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Abstract
Human confidence reflects a positive self-perception and

balanced autonomic nervous system response. In this paper,
we present a three stage approach to detect human confidence
level by computing the heart rate from speech signals. First
stage involves extraction of breathing patterns from speech us-
ing a pre-trained model followed by stage 2, where the heart
rate is extracted using Independent Component Analysis (ICA)
on the breathing patterns. Finally in stage 3, an analysis of
heart rate values indicating human confidence levels is done.
To the best of our knowledge, this is the first time ever, with
our experiments, empirically it is found that heart rate extracted
from speech carries information related to the confidence of the
candidate. We observe that, on an average, confident speakers
have 10 beats per minute lower heart rate as compared to non-
confident speakers.
Index Terms: health informatics, heart-rate, independent com-
ponent analysis, speech-breathing, human-confidence

1. Introduction
The ability to determine the confidence of a person is of
paramount importance in several soft-skill assessing use-cases,
for example during an interview. Speech is a communica-
tion modality that is non-intrusive and easy to gather during
a human-human or a human-machine conversation. Though
not directly related, it is well known that there is a correlation
between the physiological signal, namely heart rate (HR), and
self-esteem, a psychological state of an individual [1]. In this
paper, we propose deriving HR, from spoken speech signal to
assess human confidence. While it is essential to utilize mul-
tiple modalities to gain a comprehensive understanding of an
individual’s psychological state, HR extracted from speech can
serve as an additional valuable indicator of human confidence.

1.1. Human Confidence & HR:

The relationship between confidence and HR has been explored
in literature. A thorough investigation carried out in [1], shows
a consistent pattern that individuals with heightened self-esteem
consistently exhibit lower HR levels across diverse time points.
Another study extends this exploration to unveil the nuanced
connections between self-esteem and HR during a social per-
formance task [2]. Notably, speakers displaying elevated HR
prior to a jury presentation are found to experience a simulta-
neous decline in confidence and a surge in self-reported anxiety
[3]. Moreover, individuals characterized by high socially pre-
scribed perfectionism showcase heightened HR responses when
confronted with negative feedback, coinciding with diminished
confidence levels [4].

1.2. HR Detection from Speech:

Numerous studies have highlighted the relationship between
human speech and physiological parameters, HR. For instance,
though the accuracy of the method was not discussed, estima-
tion of HR through statistical analysis of speech signal was ex-
plored in [5]. A data mining approach was employed by [6],
to establish a connection between HR and vocal frequency, us-
ing multiple speech recordings, albeit from only two speakers.
Along similar lines, [7] demonstrated that fluctuations in vocal
fundamental frequency (F0) could be attributed to the influence
of heartbeats. Additionally, [8] investigated the estimation of
HR and skin conductance using speech features and machine
learning techniques. While the performance was moderate in
terms of performance accuracy, they established the relevance
of MFCC features for HR estimation from speech. Another ap-
proach, presented in [9], focused on detecting HR using speech-
derived breathing (SDB) patterns for seven speakers.

1.3. Human Confidence Detection from Speech:

The studies [10, 11, 12] focused on detecting confidence expres-
sions from speech signals. They found that parameters like F0,
amplitude, speech rate, duration, and harmonic-to-noise ratio
played a crucial role in classifying confidence levels, achiev-
ing a 62% accuracy in speaker-independent analysis. Another
study [13] explored the influence of vocal speed, intonation,
and pitch on the perception of confidence; they concluded that
higher speech rates, falling intonation, and lower pitch indicated
high speaker confidence. Confidence expressions in 195 chil-
dren aged between 10-14 years was studied in [14] by analyz-
ing a spoken paragraph. They used acoustic features like pause,
pitch, and speech rate with a random forest regressor, achieving
65% accuracy for three-class classification and 82% for binary
classification (combining high and medium classes as high).
However, this analysis focuses on evaluating students’ comfort
with the language and may not directly assess a speaker’s self-
efficacy in responding to unknown scenarios.

