen. Each session is three minutes 
long. No explicit instructions on breathing technique or rhythm 
were provided. Thoracic and abdominal respiration were recorded 
using two HKH-11C belts placed at the ribcage and above the navel. 
After each session, participants completed selected items from three 
MAIA subscales (Noticing, Attention Regulation, Self-Regulation) 
using a 7-point Likert scale. 

Measures. We evaluated both objective breathing metrics and 
subjective interoceptive experience. Objective measures included 
(1) the diaphragmatic-to-thoracic breathing ratio and (2) respira-
tion rate, computed from dual respiratory belts placed at the chest 
and abdomen. To assess subjective experiential changes, we used 
selected items from the Multidimensional Assessment of Interocep-
tive Awareness (MAIA) [56], a widely used instrument for quantify-
ing interoception in mindfulness and somatic-awareness research. 
MAIA conceptualizes interoception as a set of distinct but interre-
lated abilities, including detecting internal sensations, sustaining 
attention on bodily processes, and using bodily cues to support 
emotional and mental self-regulation. Because our goal was to cap-
ture immediate experiential effects induced by hand placement, we 
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focused on three MAIA dimensions most relevant to moment-to-
moment breathing practice: Noticing (awareness of internal sensa-
tions), Attention Regulation (ability to direct and maintain attention 
on the body), and Self-Regulation (using bodily cues to regulate 
one’s state). Participants rated each item using a 7-point Likert 
scale. 

Findings. Placing the hand on the abdomen significantly in-
creased diaphragmatic breathing intensity (2.34 ± 1.58 vs. 1.12 
± 0.64; 𝑝 < 0.01) and reduced respiration rate (15.69 ± 5.40 vs. 
19.51 ± 2.69 bpm; 𝑝 < 0.05). Participants also reported significantly 
higher Noticing, Attention Regulation, and Self-Regulation scores 
(𝑝 < 0.01 for all). These results demonstrate that even minimal 
tactile contact with the abdomen strengthens interoceptive focus 
and promotes deeper, more stable diaphragmatic respiration. 

Figure 2: (a) Diaphragmatic-to-thoracic breathing ratio and 
respiration rate under unconstrained and abdomen condi-
tions. (b) Adapted MAIA scale scores. Each box represents 
the mean score of three items within the same dimension. 
Horizontal lines (—) indicate the median. Asterisks denote 
statistically significant differences between conditions based 
on the Wilcoxon signed-rank test (*p < 0.05, **p < 0.01, ***p < 
0.001). 

Design Implications. These findings empirically support the use 
of a hand-on-abdomen posture as a core interaction mechanism. 
The posture simultaneously enhances embodied awareness and 
improves respiration signal quality, enabling reliable IMU-based 
breathing detection on the hand-worn device. Moreover, the aver-
age respiration rate observed under this posture informed the initial 

breathing guidance parameters used in our adaptive biofeedback 
algorithm. 

3.2 Adaptive Strategy Design: Dual-Factor 
Closed-Loop Mechanism 

With the embodied interaction posture introduced in the previous 
subsection, our ring-based system can simultaneously capture res-
piration cycles from IMU signals and cardiac intervals from PPG 
signals. To enable real-time adaptation on wearable-grade data, 
we use lightweight preprocessing: IMU signals are band-pass fil-
tered and peak-detected to derive breathing cycles, and PPG signals 
are band-pass filtered to extract beat-to-beat intervals for HRV 
(RMSSD). Both respiration rate and HRV are computed using a 30 s 
sliding window updated every 5 s, providing a balance between 
responsiveness and physiological stability. With these two phys-
iological channels available from a single compact wearable, we 
introduce a dual-factor adaptive biofeedback mechanism that in-
tegrates real-time respiration rate tracking with longer-term HRV 
trends to continuously personalize the breathing guidance. 

The remainder of this subsection presents the rationale, math-
ematical formulation, and multi-layer control architecture of this 
adaptive strategy. 

3.2.1 Respiration Rate as Short-Term Entrainment and Stability Gate. 
Although respiration rate is estimated using the same 30 s window 
as HRV, it is used as a short-term reliability indicator. Since our 
system does not measure each user’s personal resonant frequency, 
we must initialize the guided breathing rate carefully. Prior work 
places resonant frequency between 4.5–6.5 bpm [69], and some 
systems recommend starting with the user’s natural breathing cycle 
plus an additional 0.5 s [73]. Based on these insights and the average 
natural respiration rate (≈15 bpm) observed in Section 3.1.1, we set 
the initial guidance cycle to 4.5 s. 

For each new window 𝑡 , we compute the guided breathing rate 
𝐺𝑅target and compare it with the user’s actual respiration rate 𝑅𝑅𝑡 : 

𝐸𝑡 = |𝑅𝑅𝑡 − 𝐺𝑅target | (1) 

A window is considered “entrained” if: 

𝐸𝑡 < 1 bpm 

Only when three consecutive windows (40 s) satisfy this condition 
does the system consider the user to be stably following the guid-
ance. Thus, respiration rate provides a short-term gate that 
determines whether adaptation is allowed, ensuring comfort 
and preventing premature adjustments. 

