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Traditional Chinese medicine (TCM) auscultation has a long history, and with advancements
in  equipment  and  analytical  methods,  the  quantitative  analysis  of  auscultation  parameters
has determined. However, the complexity and diversity of auscultation, along with variations
in devices,  analytical  methods,  and applications,  bring challenges to its  standardization and
deeper  application.  This  review  presents  the  advancements  in  auscultation  equipment  and
systems, auscultation characteristic parameters, and their application in the diagnosis of pul-
monary diseases and syndromes over the past 10 years, while also exploring the progress and
challenges of current digital research of auscultation. This review also proposes the establish-
ment of standardized protocols for the collection and analysis of auscultation data, the incor-
poration of advanced artificial intelligence (AI) auscultation analysis methods, and an explo-
ration of the diagnostic utility of auscultatory features in pulmonary diseases and syndromes,
so  as  to  provide  more  precise  decision  support  for  intelligent  diagnosis  of  pulmonary  dis-
eases and syndromes

 

 

1 Introduction

Auscultation is an important part of “auscultation and ol-
faction diagnosis” in  the four-method diagnosis  of  tradi-
tional  Chinese  medicine  (TCM).  By  listening  to  the  pa-
tients’ respiratory  sounds,  speech,  coughs,  hiccups  and
so on, the nature of the disease such as cold and heat, de-
ficiency,  and  excess  can  be  assessed [1].  According  to  the
oracle  bone  inscriptions,  as  early  as  the  Yin  Dynasty,
there  was  a  term  known  as “sick  language”,  indicating
that  auscultation  in  TCM  has  a  long  history [2]; Nanjing
(《 难 经 》 , Classic  of  Questioning)  states, “To  know
through  hearing  is  called  sage”,  establishing  the  promi-
nent role of auscultation. Huangdi Neijing (《黄帝内经》,
Inner  Canon  of  Huangdi)  divides  the  tone  into “Gong

(宫 ),  Shang  (商 ),  Jue  (角 ),  Zhi  (徵 ),  and  Yu  (羽 )”,  and
believes  that  the  five  tones  are  closely  related  to  the  vis-
cera  function  of  the  human  body [3].  Based  on  the  long-
term medical practices of predecessors, successive gener-
ations of TCM physicians have summarized their experi-
ences  and  developed  diagnostic  methods  with  a  pro-
found theoretical foundation.

Modern  medical  analysis  of  sound  signals  focuses
more on coughs, respiration, heartbeats, etc. Many schol-
ars have researched sound production principles and the
technical methods for analysis, providing a solid founda-
tion  for  the  clinical  diagnosis  of  respiratory  and  cardio-
vascular diseases. For example, ASIAEE et al. [4] analyzed
auscultation  parameters  to  screen  patients  infected  with
Corona  Virus  Disease  2019  (COVID-19).  ZHANG  et  al. [5]
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used  wearable  devices  to  observe  and  analyze  the  heart
audio  spectrum  of  patients  with  mitral  regurgitation,
aiming to monitor their left ventricular function.

The research on auscultation in TCM primarily focuses
on  pulmonary  diseases,  such  as  pulmonary  nodules,
pneumonia, and asthma, as well as TCM syndrome types,
including  lung  Qi  deficiency  and  lung  Yin  deficiency.
Incorporating analytical methods such as wavelet packet
decomposition  and  neural  networks,  the  auscultatory
parameters  of  pulmonary  diseases  have  been  initially
revealed,  providing  a  digital  basis  for  the  auscultatory
parameters in the diagnosis and screening of pulmonary
diseases,  thereby  promoting  the  further  development
and  application  of  auscultation  in  pulmonary  disease
diagnosis [6]. 

2 Auscultation equipment and systems

In  recent  years,  advancements  in  microphone-based
speech  signal  acquisition  and  processing  technology
have  facilitated  the  compression  coding,  efficient  trans-
mission,  and storage of  speech signals,  providing crucial
technical support for the digital research of TCM auscul-
tation.  As  analytical  requirements  evolve,  the  types  of
equipment  and  systems  are  transitioning  from  early  mi-
crocomputer  systems  and  speech  analyzers  to  the
widespread  application  of  microphones,  electronic
stethoscopes,  and  audio  processing  systems  today.  The
collection  and  measurement  of  features  such  as  speech,
cough sounds, and heart murmurs lays the foundation for
the subsequent data analysis and application.

