
 

C1-1 

 

 

Abstract—Continual authentication using passive monitoring of 

sensor data as the smartphone or smartwatch is being used is not 

currently available on most mobile devices.  This monitoring can 

maintain confidence that the device owner is the current user 

without inconveniencing them by requiring re-authentication, for 

example with password, swipe, or fingerprint. 

Biometrics used for passive monitoring do not currently include 

heart sound, which is an interesting choice because it is constantly 

available, hard to obtain from another person, and has been shown 

to be reasonably unique between individuals. 

 Clinical cardiology applications currently do not take 

advantage of the algorithms of heart sound authentication, for 

example to indicate a change in the patient’s heart sound on an in-

home wearable mobile device app.   

This review explores basic and current research into biometrics 

using heart sound, and presents related research which can 

influence the success of the heart sound biometric in the future, 

both for clinical applications and mobile device user 

authentication. 

 
Index Terms—heart sound, biometrics, authentication, 

auscultation 

I. INTRODUCTION TO BIOMETRICS AND USER AUTHENTICATION 

Mobile devices such as smartphones are the platform for 

critical functions such as health and activity tracking, banking 

applications, and home security systems.  Accuracy is 

improving on sensors available on devices paired with 

smartphones, including clinical devices such as digital 

stethoscopes and commercial devices such as smartwatches.   

Sensor data can now be evaluated for any user properly using 

these devices, in any location, at any time.  This allows 

screening for changes in health data to take place outside of the 

clinical setting.  Once a baseline for sensor data is established, 

applications can continue to collect sensor data, compare it with 

the baseline, and inform the user and caregiver of any changes 

beyond a pre-determined threshold. 

Using the same methodology, sensor data can be used for 

user authentication to a mobile device.  Currently these devices 

have optional security features including password, pin, swipe, 

 
 

or biometrics such as fingerprint, which provide some level of 

security.  Most of these security features, however, require the 

user to perform a specific action unrelated to the purpose for 

which they are currently using their mobile device, and because 

of this inconvenience users often turn off the security features 

of their mobile devices. 

The proposed research will explore the biometric of heart 

sound for use in passive and continual screening for clinical 

applications, and for user authentication.  Heart sound is an 

interesting choice because it is constantly available, hard to 

obtain from another person, and has been shown to be 

reasonably unique between individuals.  Using the heart sound 

biometric for a cardiac patient allows passive monitoring of 

sensor data for screening for a change in heart sound without 

requiring the user to remember to perform a specific action. For 

user authentication, passive monitoring maintains confidence 

that the device owner is the current user without 

inconveniencing users by asking them to re-authenticate, for 

example when accessing a banking or home security 

application. 

This review is comprised of the following:  section II is 

background on continual user authentication, section III 

presents use cases for heart sound authentication, section IV 

presents major studies on heart sound biometrics, section V 

reviews related studies in the areas of speech recognition, 

commercial physiological sensors, medical-grade physiological 

sensors, Electrocardiograph (ECG) biometrics, and future 

innovations in health monitoring systems, section VI presents 

the conclusion and describes proposed future research.  The 

appendix describes public databases of heart sound data and 

associated digital stethoscopes used for data collection.  

II. BACKGROUND FOR CONTINUAL USER AUTHENTICATION 

Mobile and wearable devices currently have a number of 

sensors which can gather behavioral biometrics, and those can 

be used in new ways in combination with data from other 

sensors, especially those giving geographic information 

including Geofencing, beacons, and Near Field Communication 

(NFC).  Input data needs to be accessible to programs 
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performing the preprocessing, feature extraction, matching, and 

decision-making.  The data needs to meet the basic properties 

of a biometric characteristic as defined by Clarke [6] and cited 

by Bolle [3] as described in Table I.  Additional characteristics 

are from Jain [9]. 

The research methodologies discuss how the selected data in 

the study fares as evaluated against each of these properties of 

a biometric characteristic.  Through survey studies such as that 

done by Meng [14], the most accurate behavioral and 

physiological sensors have been identified.  However, some of 

these such as fingerprint and facial recognition don’t easily fit 

the method of continual authentication, also referred to as burst 

authentication.   