In this paper, we present a three stage framework to esti-
mate human confidence from spoken speech. We first derive the
breathing patterns from the speech signal (Stage #1), followed
by HR from the breathing signal (Stage #2) and mapping HR
to confidence (Stage #3). This is the main contribution of the
paper. We explain in details the three stage approach to derive
confidence from speech signal and evaluate the performance on
real data.

2. Proposed Approach
The proposed three stage approach is shown in Figure 1. In
Stage #1, breathing patterns b are derived from the speech sig-
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nal s(t). A pre-trained model, SBreathNet [15] takes a
speech signal s(t), sampled at 16 kHz as input and generates
a breathing pattern b at 50 Hz. In Stage #2 HR h is extracted
at 50 Hz (fhr) from the b. The final Stage #3 adopts these h to
estimate the human confidence level (binary class: c+, c−).

SBreathNet
HR 

Extractor

Confidence 

Detector
s(t)

b h
{c+ , c-}

Stage #1 Stage #2 Stage #3

Figure 1: Stage #1 detects breathing patterns b from speech
signal s(t), HR h is detected in Stage #2 from b and finally in
Stage #3 h is analysed for human confidence

2.1. Datasets

The three datasets used for conducting this study were col-
lected by authors. The study analyses HR values, a physiologi-
cal signal, to assess human confidence levels derived from s(t).
Hence, extracting b, another physiological signal, from s(t)
appeared to align closely with our objectives. Considering that
the labeled confidence dataset reflects the Indian demographic,
we opted for a pre-trained model SBreathNet, developed on
a dataset from the same demographic for consistency.
Stage #1 Dataset (D1): In Stage #1, the pre-trained model
SBreathNet is trained using data from 100 college students
(69 male; 31 female) aged between 18 to 23 years as described
in [16]. Time-synchronized speech s(t) and breathing signal
b(t) is captured using a condenser microphone and ADInstru-
ments’ respiratory belt transducer. The transducer is positioned
4 centimeters (cm) below the collarbone, and the microphone
is placed approximately 4 cm from the mouth. Additionally,
physiological parameters like pulse rate and blood pressure are
also recorded, to ensure all speakers showed normal readings.
speakers are seated and given 2 minutes to relax before they are
asked to read a couple of phonetically balanced Harvard sen-
tences [17]. Each speaker takes around 2-3 minutes to read
them. Since the device supports single sampling rate for all
the channels, both speech and breathing signals are sampled at
40 kHz; speech is down-sampled to 16 kHz and breathing to 50
Hz.
Stage #2 Dataset (D2): A speech dataset is collected from 41
speakers to investigate the relationship between speech signals
and HR dynamics. The dataset is collected in two parts. First
part uses a commonly available wearable device (Apple Watch)
to collect HR data hence referred to as wearable device-based
HR dataset (WD-HRD). The second part follows a clinical setup
where HR is measured using highly accurate instruments, hence
referred to as Clinical ECG-Based HR dataset (C-ECG-HRD).
The goal is also to assess if wearable, while being commonly
available and cost-effective, can serve as an alternative to ex-
pensive clinical setups, which are not always readily accessi-
ble. In WD-HRD, HR is continuously measured from 15 speak-
ers while in C-ECG-HRD, ECG signals are acquired from 26
speakers using the ADInstruments ECG kit, consisting of four
limb leads placed on the left and right wrists and ankles. HR
is extracted for every 5 seconds (s) of ECG data using a peak
detection algorithm [18]. In both setups, the speakers are phys-
ically fit individuals with no known cardiovascular conditions,
and informed consent is obtained prior to data collection. Each
speaker reads aloud a phonetically balanced text passage, as
used in [16], while synchronized s(t) and h(t) are recorded.
Speech is captured using a condenser microphone positioned