LU  et  al. [7] utilized  SONY  A10  linear  PCM  recording
device  to  collect  the  speech  samples  from  patients  with
pulmonary  nodules  (Figure  1A).  They  employed  Praat
speech  analysis  software  to  extract  stable  and  consistent
audio  signals,  and  OpenSMILE  toolkit  to  derive  acoustic
parameters,  with  the  aim  of  exploring  the  differences  in
acoustic  features  between  healthy  individuals  and  pa-
tients with pulmonary nodules of various TCM syndrome
types. The faint heart sounds are difficult to detect by hu-
man  ears,  whereas  the  electronic  stethoscope  employs
specific  sensors  to  capture  these  heart  sounds  and  con-
vert  them into digital  signals.  WANG et  al. [8] utilized the
cardiac auscultation diagrams obtained by this  device to
diagnose pulmonary hypertension and investigate abnor-
mal  heart  sounds  of  patients  in  a  more  intuitive  and
multidimensional way (Figure 1B).

SÁNCHEZ  MORILLO  et  al. [9] employed  a  piezoelec-
tric  microphone  integrated  with  a  coupled  cavity  to
record  the  breath  sounds  in  patients  with  chronic  ob-
structive pulmonary disease (COPD) (Figure 1C). This de-
vice  could  be  self-placed  by  the  patients  on  the  trachea,
just above the sternum notch. The computer system was
utilized to detect  changes in breath sounds during acute

exacerbation  of  COPD,  which  facilitated  analysis  of
various  causes  of  COPD  acute  exacerbation.  RAMÍREZ
et  al. [10] analyzed  voice  parameters  and  electroglotto-
graphic  data  in  patients  with  laryngopharyngeal  reflux.
Voice  recordings  were  obtained  using  a  microprocessor
laryngoscope,  while  additional  voice data  were collected
through a  microphone and electrodes positioned anteri-
or  to  the  thyroid  cartilage.  This  process  allowed  for  the
acquisition  of  detailed  information  regarding  vocal  cord
function  and  vocal  performance.  CAVALCANTI  et  al. [11]

conducted a preliminary study to investigate the acoustic
correlation  between  microphones  of  varying  quality  and
audio with  different  compression rates.  The results  indi-
cated that  both microphone quality  and audio compres-
sion level may have an impact on the measurement out-
comes (Figure 1D). DING et al. [12] proposed a high-sensi-
tivity  electronic  monitor  utilizing  a  piezoelectric  micro-
machined ultrasonic transducer. This monitor is capable
of  achieving  long-term,  real-time  bowel  sound  monitor-
ing and capturing faint  bowel  sounds,  thereby providing
an  innovative  approach  for  auscultation  research  in  di-
gestive tract diseases. WEI et al. [13] also designed a device
to monitor bowel sounds, which adopts bone conduction
sensor  to  collect  signals  and  can  be  transmitted  to  the
phone application via  Bluetooth,  with  advantages  of  low
power consumption and portability (Figure 1E and 1F).

Although  current  auscultation  equipment  and  sys-
tems  have  achieved  significant  advancements  in  preci-
sion  and  variety  compared  with  previous  versions,  it  re-
mains necessary to consider the adaptability of these de-
vices  for  capturing  different  sound  characteristics,  such
as  coughs,  belches,  and  hiccups.  Furthermore,  it  is  cru-
cial  to  transcend  the  conceptual  confines  of  pulmonary
diseases  and  pursue  a  more  comprehensive  develop-
ment approach. 
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Figure 1   Auscultation equipments
A, SONY A10 linear PCM recording device. B, medical electron-
ic stethoscope. C, piezoelectric microphone with a coupled cav-
ity. D, microphone DPA 4066-B. E and F, portable bowel sound
monitor back view and its electrode patch, respectively.
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3 Auscultation characteristic parameters
 