Continual authentication is an important component of 

mobile device security.  More banking and financial 

applications are available on mobile devices, such as pay pal 

and apple pay.  Following the methodology defined by these 

application providers, once a user has been successfully 

authenticated to the mobile device, they can “pay” with their 

applications without an additional security authentication 

request, such as an additional password or fingerprint read.   

Mobile device users have the option of keeping their mobile 

devices unlocked, usually for up to five minutes after 

authentication.  They also have the option of leaving their 

mobile devices permanently unlocked.  In these cases, there can 

be a gap when the mobile device can be used by an unauthorized 

user.  The legitimate user may leave the mobile device by their 

work computer in their work cube, in a geofenced area which 

keeps it unlocked.  They may set it on a restaurant table and be 

distracted.  They can leave it on the dining room table in reach 

of a child. 

An application can be installed and active on the mobile 

device which records biometric data when the mobile device is 

being used for computing purposes, such as banking apps, 

reading email, sending texts, making phone calls, and posting 

to social media.  The data can be processed on the mobile device 

itself or sent securely over the internet to be evaluated.  If the 

application determines the user is unauthorized, the mobile 

device can lock, and a message sent to the legitimate owner.  A 

message could provide the current Global Positioning System 

(GPS) coordinates of the mobile device. 

Behavioral biometric data for this type of research would be 

related to computing uses of the mobile device, and for 

performance, power and data usage reasons would not evaluate 

the biometric data while the user is just carrying the phone. 

 

 

 

III. USE CASES FOR HEART SOUND-BASED AUTHENTICATION 

A. User Authentication 

Heart sound biometric data collected using a wearable device 

associated with a mobile computing device will be analyzed to 

improve the convenience and security of user authentication 

through passive, continual authentication methods. 

If the data indicates the user is not authorized for access, the 

mobile device would not allow continued access to sensitive 

applications.  At that point, an active biometric such as 

fingerprint or facial recognition or a pin would be required for 

continued access.  In addition, a message can be sent to the 

legitimate owner, including Global Positioning System (GPS) 

coordinates and latest activity on the device. 

B. Mobile Device Clinical Applications 

1) Cardiology 

An out-patient wearable device works with a commercial 

mobile computing device to recognize if a cardiac patient’s 

heart sound had changed in a clinically significant way, by 

using the passive, continual heart sound user authentication 

analysis combined with active authentication. 

For example, a cardiology patient is authenticated by 

fingerprint, but passive heart sound authentication fails.  A 

connection to the mobile device could alert patient and 

physician. 

2) Hospital authentication 

Heart sound from a wearable device is used as additional 

identification to Radio Frequency Identification (RFID) bands 

for infants, ICU patients, or others not able to verbally identify 

themselves. 

IV. MAJOR RESEARCH IN HEART SOUND BIOMETRICS 

Researchers studying heart sound biometrics have developed 

a number of different ways to accomplish feature extraction.  

This is to be expected, given the history of feature extraction 

development for other more established biometrics, including 

fingerprint, facial, and voice recognition.  This survey study 

describes the elements of heart sound used for feature extraction 

and classification in select published research papers, and the 

results of that analysis. 

The basics of heart sound are described here by Zhao [24], 

citing Phua [16]:  “Heart sounds include two parts. The first 

heart sound (S1) is mainly produced by the closure of the mitral 

and tricuspid  valves.  S1  has  duration  of  70  ms  to  150  ms  

with  a  frequency  of  25  Hz  to 45 Hz. The second heart sound 

(S2) is produced by the closure of the aortic and pulmonary 

valves. S2 has a duration of 60 ms to 120 ms with a frequency 

of approximately 50 Hz.” 

 

TABLE I 

BASIC PROPERTIES OF A BIOMETRIC CHARACTERISTIC 

Property Description 

Universality Each person has characteristic 

Uniqueness Characteristic different between two 

persons 

Permanence Characteristic invariant over time 

Collectability Characteristic is measureable with a 

practical sensing device 

Performance Analysis speed of biometric system 

Acceptability Will people in a particular use 

population and the general public have 
no strong objections to measuring and 

collecting the biometric 

Circumvention How easily can the system be fooled 
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Fig. 1 – The Valves of the Heart [17] 

 

Major research into heart sound biometrics began in 2007, 

and studies from that time to 2012 are described in detail by 

Zhao [24], and summarized here in Table II.  The current study 

explores research from 2012 through 2014, summarized in 

Table III. 