3.2.2 HRV as Long-Term Physiological Optimization Signal. In con-
trast, HRV is used to determine the direction of adaptation. We 
compute RMSSD over the same 30 s window and evaluate a multi-
window trend rather than relying on a single-window value: 

Δ𝐻𝑅𝑉𝑡 = 𝐻𝑅𝑉𝑡 − 𝐻𝑅𝑉 𝑡 −1, (2) 

where 𝐻𝑅𝑉 𝑡 −1 is an exponential moving average representing 
the user’s physiological baseline over the past 2 minutes. If res-
piration rate stability is satisfied, HRV then determines whether 
slowing the breathing rate yields improved autonomic engagement: 
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𝐺𝑅target = 

  
𝐺𝑅target − 𝛿, if Δ𝐻𝑅𝑉𝑡 > 𝜃 ↑, 

𝐺𝑅target + 𝛿, if Δ𝐻𝑅𝑉𝑡 < −𝜃↓, 

𝐺𝑅target, otherwise. 

(3) 

To avoid oscillation, we enforce a minimum 30s interval between 
updates of 𝐺𝑅target. 

3.2.3 Multi-Rate Closed-Loop Control. Even though both respi-
ration rate and HRV are derived from 30 s windows and updated 
every 5 s, their decision roles differ fundamentally: 

Table 2: Roles of Respiration Rate and HRV in the dual-factor 
adaptive mechanism. 

Component Scale 
Decision 
Basis Function 

Respiration 
Rate 

Short-term 
Single-
window 
assessment 

Evaluates entrainment and breathing stability in 
real time. Serves as a gate that determines whether 
adaptation is permitted, preventing adjustments 
when the user is not following the guidance. 

HRV Long-term 
Multi-
window 
trend 

Determines the direction of adaptation by assessing 
whether slowing or speeding the breathing rate im-
proves autonomic engagement. Only updates when 
respiration rate stability is maintained. 

This produces a natural two-timescale system: Respiration rate 
governs permission to adapt, while HRV governs direction of adap-
tation. 

3.3 Visualization Design: Lotus Flower and 
Lotus Leaf 

Our dual-factor adaptive strategy requires two interactive, real-time 
visual feedback components: one reflecting the user’s moment-to-
moment HRV and another guiding breathing at a personalized pace. 
Both elements are continuously updating responsive components 
that respond directly to the user’s physiological signals during use. 
The two elements are implemented in the form of a lotus-based 
interfaced composed of: 

Lotus Flower (HRV Biofeedback): The lotus flower dynamically 
expands and contracts according to the user’s HRV-derived aug-
mented respiration signal, providing immediate visual feedback 
on autonomic activity and cardio-respiratory coupling. Its motion 
directly mirrors real-time physiological changes, enabling users to 
perceive and adjust their state moment by moment. 

Figure 3: The lotus flower reflects the user’s HRV state: higher 
HRV results in a more open lotus, while lower HRV causes 
the lotus to close. 

Lotus Leaf (Adaptive Breathing Guidance): The lotus leaf func-
tions as the core breathing guidance cue: its opening signals abdom-
inal expansion during inhalation, and its closing signals abdominal 
contraction during exhalation. The tempo and amplitude of the 
leaf’s motion adapt dynamically to the user’s real-time breathing 
pattern and the system’s dual-factor adaptive model. Serving as the 
primary interactive cue, the leaf guides users to synchronize their 
breathing with the recommended target pace. 

Figure 4: The lotus leaf guides the user to breathe: When the 
leaf opens, it prompts abdominal expansion for inhaling; 
when it closes, it prompts contraction for exhaling. 

We chose the lotus as our visualization form factor because 
nature-inspired interfaces have been shown to promote calmness, 
reduce attentional demand, and support emotional receptivity—all 
essential for effective biofeedback training. A study by Barreiros 
et al. [8] shows that representing machine states through gentle, 
ambient natural cues—such as leaf color or foliage density—helps 
users remain informed without being overloaded or stressed by 
intrusive alerts. 

Flower-like, organic forms have been known to evoke relaxation 
and positive affect, and the lotus specifically carries cross-cultural 
associations with breathing regulation, balance, and meditative 
clarity. Drawing on research indicating that warm-colored flowers 
(specifically red and yellow) elicit significantly higher parasympa-
thetic activity and physiological relaxation compared to neutral 
colors [77], we selected the color of the lotus to be pink to maximize 
the visualization’s beneficial effects. 

Many existing biofeedback systems have embedded their biofeed-
back cues directly into immersive nature scenes, using the rhythm 
of elements like ocean waves to guide users’ breathing [13] and 
using the growth of a virtual tree [20] or flower [79] to reflect HRV. 
By grounding real-time physiological feedback in gentle, organic 
motion rather than abstract geometric forms, the lotus interface pro-
vides a calm, intuitive, and emotionally supportive user experience 
aligned with the goals of stress-regulation and adaptive biofeedback. 
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4 Integrated System Architecture and Signal 
Quality Assessment 

Our system integrates embodied interaction, dual-factor physiologi-
cal feedback, and adaptive breathing guidance into ubiquitous hand-
worn devices. The system provides real-time HRV and breathing 
feedback on cardio-respiratory coupling and dynamically adjusts 
breathing guidance based on both signals to ensure user engage-
ment and comfort. 