approximately 4 cm from the speaker’s mouth. and the recorded
duration varies from 60 to 120 s per speaker resulting in 12
(60/5) to 24 (120/5) HR samples. The cohort includes 10 fe-
male and 30 male subjects aged between 25 and 40 years. This
age range is chosen to minimize confounding factors related to
age-associated physiological changes affecting cardiovascular
and speech production mechanisms. All speech recordings are
in wav format, sampled at 40 kHz, and down sampled to 16
kHz using sox.
Stage #3 Dataset (D3): A dataset of 51 individuals in the age
group 22 to 30 years is collected with labels of confidence lev-
els as described in [19]. The speech data is collected through
video phone calls at a sampling rate of 16 kHz. Each inter-
view session consists of five questions designed to elicit vary-
ing levels of confidence. speakers are unaware of the questions
beforehand, ensuring spontaneous responses. Responses are la-
beled by the speaker as well as three additional researchers into
two categories: confident (c+) or non-confident (c−). The an-
notators, two females and one male, aged between 30 and 40,
work in behavioral studies and are Indian. Labels are deter-
mined by majority voting, with one label per response. Speech
extracted from these audio-visual responses is used henceforth
for the current analysis. Out of 255 responses (51 individuals
× 5 questions), at least two researchers’ labels match those of
the candidates. This results in a majority vote of three out of
four for all responses. There are 37 c−responses (14% of total
responses) and 218 c+responses.

2.2. Methodology

Figure 2 explains the three stage approach to analyse human
confidence levels computed from HR derived from speech signal
s(t).

2.2.1. Extracting b from s(t)

In Stage #1, SBreathNet, the pre-built model, extracts SDB
patterns (b) for every non-overlapping 5 s of s(t). The b has
a dimension of (N, 250) where N represents the number of
5 s chunks in s(t) and 250 is the embedding size output by
SBreathNet model. We use SBreathNet to extract SDB
patterns from datasets D2 and D3. Note that this yields b for
dataset D2 along with the ground truth HR and b for dataset D3
with ground truth confidence labels (c+, c−).

2.2.2. Extracting h from b

As seen in Figure 2, the SDB patterns ({bi}Ni=1) are passed
through the HR extractor. A signal processing technique, de-
scribed below allows for extraction of h from b.

As a first step, we employ the well known Independent
Component Analysis (ICA) to extract the HR and respiration
signals from the SDB patterns, bi. Note that, bi can be regarded
as a linear combination of multiple underlying signals, such as
the cardiac, chest motion, noise, and many more. We assume
the bi to be formed of three components: respiration (s1), HR
(s2), and residual (s3). Hence, an observation for a speaker can
be expressed as:

bi =

3∑
k=1

ai
ks

i
k (1)

for i = 1, · · ·N . Here bi represents the ith 5 s segment of the
SDB pattern, b for a given subject. Note that si

k for k = 1, 2, 3,
are the original unknown statistically independent components
of the ith SDB pattern bi, and ai

k are the weights corresponding
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Figure 2: Stage #1: SBreathNet extracts breathing patterns (b) for D2 and D3 datasets. Stage #2: The HR labels used to fine-tune
HR estimation. Stage #3: Predicting the confidence labels for the predicted HR .

to each unknown component. The original SDB pattern (b), s1,
and s2 are as seen in Figure 3.
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Figure 3: (Top) b extracted from speech, (middle) respiratory
signal (s1). (bottom) HR pulse (s2).

We used FastICA [20] due to its computational efficiency
and robustness, leveraging its nonlinear approach to separate
the cardiac and respiratory components from the SDB pattern.

We now high-pass filter (HPF) the extracted IC’s, namely,
{si}3k=1, as shown in Figure 2. We select the HPF’s cutoff
frequency at 2.2 Hz, this translates to 132 beats per minute
(bpm) to eliminate frequencies associated with respiration and
its key correlates. Notably, in many instances involving heart-
beat harmonics, their power surpasses that of respiratory har-
monics [21]. Therefore, we compare the power of ICs post-
HPF and select the IC exhibiting the greatest power as the heart
signal.