A. Spadaccini and Beritelli, 2013 - Performance evaluation of 

heart sounds biometric systems on an open dataset 

Spadaccini and Beritelli [18] provide a 206 person public 

heart sound database, with two recordings of each person with 

normal, at rest heart sounds (HSCT11).   The sensor used for 

data acquisition is a ThinkLabs Rhythm Digital Electronic 

Stethoscope, described in the Appendix, Table 5.  Files were 

acquired using a sampling frequency of 11025 Hz and 16 bits 

per sample, and stored using the .wav format.  File names have 

encoded IDs and characteristics of the data collected.  Their 

research on this data uses the S1 and S2 features for user 

authentication. 

For signal data pre-processing, Spadaccini et al split each 

signal into four-second windows.  S1 and S2 are identified and 

placed in separate time windows, then window endpoints are 

connected.  The Chirp z-Transform (CZT) is applied, allowing 

high resolution analysis of narrow frequency bands.  Features 

are extracted by Mel-Frequency Cepstral Coefficients (MFCC).  

Added to the feature vector is the First-to-Second Ratio (FSR) 

as the average power ratio of S1 to S2. 

Structural and Statistical Classification were performed in 

the Spadaccini study.  For Structural classification, the distance 

was calculated between an input signal and the stored template 

using cepstral distance, and an amplifying factor.  Equal Error 

Rate (EER) of 36.86% was achieved.  For Statistical 

classification, a Gaussian Mixture Model – Universal 

Background Model (GMM-UBM) recognition technique was 

used.  EER of 13.66% was achieved. 

B. Zhao, 2013 - Marginal Spectrum Analysis-based System 

Zhao [24] uses their own data, plus the HSCT11 dataset, for 

user authentication.  Results using their own database of 40 

participants, 280 heart sounds, and Marginal Spectrum Analysis 

(MSA) gave a recognition rate of 94%.  Using Fourier spectrum 

analysis gave a recognition rate of 84%.  On the HSCT11 

database, the MSA algorithm gave a recognition rate of 92%. 

The study by Zhao includes a review of the foundational 

work in heart sound biometrics from 2007 to 2012, shown in 

Table II. 

C. Cheng, 2012 – Linear Band of the Frequency Cepstra-

based Analysis    

Cheng [5] observed that heart sound signals show differences 

in the time and frequency domains.  Time-domain analysis does 

not require pre-processing or major filtering.  However, 

applying pre-processing increases accuracy.  Cheng’s 

methodology constructed a synthetic model of heart sounds to 

define and test their feature extraction method. 

Cheng collected 300 samples of heartsound in a private 

database using a voice auscultation detection device, saved in 

512 point frames.  The study discusses the Frequency Cepstra 

analysis mode used in speech recognition - the result of taking 

the Inverse Fourier transform (IFT) of the logarithm of the 

estimated spectrum of a signal.  The study extracted features 

using heart sound linear band of the frequency cepstra (HS-

LBFC).  Identification was done using the similarity distance 

method. 

 

TABLE II 

PRIMARY STUDIES ON HEART SOUND BIOMETRICS (2007-2012) [24] 

Author Year Database Size Feature Set Classification Identification Mode 

Phua et al. 2007 10 people LBFC MFCC VQ GMM Recognition 

Beritelli et al. 2007 20 people STFT Euclidean distance Verification 

Jasper et al. 2010 10 people Envelogram Auto-

correlation 

Euclidean distance Recognition 

Bendary et al. 2010 40 people Cross-correlation 

Cepstrum 

MSE KNN Recognition 

Tao et al. 2010 5 to 100 people Cycle Power 

Frequency 

-- Verification/Recognition 

Guo et al. 2010 80 people LPCC HMM WNN Recognition 

Cheng et al. 2012 12 people HS-LBFC Similarity distance Verification/Recognition 
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Using these techniques gave the following results:  

recognition of same person at the same time=100%; same 

person, different time=95%; Error acceptance rate (different 

persons) 1%-8%; Error refusal rate <3%. 

