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Abstract

Heart rate variability (HRV) biofeedback training is
known for its effectiveness in improving physical health,
emotional health, and resilience by the ability to regu-
late heart rhythm. However, there are various challenges
in delivering and interpreting the biofeedback informa-
tion, which prevents an optimal experience. Therefore, this
study presents the fundamentals of developing a real-time
HRV biofeedback system using deep breathing exercise by
exploring the minimum time window of RR-intervals re-
sulting in a reliable analysis. Moreover, it investigates the
appropriate HRV measures by examining the significant
changes between resting and breathing conditions and the
trends consistency across ultra-short-term segments. The
overall results suggest that a minimum time window of 20-
seconds can provide a reliable HRV time–domain analy-
sis. Whereas the possible HRV measures that can be used
in a real–time biofeedback system are SDNN, LF, and to-
tal power. These outcomes will contribute to the design
of a self–monitoring HRV biofeedback system based on a
multi–modal approach.

1. Introduction

Biofeedback therapy has emerged from the intersection
of the medicine and psychology disciplines as a treatment
for mental and physical health conditions. As the term im-
plies, the conceptual meaning is “feeding back” biologi-
cal information to the user in order to involuntarily reg-
ulate the physiological activities and body function [1].
Ostensibly, the feedback information is presented via ex-
ternal interfaces such as visual, audio, or haptics. One of
the prevalent biofeedback approaches is devoted to regu-
lating the cardiac activity by generating RR oscillations
with a sinusoidal-like waveform representing the instan-
taneous heart rate. More specifically, the increase and de-
crease of heart rate variability are accompanied by breath-
ing where inhalation and exhalation activate sympathetic
and parasympathetic nervous systems respectively [2].

Over the last few decades, heart rate variability (HRV)

has become a vital non–invasive indicator of the health
state, reflecting the balance of the autonomic nervous sys-
tem [3]. HRV is determined by the time interval between
two consecutive heartbeats, with a lower value of HRV
(less variations in the heartbeats) implying that a person
suffers from stress, mental or physical disease. In HRV
biofeedback, the ultimate aim is to maximise the oscilla-
tions of HRV, which can be achieved by following slow
breathing rate exercises. Commonly, the rate at which
the HRV reaches the maximum is called the resonant fre-
quency. Lehrer et al. proposed a resonance breathing
protocol to train participants using an HRV biofeedback
technique through multiple sessions [4]. This protocol has
been widely used by researchers to investigate the long-
term impact of HRV biofeedback on physical and cogni-
tive performance.

Therefore, in this paper, we seek to establish a case for
the feasibility of deploying an advanced real–time HRV
biofeedback system for self–monitoring to improve health
and wellbeing. First, we explore the minimum time win-
dow of RR-intervals resulting in a reliable HRV analysis.
Second, we investigate the appropriate HRV measures by
examining the significant changes between resting, stress
and breathing conditions and the consistency of the trend
across ultra-short time segments.

2. Background

The growing demand for improving the mental health
status of individuals, along with the recent development of
wearable technologies has increased interest in real–time
health monitoring systems, thus providing new approaches
to take immediate actions and/or avoid certain events from
occurring. As discussed earlier, HRV is a good indication
of stress levels and physical health; however, a minimum
window of 5-minutes as currently recommended for short
term HRV monitoring does not conform to real–time re-
quirements. Therefore, researchers investigated the reli-
ability of ultra-short-term analysis (i.e. segments of less
than 5-minutes) in the context of assessing mental stress
levels [5, 6]. For instance, Munoz et al. carried out a thor-
ough validity test for ultra-short-term analysis of segments
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with durations of 2-min, 30-seconds, and 10-seconds using
correlation test, Bland-Altman analysis, and Cohen’s d [7].
With a three averaged 10-seconds segment, they achieved
high correlation coefficients with the standard 5-minute in-
tervals (r=.86 for SDNN, and r=.94 for RMSSD). How-
ever, this study was limited to RMSSD and SDNN mea-
sures only from time-domain during a resting condition.