4.1 System Implementation 
4.1.1 Hardware Setup. We used the 𝜏 -Ring [72], which incorpo-
rates several key modules, including the IMU (ICM-42688P) and 
PPG (GH 3026) sensors, with a sampling frequency set to 25Hz. Our 
smart watch hardware prototype consists of an Arduino Uno board, 
a 6-axis IMU (MPU6050), and a PulseSensor, all housed within a 
custom 3D-printed casing. The MPU6050 provides both accelerom-
eter and gyroscope data, while the PulseSensor monitors heart 
rate. The system samples data at 25Hz, ensuring continuous and 
synchronized data collection. 

4.1.2 Data Streaming and Signal Processing. Both the ring and 
smart watch systems support real-time data acquisition and trans-
mission. To facilitate data transfer to computers or mobile devices, 
we developed a mobile application and a web application. The ring 
communicates with the mobile app via Bluetooth, streaming IMU 
and PPG data in real time. The data is then preprocessed. IMU 
signals are band-pass filtered and then go through peak detect 
to extract breathing cycles. PPG signals are band-pass filtered to 
extract beat-to-beat intervals for HRV (RMSSD). 

4.1.3 Adaptive Feedback System. Using the calculated physiologi-
cal signal, we implement a cardio-respiratory biofeedback strategy 
(detailed in Section 3.2) to compute optimal breathing guidance, 
which is visually represented through a lotus flower interface. Sim-
ilarly, the smart watch transmits IMU and PPG data to the web 
application through a computer interface, where the same biofeed-
back strategy calculates and displays the recommended breathing 
patterns in real time. 

4.2 Signal Quality Assessment 
4.2.1 Experimental Setup. We evaluated the performance of our 
ring and smart watch by comparing their physiological measure-
ments against established benchmarks. We collected data from 10 
participants who simultaneously wore the ring, the smart watch, 
and reference devices while performing hand-to-abdomen breath-
ing1 . HR and HRV were validated using the VIVALINK ECG patch. 
Respiration rate was compared with signals from a HKH-11C piezo-
electric respiratory belt. Both devices are well-established and 
widely accepted for their respective measurement applications, 
making them suitable benchmarks for our validation study. 

4.2.2 Accuracy Across Physiological Signals. For HR estimation, 
we compared two approaches: Fast Fourier Transform (FFT) and 
filtered peak detection. The peak detection method demonstrated 

1The study protocol was reviewed and approved by the university ethics review 
board. The compensation was consistent with the average earning of workers in the 
community where the study took place. 

superior performance in this task. Based on the detected peaks, we 
calculated HRV using the RMSSD (Root Mean Square of Successive 
Differences) index derived from peak-to-peak intervals. We also 
compared RMSSD with SDNN (Standard Deviation of Normal-to-
Normal Intervals) and found that the two metrics were comparable. 
We ended up using RMSSD for the final calculation of HRV since it 
is considered to be a robust measure of parasympathetic activity. 

Respiration rate was primarily detected using motion signals 
from IMU sensors. In addition to traditional IMU-based methods, 
we explored the use of PPG signals. Typically considered noise in 
stationary measurements, motion artifacts in PPG were treated as 
useful signals in this context. 

Our comparison showed that while PPG-based respiration es-
timation yielded reasonable results, it was still outperformed by 
the IMU-based approach (Table 3). Therefore, we adopted the IMU 
method for respiration detection in our subsequent system design. 

Table 3: Comparison of error metrics between smart watch 
and smart ring across different tasks and methods. 

Smart Watch Smart Ring 

Task Method MAE MAPE Task Method MAE MAPE 

HR (FFT) PPG 4.24 6.03% HR (FFT) PPG 6.28 9.19% 
HR (Peak) PPG 2.53 2.91% HR (Peak) PPG 1.61 2.35% 
HRV PPG 9.62 14.32% HRV PPG 9.07 13.5% 
RR PPG 0.743 9.97% RR PPG 0.452 6.06% 
RR IMU 0.343 4.50% RR IMU 0.236 3.11% 

4.2.3 Summary of Findings. Across the tasks of HR, HRV, and 
respiration rate detection, the ring consistently outperformed the 
smart watch. We attribute this to two main factors: 

(1) In the hand-on-abdomen posture, the ring experiences greater 
displacement due to diaphragmatic breathing, which enhances the 
accuracy of respiration detection. 

(2) For HR signal accuracy, we believe the PPG sensor in our 
prototype smart watch did not maintain as consistent skin contact 
as the ring’s sensor, leading to relatively lower signal quality. 

Based on these findings, we conclude that both the ring and 
smart watch PPG sensors are suitable for HR and HRV detection, 
and either IMU or PPG sensors can be used for respiration rate 
estimation. However, given the lower error rates, we selected the 
ring as the preferred device—using its PPG sensor for HR and HRV 
and its IMU sensor for respiration detection—to achieve optimal 
overall performance in our system. 