We now extract peaks in the HR signal (si
2) for every i =

1, · · ·N (produced for every 5 s) using four hyper-parameters,
namely, height (δ), threshold (τ ), distance (d), and smoothing
window (swin). The parameter d determines the minimum dis-
tance between two consecutive peaks, while the swin improves
peak detection accuracy by smoothing the HR signal. The pa-
rameter δ sets the minimum peak height, and the τ defines the
minimum relative height for peak detection. The HR is com-
puted as

hi =
60× αfhr
daverage in si

2

(2)

for all {hi}Ni=1 where, α = 2 is the scaling factor. This method
of extracting HR from breathing patterns is applied to the SDB
patterns with ground truth HR values of D2 dataset and ground
truth confidence values of D3 dataset. The δ, τ, d, swin are
fine-tuned using grid search method for each of the specified
dataset. Both the WD-HRD and C-ECG-HRD are used for fine-
tuning to determine the optimal hyper-parameter values. Hyper-
parameters obtained with fine-tuning WD-HRD are tested on
C-ECG-HRD and vice-versa.

2.2.3. Analysing HR values for human confidence dataset

The estimated HR hi are analyzed with the c+ or c− label to un-
derstand the correlation between human confidence and HR. We
adopt the strategy from [19] to analyze the speaker-independent
five folds (SI5F ) of the D3 dataset. A threshold value of HR
(HRthr) ranging between 80 to 110 is determined, effectively
distinguishing between c+ and c− classes of the four training
folds. The HRthr value that yields the best combined perfor-
mance across all the selected metrics - precision, recall, F1-
score (F1), accuracy, and area under the curve (AUC) in dis-
criminating the two classes of training partition is considered.
This HRthr is then used to classify c+ and c− samples in the
test data of the fifth fold. This process is repeated five times,
with each fold serving as the testing partition once.

3. Observations and Results
3.1. Performance of SBreathNet

The performance of SBreathNet, is calculated using the
Pearson’s correlation coefficient (r-value) as metric. An aver-
age r-value of 0.61 is achieved across the 100 speakers with
concordance correlation coefficient (CCC) loss functions. The
breaths-per-minute (BPM) count for every speaker is calculated
on the breathing predictions obtained and compared with that
of the true breathing pattern. An average BPM error obtained is
2.50 across 100 speakers.

3.2. Heart Rate Detection

Table 1: Hyper-parameters for peak detection algorithm

Dataset δ τ d swin

WD-HRD mean 0 53 25
C-ECG-HRD mean 0 45 25

Table 1 presents the fine-tuned hyper-parameters for both
the WD-HRD and C-ECG-HRD datasets. The WD-HRD is
fine-tuned with a larger d value for optimal performance. On
both datasets, the δ is set to the mean of the HR signal over 5 s
& the τ is fixed to zero. Additionally, setting swin to 25 gives
the optimal performance across both the datasets.

Table 2: Tuning and Testing MAE (bpm) for HR Estimation

Tuning/Testing Tuning MAE Testing MAE

WD-HRD/C-ECG-HRD 10.96 10.31
C-ECG-HRD/WD-HRD 7.16 16.95
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Figure 4: Comparison of actual versus predicted average HR
(a) WD-HRD tuning, (b) C-ECG-HRD testing.

The performance of the HR detection algorithm using the
hyper-parameters (see Table 1) is shown in Table 2 depicting
the mean absolute error (MAE) results. As observed, the per-
formance remains nearly identical when fine-tuned on the WD-
HRD and tested on the C-ECG-HRD. This suggests a stronger
generalization capability. Therefore, for further analysis, we
have chosen the hyper-parameters obtained from fine-tuning on
the WD-HRD. The actual versus the predicted HRs for the WD-
HRD (Tuning) are shown in Figure 4a, and for the C-ECG-
HRD (Testing) are in Figure 4b.