D. Sun, 2013 – Decomposition-Wavelet Algorithm Applied to 

S1 and S2 Heart Sound Features 

The study by Sun [21] demonstrates a method of 

programmatically identifying the S1 and S2 heart sound 

features.  While many heart sound studies use only a time 

window for data sampling, others, including the Spadaccini 

study, apply algorithms to identify the S1 and S2 heart sounds, 

to ensure they are applying feature extraction and classification 

to a specific number of heart beats, eliminating unwanted data.  

Sun combines an improved Empirical Mode Decomposition 

(EMD) wavelet algorithm and the Shannon energy envelope 

algorithm for pre-processing.  For 30 samples tested, 

identification of S1/S2 was as high as 99%. 

E. Abo-Zahhad, 2014 – Photocardiogram (PCG) Biometric 

Identification System 

 Abo-Zahhad [1], like Spadaccini and Leet, uses MFCC for a 

feature extraction system for heart sound. Like Sun, Abo-

Zahhad uses wavelet analysis as a preprocessor, in this case 

Discrete Wavelet Transformation (DWT).  The database used 

is the HSCT-11 from University of Catania, also used by 

Spadaccini and Zhao.  Seventeen samples of the 206 available 

were chosen, with 10 used for training and seven for testing.  

For each approximately one minute sample, six segments of 

eight seconds were cut and used.  This combined preprocessing 

and feature extraction gives identification accuracy up to 

99.5%. 

V. SUPPORTING RESEARCH 

The study of heart sound biometrics for clinical and user 

authentication applications incorporates learning from other 

disciplines.  This section reviews studies in the related areas of 

speech recognition, commercial physiological sensors, 

medical-grade physiological sensors, Electrocardiograph 

(ECG) biometrics, and future innovations in health monitoring 

systems. 

A. Leet, 2015 - Defining an Enhanced Feature Subset to 

Assess the True Biometric Performance of Speaker Verification 

Systems 

In his analysis of speech, Leet [10] [11] uses the MFCC 

algorithm to extract the means and variances of the typical 13 

frequency bands output by this algorithm.  In addition, the 

energy of the 13 bands is averaged within 7 defined speech 

sounds.  Other feature extraction methods are described and 

were explored.  A common passphrase was used which has 

distinct phonemes, and analysis was done at that level, rather 

than a higher word or phrase level. 

A high pass filter was used for pre-processing.  Sounds were 

sampled in 20-40ms frames using a FFT, with 1024 samples 

and a 50% overlap between frames.  Sample rate is 44100 

Samples per second.  44100 sampling rate/1024 entries = 43 

frames per second, giving frame size of 23 ms.  Hamming 

windows were used, Mel Frequency banks constructed, and a 

Dynamic Time Warping algorithm used to assist in segmenting 

the phonemes and extracting the feature vectors.  This example 

shows that feature extraction methods used in the heart sound 

studies discussed in the previous section overlap and are 

complementary to those traditionally used for speech 

recognition. 

B. Physiological Sensor Studies with Mobile Devices for 

Biometric User Authentication 

The 2014 survey by Meng [14] cites a number of recent 

studies using physiological sensors for biometric user 

authentication.  These include fingerprint recognition which is 

currently available on a number of smartphones.  Meng shows 

that these biometrics achieve greater accuracy than the 

behavioral biometrics, since these features usually have little 

change over time, where behavioral biometric motions may be 

executed in an unusual way at any time, resulting in a possible 

false negative reading.  The physiological biometrics which can 

be cheaply measured on a smartphone are increasing in 

popularity.  Other physiological biometrics such as iris, retina, 

hand, and palm recognition require special equipment, longer 

user interaction or larger screens, so are more popular with 

stand-alone equipment, for example to authenticate for entrance 

to a room. 

Meng states that the physiological biometrics presented have 

the disadvantage of “one-off authentication” – that once the 

user has authenticated there is no re-checking of that biometric.  

For the current study, the physiological sensors for heart sound 

can be monitored for continual authentication.  For example, 

sensors can be developed for a wearable similar to those 

currently available for heart rate, skin temperature, or Galvanic 

skin resistance on a smartwatch, which is in contact with the 

skin on the wrist. 