5 User Study: Biofeedback Training 
Effectiveness Evaluation 

In this study, we aim to assess whether ring-based adaptive cardio-
respiratory biofeedback improves the quality of biofeedback train-
ing, enhances user engagement, and reduces short-term stress com-
pared to a baseline condition. To disentangle the contributions 
of key system components—including the lotus-based visualiza-
tion, the embodied hand-on-abdomen posture, and the dual-factor 
adaptive feedback mechanism—we implemented a four-condition 
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Figure 5: Cardio-Respiratory Biofeedback Training System Design. Our cardio-respiratory biofeedback training system in-
tegrates PPG and IMU signals to extract cardiac and respiratory parameters, feeding them into an adaptive module that 
dynamically adjusts breathing guidance rates (GR) based on HRV levels and breathing alignment, providing real-time feedback 
to optimize cardio-respiratory coupling. The feedback and guidance cues are implemented in the form of a lotus-based design 
with the lotus flower corresponding to HRV and lotus leaf acting as the breathing guidance. The flower opening means high 
HRV and the flower closing means low HRV. The leaf opening guides the user to inhale and the leaf closing guides the user to 
exhale. The RF in RF Biofeedback Training and RF detection stands for Resonant Frequency. 

between-subject experiment, allowing us to examine both the over-
all system performance and the effect of each design factor inde-
pendently.2 

5.1 Participants 
The study sample comprised 48 participants (25 females, 23 males), 
aged 17 to 50 years (M = 22.98, SD = 5.11). Participants were re-
cruited via word-of-mouth and snowball sampling. All participants 
reported normal or corrected-to-normal vision and no history of 
cardiovascular or respiratory illness. To control for potential con-
founding factors, they were instructed to refrain from consuming 
caffeine within 24 hours prior to the experiment. 

5.2 Study Design and Procedure 
Study Design. The goal of this study is to evaluate the effec-

tiveness and user experience of our adaptive cardio-respiratory 

2The study protocol was reviewed and approved by the university ethics review 
board. The compensation was consistent with the average earning of workers in the 
community where the study took place. 

biofeedback system, and to understand how each of its core compo-
nents contributes to overall performance. Specifically, we examine 
three design factors: the hand-on-abdomen posture that en-
ables embodied respiration sensing, the lotus-based visualiza-
tion that delivers coordinated respiratory and HRV feedback, 
and the dual-factor adaptive feedback mechanism. Given the 
functional interdependence of the components—respiration-driven 
adaptation requires the posture, and the lotus interface is necessary 
to simultaneously present HRV biofeedback and dual-factor breath-
ing guidance—we adopt an incremental ablation design, adding one 
component at a time across conditions. This approach ensures that 
every condition represents a valid, fully operational version of the 
system, while allowing us to quantify the marginal contribution of 
each factor. Based on this design, we constructed a four-condition 
between-subject experiment, progressing from a minimal baseline 
to the fully integrated adaptive system, as shown in Figure 7. 

Device Setup. As described in previous section, the smart ring 
provided higher signal quality than the smartwatch. Therefore, in 
this study we used the smart ring together with the mobile applica-
tion. However, in the Baseline and Fixed conditions, the ring alone 
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Figure 6: Experimental setup for signal quality assessment: (a) HKH-11C piezoelectric respiratory belt (reference device), (b) 
VIVALINK ECG patch (reference device), (c) smart watch device equipped with IMU and PPG sensors, and (d) smart ring with 
IMU and PPG sensors. (e) Smart ring signal quality assessment setup. (f) Smart watch signal quality assessment setup. For the 
setups in (e) and (f) The ECG patch and the respiratory belt are worn close to the body underneath the clothing. 

could not reliably capture users’ respiration signals, and we aimed 
to analyze the alignment between users’ actual breathing and the 
guided breathing pattern. To address this, participants additionally 
wore an HKH-11C piezoelectric respiratory belt, and we synchro-
nized the two devices using a brief motion-based impulse before 
analysis. 

Study Procedure. Before the study began, participants were fitted 
with the devices, after which the ring recording was started and a 
45-second baseline HRV measure was collected. We then induced 
stress using a standard TSST protocol [4]. To ensure a compara-
ble level of stress across participants, the stress induction phase 
ended once a participant’s HRV dropped to 85% of their personal 
baseline, at which point they proceeded to the next stage. Partici-
pants were randomly assigned to one of the four between-subject 
conditions. Each participant completed a 5-minute guided breath-
ing session, using the system configuration corresponding to their 
assigned condition (Baseline, Fixed, Embodied-Fixed, or Embodied-
Adaptive). During the breathing session, both the smart ring and 
the respiratory belt continuously recorded physiological signals. 
After completing the 5-minute session, participants evaluated their 
experience with the entire biofeedback system (including 
the whole system of user interface, visualization, interac-
tion flow, and physical comfort of the devices; excluding the 
prior TSST phase). They completed the User Engagement Scale 
– Short Form (UES-SF), NASA Task Load Index (NASA-TLX), Sys-
tem Usability and Credibility (SUS) and Credibility and Expectancy 
Questionnaire (CEQ). The rationale for selecting these measures is 
detailed in the following paragraphs. 