3.1 Characteristics of audio data

Audio  data  exhibits  typical  time-series  characteristics,
primarily  manifested  in  continuity,  sequence,  frequency
components  and  so  on.  Therefore,  in  acoustic  research,
the  time-series  characteristics  of  audio  data  are  usually
utilized for processing and analysis. The most commonly
employed acoustic characteristic parameters include fun-
damental  frequency  (F0),  pitch  priority  jitter  (PPJ  or  Jit-
ter), amplitude perturbation quotient (APQ or Shimmer),
and  harmonic-to-noise  ratio  (HNR  or  SNR).  These  pa-
rameters  not  only  reflect  the  physical  characteristics  of
abnormal  voices  associated  with  conditions  such  as  vo-
cal  cord  polyps,  vocal  cord  nodules,  and  glottal  insuffi-
ciency [14], but also resonate with some fundamental theo-
ries  of  TCM.  For  example,  the  utilization  of  formant  fre-
quency parameters to analyze the speech of patients with
pulmonary nodules can effectively reveal the characteris-
tics  of  their  vocal  organs.  Furthermore,  it  has  been  ob-
served  that  these  parameters  are  correlated  with  tongue
position  and  vocal  mode,  which  aligns  with  the  descrip-
tion in Yizong Jinjian (《医宗金鉴》, The Golden Mirror
of Medicine): “The throat serves as the pathway of sound,
the  epiglottis  as  the  gateway,  the  tongue  as  the  mecha-
nism  of  sound,  while  the  lips  and  teeth  assist  in  its  pro-
duction” [15, 16].  XU et al. [17] conducted time-varying spec-
trum  analysis  on  vesicular  breathing  sounds,  tracheal
breath  sounds,  wheezes  and  stridor,  and  presented  the
pulmonary  sound  information  in  time  domain,  frequen-
cy  domain,  and  amplitude  dimensions.  Their  analysis
confirmed  that  vesicular  breathing  sounds  and  tracheal
breath  sounds  exhibited  time-varying  characteristics,
while the power spectrum of wheezes and stridor demon-
strated discrete linear patterns. ZHANG [18] analyzed lung
sounds,  including  large  wet  rales,  wheezing  sounds  and
bubble  sounds,  using  wavelet  transform  across  different
frequency bands and different time points. The study de-
termined  the  response  position  and  amplitude  depth  of
the  lung  sound  waveforms.  By  combining  this  analysis
with  an  artificial  neural  network,  the  lung  sounds  were
successfully decomposed, leading to improved pathologi-
cal recognition.

In  addition,  certain  features,  such  as  adventitious
sounds  and  voice  tremor,  are  also  crucial  for  disease
prediction  and  speech  quality  analysis.  Adventitious
sounds refer to abnormal sounds arising from conditions
affecting the lungs or pleural cavity, distinct from normal
breath  sounds.  PRAMONO  et  al. [19] conducted  the  stud-
ies  on  automatic  adventitious  respiratory  sound,  indi-
cating that detection or classification of automatic adven-
titious  respiratory  sound  is  helpful  for  monitoring  rela-
ted  diseases  and  predicting  the  outcomes.  GILLIVAN-
MURPHY  et  al. [20] employed  acoustic  analysis  to  assess

vocal  tremor  in  Parkinson’s  patients  and  neuro-healthy
control  groups.  They  explored  the  correlation  between
vocal  disability  and  disease  variables,  and  discussed  the
understanding  of  vocal  tremor  in  Parkinson’s  patients
from  the  aspects  of  frequency,  amplitude,  periodicity,
and  other  relevant  factors.  ENGLERT  et  al. [21] analyzed
the impact of varying voice sample lengths (VSLs) on the
degree of voice quality deviation and voice quality index.
They prepared three voice samples,  VSL_long,  VSL_cust,
and VSL_short. The results showed that voice quality var-
ied  with  different  VSLs,  and  shorter  VSLs  exhibited  a
stronger correlation with acoustic analysis. 

3.2 Specific meaning of audio data

Based on diverse fundamental theories, tailored to specif-
ic  research  objectives  and  diseases,  researchers  identify
appropriate characteristic parameters for statistical anal-
ysis. This not only enriches the study of acoustic diagno-
sis, but also sheds light on the internal mechanisms of the
diseases.  However,  as  interdisciplinary  research  contin-
ue  to  evolve,  it  becomes  increasingly  necessary  to  inte-
grate  human  physiological  structure  with  physics  in  or-
der to identify the most suitable and effective characteris-
tic parameters for studying various diseases. This integra-
tion  enables  a  deeper  understanding  of  disease  mecha-
nisms,  thereby  improving  the  accuracy  of  auscultation.
Based  on  the  feature  parameters  mentioned  above,  this
review  summarizes  commonly  used  feature  parameters
and their meanings in Table 1 [7, 22, 23]. 