Research by Zuo [25] in the 2016 IEEE Journal of 

Biomedical and Health Informatics supports varying the type 

of sensor used for wrist pulse measurements - pressure, 

photoelectric, and ultrasonic - in order to diagnose different 

medical conditions:  for example, pressure sensor for 

arteriosclerosis and ultrasonic sensor  for diabetes.  This 

example related to the current research uses the appropriate 

sensors to evaluate changes in medical conditions.  

TABLE III 
PRIMARY STUDIES ON HEART SOUND BIOMETRICS (2013-2014) 

Author Year Database Size Feature Set Classification Identification Mode 

Spadaccini et al. 2013 206 people MFCC/GMM/UMB Euclidean Distance Verification 

Zhao et al. 2013 40 people MSA Euclidean Distance Verification 

Sun et al. 2013 30 people Shannon energy --- Recognition 

Abo-Zahhad et al. 2014 17 people MFCC/GMM Bayes Decision Recognition 
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C. Physiological Sensors Studies using Medical Grade 

Monitors 

Medical grade monitors measure physiological data in a 

clinical setting.  Traditionally, these devices are large, fixed 

equipment which requires trained medical staff to run, and 

requires patients to go to the equipment location.  An example 

of this is an electrocardiograph machine, with 12 to 15 electrical 

leads connected to the patient to measure electrical impulses 

related to heartbeat.  There are recent developments which are 

bringing the capabilities of more physiological biometrics to 

wearable devices. Wearable health monitors now range from 

commercial fitness products to medical grade equipment to 

innovative products such as clothing and skin patches with 

embedded electronic circuit capabilities.  This study discusses 

research using physiological sensor data as a biometric which 

is available from traditional medical monitors and also discuss 

the physiological sensor data which is available through 

commercial smartwatches.   Studies using data from traditional 

medical monitors available in public databases ise discussed 

and is significant to this study, since this quality of data may 

soon become available through smartwatches and smartwatch 

APIs.  

 

1)  Electrocardiograph (ECG) Data as a Biometric for User 

Authentication and Identification 

Electrocardiograph data has been researched extensively as a 

biometric, with encouraging results.  Electrocardiography is 

recording and interpreting the electrical activity of the action of 

the heart.  There is electrical current associated with the 

contraction of the heart muscles, which passes through tissue 

and reaches the surface of the body.  The analog waveform data 

from an electrocardiograph is the change in electrical potential 

at the body surface.  This electrical activity was first identified 

by Augustus Waller in the 1880s.  The three main components 

of an ECG are P, QRS, and T.  If there is a problem in heart 

function, it can show in the data as an unusual or change in 

waveform height, direction, or duration [4]. 

A survey study by Fratini [8] discusses the top 100 writings 

in this area from 2005 – 2015.  Researchers use widely varying 

numbers of features to define the heartbeat cycle, and employ 

methods to remove redundancy in the feature data which 

include Principal Component Analysis (PCA) and Linear 

Discriminant Analysis (LDA).  Once feature selection is made, 

31 of the 100 researchers used distance based classification, 

including k-Nearest Neighbor, minimum Mahalanobis’ 

distance, and N discriminant functions using a Bayesian 

approach.  Thirteen researchers used neural network classifiers, 

with the most successful being Multi Layer Perceptron (MLP).  

Taken together, the weighted mean of the identification rate of 

these studies is 94.95%, and the overall equal error rate (ERR) 

for authentication is 0.92%.  After reviewing the current state 

of biometric ECG research, Fratini identifies important topics 

for future study which include: longitudinal studies of patients 

as they age or change their activity or stress levels, or have a 

change caused by a medical condition, also called a 

pathological change; real-time analysis; and ECG recognition 

of pathological subjects.  These future work items for ECG 

study parallel those described for future work in heart sound 

biometrics. 

 

2) Additional Innovations in Health Monitors with 

Physiological Sensors 

Future work could incorporate into user authentication the 

output of new classes of medical monitors, for example 

Biostamps and biometric bracelets.   