5.3 Evaluation Metrics 
We categorized our evaluation metrics into two main groups: 

Physiological outcome measures: Objective indicators of the 
biofeedback training effect, primarily HRV changes. We recorded 
the trend of HRV throughout the training session, specifically mea-
suring: 

• ΔHRV time series: The averaged HRV trajectory over time 
for each condition, providing a direct representation of the 
system’s physiological response profile. 

• HRV rise: The magnitude of HRV (RMSSD) increase, reflect-
ing immediate training effectiveness. 

• Duration above 120% of initial HRV: The proportion of 
time during which HRV remained above 120% of its initial 
value, representing sustained physiological engagement. 

• Time to reach initial HRV + 15: The latency from the 
beginning of training to the point where HRV increases by 
15 ms. This metric captures how quickly participants enter a 
physiologically engaged state. 

• Breathing Alignment: The percentage of time during which 
the participant’s actual respiratory rate matched the guid-
ance rate within specified tolerance bands (≥95%, 90–95%, 
80–90%, <80%). Alignment is calculated as the ratio of the 
smaller to the larger of the two rates. The thresholds were 
selected based on typical respiratory rate measurement vari-
ability: ≥95% represents near-perfect synchronization within 
approximately 1.5× the sensor noise band; 90–95% indi-
cates high alignment within 3× the noise band, reflecting 
minor but acceptable deviations; 80–90% reflects moderate 
alignment where participants generally follow the guidance 
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Figure 7: Procedure of User Study: (i) HRV baseline measurement; (ii) stress induction using the TSST protocol; (iii) 5-minute 
guided breathing session under the assigned condition; (iv) completion of post-session questionnaires (UES-SF, NASA-TLX, SUS, 
CEQ). Overview of the between-subject user study design and procedure (N=48). Participants were randomly assigned to one of 
four conditions (12 per condition), varying in Visualization (Circle vs. Lotus), Posture (Hand-free vs. Hand-on-abdomen), and 
Guidance type (Fixed vs. Adaptive). 

rhythm but with noticeable timing differences; and <80% 
suggests difficulty maintaining the guided breathing pace. 

User experience measures: Subjective measures reflecting par-
ticipants’ engagement, usability, and perceived workload, including: 

• User Experience: Assessed using the User Engagement 
Scale–Short Form (UES-SF) [60], a validated instrument 
that captures four dimensions of engagement: focused at-
tention, perceived usability, aesthetic appeal, and reward. 
We selected the UES-SF because its four dimensions closely 
correspond to the cognitive and experiential demands of 
our system. We sought to evaluate whether the added de-
sign elements effectively attract users’ focused attention or 
introduce distraction, and whether the additional software 
and hardware components negatively affect perceived us-
ability. Given our distinctive visualization design, we were 
also interested in users’ aesthetic responses, captured by 
aesthetic appeal. Finally, we assessed whether these fea-
tures collectively enhance users’ subjective sense of benefit, 
reflected in reward. These dimensions together make UES-
SF well aligned with the interaction characteristics of our 
breathing tasks. 

• Perceived Workload: Measured by the NASA Task Load 
Index (NASA-TLX) [35], a widely used instrument eval-
uating subjective workload across six dimensions (mental, 

physical, temporal demand, performance, effort, and frus-
tration). We included NASA-TLX to assess whether the em-
bodied posture, additional sensing hardware, and adaptive 
interaction introduce unintended cognitive or physical bur-
den. Unlike engagement measures, NASA-TLX allows us 
to quantify potential costs of using the system—ensuring 
that performance gains from adaptivity do not come at the 
expense of increased workload. 

• System Usability and Credibility: Assessed using the Sys-
tem Usability Scale (SUS) [49] and the Credibility and 
Expectancy Questionnaire (CEQ) [25]. The SUS evalu-
ates overall usability, including perceived ease of use and 
learnability. The CEQ measures participants’ perceived cred-
ibility of the system and expectations of its effectiveness. 
We adopted SUS to evaluate whether participants found the 
system intuitive and easy to operate, given that our interface 
integrates novel visualization and feedback components. In 
addition, the CEQ was included because biofeedback efficacy 
strongly depends on users’ trust in the underlying physio-
logical mechanisms. Since our system adapts pacing based 
on personal HRV and respiration signals, measuring partic-
ipants’ perceived credibility and expectancy is essential to 
understanding whether users view the adaptive strategy as 
legitimate and effective. 
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Figure 8: Overall HRV response across all participants. 