Castaldo et al. [8] followed the reported guidelines in
[9] and discussed the results of time-domain, frequency-
domain, and non-linear measures in 3-min, 2-min, 1-
min, and 30-seconds during rest and stressed phases to be
used in an auto-detect stress classifier. They found that
MeanNN, SDNN, HF, and SD2 presented a great consis-
tency across all shorter segments and a high correlation
with the 5-minute recordings. In the 30-second segments,
the computation of some of the HRV measures, such as LF,
HF and LF/HF, led to erroneous values due to an insuffi-
cient number of samples. In fact, Malik et al. pointed
out that for spectral analysis, the length of the segment
should be ten times the wavelength of the lower bound
frequency of the investigated spectral band [10]. Never-
theless, Shiraishi et al. explored the possibility of visual-
ising the power spectrum of HRV during exercise using an
autoregressive method in real–time [11]. They selected a
moving window of 30-seconds, and the analysis was up-
dated with every heartbeat. Moreover, Yu et al. used real–
time HRV analysis in the context of biofeedback with a
window of 16 beats including a full respiratory cycle [12].

3. Methods

3.1. Experiment design

A controlled experiment was designed to collect short-
term HRV recordings using a PPG-based sensor device
with a sampling rate of 500 Hz. There were three different
conditions: 1) at rest as a baseline measurement, 2) during
a mentally stressed task, and 3) during deep breathing as
a post-stress recovery exercise. After data collection, the
HRV recordings passed through three main stages, includ-
ing signal filtering, segmentation, and HRV analysis, as il-
lustrated in Figure 1. Each RR recording was divided into
shorter time segments of 120, 60, 30, 20 and 10 seconds.
To assess the reliability of ultra-short-term analysis (<5
min), the HRV measures of each segment were compared
to the standard 5 minutes as a benchmark using Pearson’s
correlation test and supported by Bland-Altman analysis.
Since the RR intervals in slow-paced breathing tend to be
a periodic signal, we hypothesised that the correlation with
the benchmark in the breathing condition would be higher
compared to the other conditions. Moreover, a multilevel
linear model statistical test and Tukey posthoc analysis
were performed to evaluate the appropriate HRV measures
representing the influence of stress and deep breathing on

RR recordings. Also to ensure the trend consistency across
ultra-short-term segments with the benchmark. The signif-
icance level was selected to be 5%.

Figure 1: High-level architecture of the experimental study

3.2. Procedure

The experiment sessions were conducted in the daytime
over several days from 9:30 am to 12:30 pm, where each
session lasted for 35 minutes. The experimental study con-
sisted of collecting HRV under 1) a controlled condition to
establish a baseline measurement, where the participants
were instructed to sit quietly and breathe naturally for six
minutes, 2) a mental stress task based on the Trier Social
Stress protocol [13] with a duration of 15 minutes, and 3) a
post-stress activity. During the stress condition, the partic-
ipants had 5 minutes to mentally prepare for the speaking
task without taking written notes, then 5 minutes to deliver
the talk. The last 5 minutes were dedicated for the men-
tal arithmetic task, in which they were asked to subtract
13 from 1022 sequentially. The post-stress activity was
mainly a deep breathing exercise for six minutes, which
aimed at reducing stress by regulating the heart rate and in-
creasing the HRV. The participants were asked to breathe at
a rate of 7 breaths per minute with the same inhale/exhale
ratio by following an illustrative guide of opening and clos-
ing a circle from a deep breathing mobile-based applica-
tion.

3.3. Participants

The HRV data of 20 healthy participants (age range: 20-
36 years) from Queen Mary University of London were
included in the experimental analysis. Out of them, 11
were male (mean age: 27.6±4.3), and 9 female (mean age:
27.9±2.2). To minimise any external factors that may af-
fect the measurements of the cardiac activity, the partic-
ipants were asked to avoid alcohol, coffee, heavy meals,
and intensive workouts for the last 24 hours before the
experiment [14]. Also, a questionnaire was provided to
the participants asking about their physical health, fitness
level, sleeping routine, and alcohol/coffee intake as rec-
ommended by Quintana et al. [15]. All participants were
informed about the nature of the experiment and signed a
written consent form.
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Table 1: Correlation coefficients of HRV measures for baseline and deep breathing conditions

Feature Baseline Breathing
120 60 30 20 10 120 60 30 20 10

MeanNN .99 .98 .95 .95 .95 1.00 .97 .94 .97 .96
SDNN .93 .86 .41 .32 .17 .98 .90 .87 .88 .83