Biostamps [15] are flexible circuits, including transistors, 

resistors, and light emitting diodes (LEDs) applied to the 

surface of the skin to monitor specific health metrics including 

UV exposure, skin temperature, perspiration, biochemistry, and 

blood pressure.  Biostamps have a Radio Frequency (RF) 

antenna which both harvests energy to an inductive coil to be 

converted to electricity and communicates results to a 

smartphone through NFC.  Current research in this area is close 

to creating a commercial product.  Biometric bracelets which 

detect convulsive seizures are examples of specialized medical 

grade products which continue to be developed and provide 

significant advantages in diagnostic and preventive care.  

Dolgin [7]  reviews three wearable devices which detect 

excessive shaking movements which characterize a seizure, and 

send alerts.  Future work could incorporate an evaluation of 

sensor data from Biostamps or specialized medical sensors for 

user authentication. 

VI. CONCLUSIONS AND PROPOSED FUTURE RESEARCH 

This review has described heart sound as a high accuracy 

biometric which continues to be analyzed in academia and 

industry to achieve even better authentication and identification 

results.  Application and adaptation of existing user 

authentication methodologies from speech processing have 

giving heart sound biometrics a strong start. 

While new combinations of algorithms are being developed, 

the majority of the current studies incorporate wavelet pre-

processing and MFCC feature extraction.  Using these 

algorithms is a proven base for researchers getting started in this 

field, for example replicating the methodology and results from 

the Spadaccini studies as a baseline for subsequent extensions.  

These include a common front end for feature extraction, 

followed by either a structural or a statistical classification and 

decision algorithm.  In the detection error tradeoff (DET) graph 

of False Match Rate (FMR) versus False Non-Match Rate 

(FNMR) from their work in 2013, the structural system has an  

Equal Error Rate (ERR) of 36.86%, and the statistical system 

has an ERR of 13.66% [18] 

The Spadaccini heart sound research can be extended for 

potentially greater user authentication accuracy in a number of 

areas.  These can include changes in time windows, number of 

heartbeats, feature vectors, classifiers, sample selection, and 

noise mitigation. Their methodology can be extended to work 

with different datasets besides HSCT-11.   

Zhao also analyzed the HSCT-11 data using a system based 

on marginal spectrum analysis.  Using a randomly selected 

sample of 80 out of the original 206, they applied a N of 20, r 

of 0.2, VQ-32, Hamming window, feature dimension of 100, 

frame length of 256ms, and frame shift of 64ms, to achieve 

CRR of 92%.  These results show that other analysis methods 

can yield encouraging results from the HSCT-11 data. 
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 Appendix – Heart sound Recording Devices 

The most accurate heart sound recordings are performed 

using medical-grade digital stethoscopes in a clinical setting.  

These recordings are made to assist cardiologists in evaluating 

patient heart health, and to train medical students to recognize 

potential heart problems in real-time as they are listening to a 

patient’s heart.  In addition, digital stethoscopes are used to 

collect heart sound data as a biometric for studies of user 

authentication.  Current consumer devices can also record heart 

sounds, but there is a high probability of noise in the audio 

signal, including rubbing on clothing, breathing, and 

background noise.  As microphone and filtering technology 

improves, high-quality heart sounds can be measured through 

consumer devices such as smartwatches, smartphones, and 

smartclothing. 

For this study, heart sound audio input will be used from 

trusted public databases of heart sounds, recorded in controlled 

settings.  Public databases of heart sound were researched, and 

are described in Table IV.  All have one recording per person, 

except for HSCT-11 which has two.  References to technical 

descriptions for sensors used are listed in Table V. 