5.4 Results 
5.4.1 HRV Response. From the HRV time series (Figure 8), we 
observe that the Fixed and Baseline groups show minimal differ-
ences, with the Fixed group exhibiting slightly higher HRV only 
toward the later part of the session. In contrast, both embodied 
conditions demonstrate a faster and larger HRV increase at the 
beginning of training compared to the non-embodied conditions. 
Throughout the entire session, the Adaptive group maintains sub-
stantially more stable HRV trajectories than all other groups. Mean-
while, all three intervention methods (Fixed, Embodied-fixed, and 
Embodied-adaptive) outperformed the Baseline condition in terms 
of peak HRV. For the HRV rise from initial to training end, 
the Embodied-adaptive condition showed a notable increase (M = 
30.2, SD = 20.6) compared to Baseline (M = 3.4, SD = 30.3), with a 
mean difference of 26.8 ms (p = 0.021). The total duration during 
which HRV remained above 120% of the initial value was longest 
under Embodied-adaptive guidance (M = 263.3 s, SD = 74.5), which 
was 47.3% higher than Fixed guidance and 76.6% higher than 
Baseline (M = 149.1 s, SD = 127.6; p = 0.015). 

5.4.2 Breathing Alignment. Breathing alignment was substantially 
higher in embodied conditions, shown in Figure 9. The Embodied-
adaptive condition achieved the best alignment, with 82% of train-
ing time at ≥80% alignment and 36% at ≥95%, indicating near-
perfect synchronization with the dynamically adjusted guidance. 
Embodied-fixed showed similarly strong results (79% at ≥80%, 
27% at ≥95%). 

In contrast, the Fixed condition exhibited the poorest align-
ment, with only 50% of time at ≥80% and 50% below the acceptable 
threshold. The Baseline condition fell in between (61% at ≥80%). 

Figure 9: Distribution of Breathing Pacing Adherence. A com-
parison of participants’ breathing synchronization accuracy 
across the four experimental conditions. The stacked bars 
illustrate the percentage of session time spent in four dis-
tinct adherence tiers: High (≥95%), Good (90–95%), Moderate 
(80–90%), and Low (<80%). Among the four conditions, the 
Embodied-adaptive condition achieved the best alignment. 
Among the three factors, the addition of the Embodied pos-
ture allowed for the strongest breathing adherence results. 

5.4.3 User Experience. The Aesthetic Appeal dimension of UES-
SF showed significant differences across conditions. All three inter-
vention methods (Fixed, Embodied-fixed, and Embodied-adaptive) 
received higher aesthetic ratings than Baseline (Baseline vs. Fixed: 
𝑝 = 0.025; Baseline vs. Embodied-fixed: 𝑝 = 0.008; Baseline vs. 
Embodied-adaptive: 𝑝 = 0.006). Other UES dimensions—Focused 
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Figure 10: Comparison of HRV metrics across four conditions. Bars represent the mean values with error bars indicating the 
standard error of the mean (SEM). Asterisks denote statistically significant differences between pairs of conditions based on 
independent-samples t-tests (*p < 0.05, **p < 0.01, ***p < 0.001). The Lotus UI and the adaptive strategy both increase HRV rise. 
All three factors contribute to maintaining a more desirable physiological state and enabling users to reach this state more 
quickly. 

Attention, Perceived Usability, and Reward—did not show signifi-
cant differences between conditions, indicating that these added 
factors did not impair users’ focused attention or usability. 

5.4.4 Perceived Workload. The NASA-TLX results revealed that the 
Fixed condition consistently produced the highest workload scores 
across multiple dimensions. Specifically, Fixed guidance was associ-
ated with significantly higher Mental Demand compared to Base-
line and Embodied-adaptive conditions, and significantly higher 
Physical Demand compared to Embodied-adaptive. The Perfor-
mance dimension (self-assessed task success, reverse-scored) was 
significantly worse under Fixed guidance compared to both Em-
bodied conditions. Frustration was also significantly higher for 
Fixed compared to Baseline. No significant differences were ob-
served for Temporal Demand across conditions. These results in-
dicate that the three added components—the lotus visualization, 
the embodied hand-on-abdomen posture, and the adaptive pacing 
mechanism—did not introduce additional cognitive burden. 

5.4.5 System Usability and Credibility. All four conditions showed 
comparable scores on the System Usability Scale (SUS), with 
mean scores ranging from 5.40 to 5.52 (out of 7), indicating that the 
different guidance modalities did not negatively impact perceived 
usability. Similarly, the CEQ (Credibility and Expectancy) ques-
tionnaire showed no significant differences between conditions, 
suggesting that participants perceived all methods as similarly 
credible for achieving relaxation outcomes. 

5.4.6 Overall Preference. Participants’ post-experiment rankings 
indicated a strong preference for the Embodied-adaptive condition, 
shown in Figure 12. It was selected as the top choice (Rank 1) by 
60% of participants, with only 8% rating it as the least preferred. 

Conversely, the Baseline condition was rated as the worst (Rank 
4) by 62% of participants. The intermediate conditions showed a 
preference for the embodied posture; the Embodied-fixed condition 
received a substantial number of Rank 2 ratings (33%), whereas the 
Fixed condition was most frequently placed in Rank 3 (44%). 