RMSSD .92 .83 .53 .43 .22 .96 .89 .80 .75 .69
PNN50 .96 .93 .77 .72 .58 .98 .91 .82 .82 .67

HF .91 .84 .40 .37 .35 .94 .87 .83 .56 .46
LF .83 .73 .57 .36 .21 .95 .97 .85 .83 .61

LF/HF .86 .73 .47 .40 .32 .91 .87 .72 .49 .41
TotPow .89 .81 .45 .24 .19 .95 .94 .83 .84 .55

4. Results

4.1. Reliability of ultra-short-term analysis

A Pearson correlation test was used to assess the reli-
ability of ultra-short-term analysis in baseline and deep
breathing conditions as summarised in Table 1. Overall,
it can be observed that all HRV measures in the breath-
ing condition maintained a higher significant relationship
with the 5-min recording in contrast with the baseline mea-
surements. At the 20s segment, 5 out of 8 HRV mea-
sures in the breathing condition had significant relation-
ships with the 5 minutes interval with correlation coeffi-
cients of greater than 80%. However, in the baseline con-
dition, the only measure that maintained a significant rela-
tionship with the benchmark across all time scales was the
MeanNN, r10s, r20s = .95, p < .05.

4.2. Influence of deep breathing on HRV

A multilevel linear statistical test was performed to eval-
uate the influence of stress and deep breathing on HRV
measures. The main findings of this analysis suggested
that MeanNN and SDNN from the time domain and LF,
LF/HF and the total power had a significant effect at
5% (all p-values<.05) across all time segments. Tukey
posthoc analysis revealed that SDNN, LF, LF/HF, and total
power were significantly higher during the deep breathing
exercise compared with the baseline measurements. Fig-
ure 2 depicts the increase in SDNN and LF power in the
breathing condition via boxplots.

Further, the trend analysis of the average HRV measures
during the deep breathing activity was investigated on each
time segment as outlined in Table 2. Overall, SDNN, LF,
LF/HF, and total power significantly increased in the deep
breathing condition, and they were consistent across all
time-scales. Although the MeanNN had a significant de-
crease from resting to stress states, it increased during deep
breathing and reached a value that was close to the base-
line.

(a): SDNN measure

(b): LF power measure

Figure 2: Boxplot of SDNN and LF power measures

5. Selection Criteria

To select the appropriate HRV measures and the min-
imum time window for a reliable HRV analysis. We as-
sessed if all of the following criteria were met. First, if
there is a significant relationship between the different time
segments and the standard 5-minute intervals with correla-
tion coefficients of greater than 80%. Second, if there is an
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Table 2: HRV Trend Analysis

Feature Breathing
300 120 60 30 20 10

MeanNN ≈ ≈ ≈ ≈ ↑ ↑
SDNN � � � � � ↑
RMSSD ↑ ↑ ↑ ↑ ↑ �
PNN50 ↑ ↑ ≈ ≈ ↑ ↑
HF Power ≈ ≈ ≈ ↑ ↑ �
LF Power � � � � � �
LF/HF � � � � � �
TotalPow � � � � � �

(↑, ↓) indicates the direction of the change from the baseline
(�,�) indicates the significance of the change
(≈) indicates there was no change in the state as compared to the baseline.

acceptable mean difference between the shorter time seg-
ments and the standard 5-minute intervals with bias of less
than 5%. Third, if there is a significant change between
resting and breathing phases, i.e. the p-value of the statis-
tical test, is less than 5%. Finally, if there is a consistent
trend of the average value across all time segments in the
deep breathing condition.

6. Conclusions and Future Work

In summary, the most appropriate HRV measures for
slow paced-breathing are SDNN and LF power attributes.
This can be combined with the instantaneous RR intervals
or the MeanNN to provide more insights about the balance
of the autonomic nervous system. Also, one important de-
sign constraint is the shortest reliable time window for the
HRV analysis. From this study, it can be concluded that
the shortest time segment that can be used is 20s for time–
domain analysis. However, it is essential to ensure the in-
clusion of at least one breathing cycle. The outcomes of
this study will contribute to the design of a self–monitoring
HRV biofeedback system based on a multi–modal inter-
face, including visual, audio and/or haptics.
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