 
TABLE IV 

SUMMARY OF PUBLIC HEART SOUND DATABASES 
 

Database Num 

signals 

Recording 

length (s) 

Sensor used Frequency 

HSCT-11 [19] 
[20] 

206 60 ThinkLabs 11025 Hz, 
16 bits per 

sample 

WelchAllyn 

[22] 

150 30 Not 

available 

16 kHz 

Heartchallenge 
A [2] 

176 1 to 30  iStethoscop
e Pro 

30 kHz to 
44 kHz 

Heartchallenge 

B [2] 

656 1 to 30 DigiScope 4 kHz 

Primer [13] 23 60 Not 

available 

8 kHz to 44 

kHz 

Texasheart [23] 22 30 Not 

available 

8 kHz 

Medscape [12] 7 60 Littmann 
Stethoscope 

10 kHz 

 

 
TABLE V 

DIGITAL STETHOSCOPE SENSORS 
 

Stethoscope sensor Reference 

ThinkLabs Rhythm Digital 
Electronic Stethoscope 

http://www.thinklabs.com/ 
 

iStethoscope Pro iOS app https://itunes.apple.com/us/app/istethosc

ope-pro/id322110006?mt=8 

DigiScope http://digiscope.diagnozit.com/ 

3M Littmann Electronic 

Stethoscope Model 3200 

http://www.3m.com/3M/en_US/company

-us/all-3m-products/~/3M-Littmann-
Electronic-Stethoscope-Model-

3200?N=5002385+8707795+8707798+8

711017+8711096+8711500+8711724+8
727094+3293188392&rt=rud 

 

 

 

 

The Thinklabs Rhythm Digital Electronics Stethoscope was 

used to record all the heart sound data in the HSCT-11 database 

used for the current study.  If the current study was recording 

new data, the new generation Thinklabs One would be used.  

The Thinklabs One is designed for medical professionals, and 

transmits sound waves over Bluetooth to headphones and also 

to iPhone, iPad, Android or Mac/PC, linking directly to any 

app.  Built-in filters select between low, midrange, or high 

frequencies, assisting in identification of different pathologies, 

such as abnormal valve sounds and murmurs.  Frequency 

response of the signal can be controlled by the amount of 

pressure applied while reading the signal from the patient.  

Relevant apps available include a TapeMachine App for 

recording and sharing heart sounds, and a ThinkLabs custom 

version of Audacity for visualization, editing, and analysis of 

heart sounds. 

Optical heart rate monitor (PPG) -  A photoplethysmogram 

(PPG) is an optically obtained plethysmogram, a volumetric 

measurement of an organ. A PPG is often obtained by using a 

pulse oximeter which illuminates the skin and measures 

changes in light absorption. 

 

 
 

Fig. 2 HSCT-11 Heart sounds from two different people; 

ThinkLabs Digital Electronic Stethoscope 

 

http://www.thinklabs.com/
https://itunes.apple.com/us/app/istethoscope-pro/id322110006?mt=8
https://itunes.apple.com/us/app/istethoscope-pro/id322110006?mt=8
http://digiscope.diagnozit.com/
http://www.3m.com/3M/en_US/company-us/all-3m-products/~/3M-Littmann-Electronic-Stethoscope-Model-3200?N=5002385+8707795+8707798+8711017+8711096+8711500+8711724+8727094+3293188392&rt=rud
http://www.3m.com/3M/en_US/company-us/all-3m-products/~/3M-Littmann-Electronic-Stethoscope-Model-3200?N=5002385+8707795+8707798+8711017+8711096+8711500+8711724+8727094+3293188392&rt=rud
http://www.3m.com/3M/en_US/company-us/all-3m-products/~/3M-Littmann-Electronic-Stethoscope-Model-3200?N=5002385+8707795+8707798+8711017+8711096+8711500+8711724+8727094+3293188392&rt=rud
http://www.3m.com/3M/en_US/company-us/all-3m-products/~/3M-Littmann-Electronic-Stethoscope-Model-3200?N=5002385+8707795+8707798+8711017+8711096+8711500+8711724+8727094+3293188392&rt=rud
http://www.3m.com/3M/en_US/company-us/all-3m-products/~/3M-Littmann-Electronic-Stethoscope-Model-3200?N=5002385+8707795+8707798+8711017+8711096+8711500+8711724+8727094+3293188392&rt=rud
http://www.3m.com/3M/en_US/company-us/all-3m-products/~/3M-Littmann-Electronic-Stethoscope-Model-3200?N=5002385+8707795+8707798+8711017+8711096+8711500+8711724+8727094+3293188392&rt=rud
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Fig. 3 HeartChallenge (B) using iStethoscope Pro 

 

 

 
 

Fig. 4 Medscape using 3M Littmann electronic stethoscope 
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