Figure 12: Distribution of participant preference rankings 
across four conditions. Participants ranked each experimen-
tal condition from 1 (Best) to 4 (Worst) upon completion of 
the study. The stacked bar chart illustrates that the Embodied-
adaptive condition was the most preferred, with 60% of par-
ticipants ranking it as their top choice (Rank 1). Conversely, 
the Baseline condition was the least preferred, designated 
as Rank 4 (Worst) by 62% of participants. The Fixed and 
Embodied-fixed conditions occupied the intermediate pref-
erence tiers, with mixed rankings primarily distributed be-
tween Rank 2 and Rank 3. 
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Figure 11: Comparison of subjective evaluation metrics across four experimental conditions. (a) NASA-TLX results indicate that 
the Fixed condition imposed significantly higher workload, specifically in Mental Demand, Performance (perceived failure), 
and Frustration, compared to the Embodied-adaptive condition (*p < 0.05). (b) UES-SF results highlight that regarding Aesthetic 
Appeal, all three visual intervention conditions (Fixed, Embodied-fixed, Embodied-adaptive) were rated significantly higher 
than the Baseline (**p < 0.01 for Embodied conditions). (c) SUS and CEQ results show no statistically significant differences, 
suggesting comparable perceived usability and credibility across the intervention designs. Box plots represent the median and 
interquartile range (IQR), with whiskers extending to 1.5 × IQR. Asterisks indicate statistically significant differences between 
conditions based on the Mann-Whitney U test (*p < 0.05, **p < 0.01, ***p < 0.001). 

5.5 Findings 
We organized the results according to specific outcome dimensions: 
Drawing from the results, we synthesized the contribution of each 
factor to the biofeedback training outcomes. 

5.5.1 Visual Design of the Lotus: Enhanced Affect but Increased 
Workload. Comparing the Fixed and Baseline groups, introducing 
the Lotus visualization improved HRV rise—particularly in the later 
stages of training—and received high aesthetic ratings, with many 
participants expressing strong preference for the design during 
interviews. However, because the interface differs from conven-
tional breathing guides, it imposed additional mental workload and 
may have contributed to reduced alignment with the breathing 
guidance. 

5.5.2 Embodied Interaction Posture: Enhanced Respiratory Align-
ment and Faster Physiological Engagement. Both embodied condi-
tions exhibited a noticeably faster and larger initial HRV increase 
compared to the non-embodied conditions, indicating that the pos-
ture helped participants enter a physiologically engaged state more 
rapidly. Embodied posture also yielded markedly better breathing 
alignment: both Embodied-fixed and Embodied-adaptive achieved 

higher proportions of time at strong alignment levels (≥80% and 
≥95%) compared to Baseline and Fixed. This suggests that placing 
the hand on the abdomen reinforced participants’ perception of 
their breathing rhythm and depth, enabling more consistent syn-
chronization with the guided rate. Overall, these results highlight 
that the embodied interaction posture serves as an effective mech-
anism for grounding users in their bodily sensations, facilitating 
more stable entrainment and amplifying the benefits of both fixed 
and adaptive guidance. 

5.5.3 Adaptive Strategy: Improved Stability, Sustained Engagement, 
and Superior Entrainment. The adaptive pacing strategy consis-
tently outperformed all other conditions across both physiological 
and behavioral measures. It enabled participants to enter a reg-
ulated state more quickly while also producing more sustained 
training effects. Participants in the Embodied-adaptive condition 
demonstrated the most stable HRV trajectories throughout the ses-
sion, with substantially reduced fluctuations compared to both fixed 
and non-embodied groups, indicating that adjusting the breathing 
rate in real time helps users maintain a more stable and manage-
able physiological state. Adaptive pacing also achieved the highest 
breathing alignment among all groups: participants maintained 
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≥80% alignment for 82% of the session and ≥95% alignment for 
36% of the session, reflecting near-perfect synchronization with 
the guided rhythm. Although the adaptive method introduces the 
most interaction requirements (including a more complex UI, pos-
ture maintenance, and a dynamic guidance mechanism), its overall 
workload scores were nonetheless lower than those of the Fixed 
and Embodied-fixed groups, and not significantly different from 
Baseline. This suggests that the improved breathing experience af-
forded by adaptivity allowed participants to relax more effectively, 
thereby reducing their perceived workload. 

5.5.4 System-Level Effectiveness: Combined Impact of All Compo-
nents. Across all outcome measures, the fully integrated Embodied-
adaptive condition consistently produced the strongest performance. 
It yielded the largest HRV gains, the highest levels of breathing 
alignment, and the lowest perceived workload among the four 
conditions. These results indicate that visual guidance, embodied 
interaction, and adaptive pacing collectively contribute to improved 
cardio-respiratory training outcomes when used together. While 
each component offers measurable benefits on its own, their com-
bined use produced the most robust physiological and experiential 
improvements observed in the study. 

6 Discussion 

6.1 Feel Your Signals: Integrating Embodied 
Interaction and Wearable Physiological 
Sensing 

The first loop in this system is the inner loop of action and cog-
nition. Human actions are shaped by cognition, while actions in 
turn influence cognition. According to embodied cognition theory, 
off-line cognition is grounded in the body [76]. Just as biofeedback 
makes physiological signals visible to enhance consciousness and 
self-regulation, direct bodily perception can also strengthen aware-
ness and support better control over one’s physiological state. In 
the design rationale section, we demonstrated this through hand 
placement, which amplified diaphragmatic breathing by enhancing 
awareness via embodied interaction. 