3.3. Heart-rate of Confident and Non-confident Speakers

Dataset D3 contains 217 c+ and 37 c− samples. Figure 5 shows
the distribution of average HR for c+ and c− speakers. It can be
observed that the HR is lower by at least 10 bpm across all data
for c+ speakers compared to c− speakers. Certain c+ speak-
ers exhibit unusually high HR values, ranging from 120 bpm to
191 bpm, that are not explained by the available metadata such
as age and gender. As mentioned earlier, HRthr values are

Confidence 

Yes No

H
ea

rt
 R

at
e 

(b
pm

)

40
60
80

100
120
140
160
180

89.8 99.9

Figure 5: Average HR of c+speakers is 90 bpm and 100 bpm for
c−speakers.

identified such that optimal performance is obtained in discrim-
inating between c+ and c− speakers across SI5F . Figure 6
displays the average values of five performance metrics: 1) pre-
cision, 2) recall, 3) F1-score, 4) accuracy, and 5) AUC across a
range of HRthr values from 80 to 110 bpm. A HRthr of 91
bpm was found to strike a balance between precision, recall, and
AUC, making it a reliable threshold for distinguishing c+ and
c− speakers. Specifically, c− samples are those with HR val-
ues above 91 bpm, while c+ samples are those with HR values
below 91 bpm.

Table 3 exhibits the performance across SI5F considering
91 bpm as the HRthr value. These results highlight the re-
liability of HR based confidence classification when compared
to the ground truth annotations provided by professionals, un-
derscoring the potential of HR analysis as a robust feature for
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Figure 6: HRthr - versus metrics averaged over SI5F .

Table 3: SI5F cross validation on D3 dataset with HR thresh-
old - HRthr as 91 bpm.

Fold Precision Recall F1 Accuracy AUC
1 1.00 0.5 0.66 0.62 0.75
2 0.86 0.65 0.74 0.71 0.73
3 0.88 0.60 0.71 0.67 0.70
4 0.75 0.56 0.64 0.60 0.61
5 0.85 0.80 0.82 0.79 0.78

Avg 0.87 0.62 0.72 0.68 0.72

non-invasive confidence assessment.

3.4. Comparative Analysis

As demonstrated by [13] and [14], pause, speech rate, and pitch
are effective in assessing human confidence. We calculated
the average pause percentage (PPavg), average pitch frequency
(f0avg), and pitch standard deviation (f0std) for c+ and c−

speaker groups, finding differences of 23%, 108Hz, and 33Hz,
respectively, with c− speakers exhibiting higher values. We
also compared the SI5F cross-validation performance of HR
with SDB patterns from [19]. While SDB patterns performed
better individually, their combination with HR led to improved
recall, F1 score, and accuracy, as shown in Table 4. Although
threshold-based analysis for pitch, pause, and pitch standard de-
viation was performed, it did not outperform HR-based analy-
sis, which was considered optimal in the combined approach.

Table 4: Performance of classifying human confidence levels
exhibited using HR (HR Conf), SDB Patterns (SDB Conf), and
the combination of both HR and SDB Patterns.

Method Precision Recall F1 Accuracy AUC
HR Conf 0.87 0.62 0.72 0.68 0.72

SDB Conf 0.88 0.85 0.86 0.81 0.76
Combined 0.83 0.92 0.88 0.82 0.74

4. Conclusion and Future Work
In this paper, we propose a three-stage framework for detect-
ing human confidence from speech, with a focus on HR as a
key parameter. Our findings demonstrate that HR effectively re-
flects confidence levels, aligning with previous psychological
studies [1], [2], [3], [4], and [22], which report lower HR in in-
dividuals with high self-esteem. By extracting HR from speech
using SDB patterns, we provide empirical evidence supporting
the link between physiological and psychological indicators of
confidence. In future work, we aim to expand this framework
by integrating HR into a broader set of behavioral indicators,
thereby enhancing our understanding of human confidence and
improving model interpretability.
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