In our system design, we extend this principle by integrating 
embodied interaction with physiological sensing through 
a hand-worn device. This integration illustrates that whenever 
embodied interaction engages a specific part of the body, wearable 
devices can function as bodily extensions to capture additional 
dimensions of physiological signals and deliver feedback. Such 
feedback, combined with the heightened bodily awareness fostered 
by embodied interaction, jointly shapes users’ cognition of their 
current state. This cognitive shift, in turn, influences their physio-
logical conditions and subsequent behaviors. 

6.2 Designing for Synergy: How Multimodal 
Components Work Together to Enhance 
Biofeedback 

Our findings show that the three core design components—visual 
feedback, embodied interaction, and adaptive pacing—each con-
tribute distinct yet complementary benefits that collectively strengthen 

the effectiveness of cardio-respiratory biofeedback. The Lotus visu-
alization enhances affective experience and supports long-term 
HRV improvement; the embodied posture deepens respiratory 
awareness and improves entrainment; and the adaptive mecha-
nism stabilizes physiological responses and sustains engagement 
by dynamically aligning guidance with users’ moment-to-moment 
states. Importantly, these components do not merely add indepen-
dent advantages—they interact synergistically. The fully integrated 
Embodied-Adaptive condition yielded the highest HRV gains, the 
strongest breathing alignment, and the lowest perceived workload, 
demonstrating that combining multimodal cues, bodily engage-
ment, and real-time physiological adaptation creates a more robust 
and user-centered biofeedback experience. This synergy validates 
our system design rationale and highlights the importance of ap-
proaching biofeedback as an integrated interaction ecology rather 
than a single-modality intervention. 

6.3 More Insights, Not More Devices: Lowering 
the Barrier to Pervasive Health Monitoring 

Modern health monitoring technologies are evolving in two main di-
rections: toward more accurate sensing methods and toward more 
accessible deployment in everyday health management applica-
tions. Wearable devices primarily enable the latter. While dedicated 
devices have supported biofeedback, real accessibility comes from 
wearable devices already embedded in people’s routines. This is 
why we chose to bring our system onto general-purpose wearable 
devices. Smart rings and smart watches exemplify viable platforms, 
and our signal quality assessments confirm that any device integrat-
ing both IMU and PPG sensors can support the same functionalities. 

In this study, we prioritized IMU-based respiration detection due 
to its superior accuracy over PPG. However, our evaluations also 
demonstrated that respiration can be reliably derived from PPG 
alone. Notably, our method repurposes motion artifacts—typically 
considered noise—as a novel signal source for respiration detec-
tion. Combined with heart rate data obtained via PPG, this en-
ables cardio-respiratory biofeedback training even on de-
vices equipped solely with PPG sensors. Reducing sensor re-
quirements while maintaining functionality is central to our vision 
of democratizing biofeedback for real-world, everyday use. 

6.4 Limitations 
This work has several limitations that also point to promising direc-
tions for future research. First, our evaluation focused on short-term 
effects measured immediately after system use. While these findings 
demonstrate the feasibility and immediate impact of the system, 
they do not provide evidence regarding its long-term efficacy. Fu-
ture studies should therefore incorporate longitudinal designs to 
assess sustained benefits over extended periods of practice. Second, 
in the user study, we conducted user experiments only with the 
smart ring. Although this choice highlights the potential of emerg-
ing wearable form factors, it leaves open the question of whether 
similar effects can be replicated with the smart watch-based imple-
mentation. Extending the evaluation to include smart watch users, 
and eventually translating the system to smartphones—the most 
ubiquitous personal devices—would greatly enhance accessibility 
and generalizability. Third, the current adaptive biofeedback design 
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primarily relies on motion-based respiration monitoring, which 
can capture breathing rate but only indirectly reflects depth. Our 
results suggest that respiration depth can also be reliably estimated 
from motion signals. Leveraging this indicator as an additional 
feedback channel could enable more fine-grained adaptive control, 
allowing the system to dynamically tailor both breathing frequency 
and depth to optimize training outcomes. 

7 Conclusion 
This work presents a novel approach to dual-factor cardio-respiratory 
biofeedback through a hand-worn device, integrated with an 
embodied interaction paradigm. We demonstrated that a wear-
able system dynamically adapting to both cardiac and respiratory 
signals can significantly enhance physiological outcomes, while a 
simple, intentional posture like hand-on-abdomen serves to both 
deepen the user’s mind-body connection and improve signal quality. 
Together, these contributions create a more effective, engaging, and 
ecologically valid pathway for personalized biofeedback, enabling 
better accessibility for users in their everyday environments. 
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A Use of Generative AI Tools 
For this work, generative AI tools were used in a limited and re-
sponsible manner: 

• Text: ChatGPT 5.0 was used only for grammar checking and 
language polishing to improve the clarity and readability of 
the manuscript. 

• Figures: We use ChatGPT 5.0 for generating illustrative 
simulated character images in Figure 1, 5 and 7, to visually 
support the manuscript. 

No AI-generated content was used to generate experimental 
data, results, or any interpretive content. 
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