4 Diagnostic  research  on  pulmonary  diseases  and
syndromes based on auscultation
 

4.1 Research on risk warning for pulmonary diseases

The  lungs  govern  the  Qi  (vital  energy)  throughout  the
body; when Qi moves,  it  generates sound. Abnormalities
in  sound  are  closely  associated  with  disruptions  in  lung
Qi.  Additionally,  the  lungs  serve  as  the  primary  driving
force  of  vocalization,  making  auscultation  particularly
pertinent  in  lung diseases [1, 24].  By  integrating the equip-
ment  system,  acoustic  features  and  analytical  methods,
researchers  have  achieved  significant  advancements  in
the  diagnosis  and  classification  of  pulmonary  diseases
such  as  COPD,  asthma,  and  pneumonia.  These  efforts
have made valuable contributions to the clinical diagno-
sis and treatment of pulmonary diseases.

LU et al. [25] proposed an intelligent auscultation appli-
cation  program  based  on  Matlab  deep  learning.  They
selected Google  Net  for  model  transfer  in  deep learning,
and  employed  the  linear  power  spectrum  method  for
analysis  following  Fast  Fourier  Transform  (FFT).  Finally,
the  program  achieved  remote  and  visual  auscultation  of
patients’ cardiopulmonary  sounds,  offering  significant
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application  prospects.  WANG  et  al. [26] employed  acous-
tic-based  imaging  techniques  to  capture  and  analyze
respiratory  sounds  across  the  entire  respiratory  cycle.
This  approach  is  crucial  for  the  differential  diagnosis
of congestive heart failure, acute exacerbation of asthma,
and  COPD,  which  may  all  exhibit  the  symptom  of  dysp-
nea clinically.  By mapping the distribution of respiratory
sounds  onto  a  two-dimensional  grayscale  image  seque
nce, these diseases can be more accurately distinguished.
MOSCHOVIS  et  al. [27] recorded  the  coughs  of  the  tested
children  using  the  built-in  microphones  of  smartphones
and  automatically  identified  them  using  the  ResAppDx
algorithm. This method can aid in diagnosing respiratory
diseases  in  children,  and  has  potential  applications  in
asthma  severity  classification,  airway  obstruction  detec-
tion  and  COPD  diagnosis  in  the  future.  CHEN  et  al. [28]

employed FFT to analyze respiratory sounds in both time
and  frequency  domain  for  healthy  individuals  and  pa-
tients  with  COVID-19.  Subsequently,  they  applied  these
features  to  k-nearest  neighbor  (kNN)  and  convolutional
neural network (CNN) classifiers to determine COVID-19
infection  status.  The  results  demonstrated  an  accuracy
rate  exceeding  85%  for  kNN  classifier  and  97%  for  the
CNN  classifier,  respectively.  Based  on  the  patients’
speech  characteristics  and  clinical  data,  LU  et  al. [29] de-
veloped  a  lung  cancer  prediction  nomogram  model  us-
ing  indicators  selected  through  least  absolute  shrinkage
and selection operator (LASSO) regression. They evaluat-
ed  the  model  using  reciever  operating  characteristic

(ROC)  curve  and  calibration  curve  analyses.  The  results
showed that the nomogram model could serve as a non-
invasive  screening  tool  to  assist  in  predicting  the  risk  of
lung  cancer. Figure  2 shows  the  research  procedure  of
digital auscultation, including pre-collection preparation,
collection  process,  characteristic  parameter  extraction,
and data analysis [7].

Pulmonary diseases frequently result in alterations in
cough  and  breathing  patterns,  which  are  routinely  uti-
lized  as  diagnostic  indicators  in  clinical  practice.  Future
research in auscultation should further explore its  appli-
cation in differential diagnosis and early risk assessment,
while  also  assessing  the  severity,  progression,  and  prog-
nosis of diseases. 

4.2 Research  on  classification  of  pulmonary  diseases
syndromes

In TCM theory, it is often stated that “treatment should be
based on syndrome differentiation”. Prior to initiating the
corresponding  treatment,  if  the  pulmonary  diseases  can
be further classified from the perspective of TCM diagno-
sis, that is, to distinguish among different syndromes, this
will  provide  a  more  effective  reference  for  subsequent
treatment, thereby making the prescription more targeted.

SONG et al. [15] investigated the voice formant charac-
teristics of patients with pulmonary nodules. They classi-
fied  the  patient’s  syndrome  into  deficiency  syndrome,
excess  syndrome,  and  a  blend  of  excess  and  deficiency

 

Table 1   Characteristic parameters of auscultation diagnosis

Parameter type Name Implication

Frequency
parameter

F0 Fundamental frequency, the lowest natural frequency when the vocal cords vibrate

Jitter The frequency difference between adjacent vocal cord vibration cycles

F1 frequency Center frequency of first format

F2 frequency Center frequency of second format

F3 frequency Center frequency of third format

F1 bandwidth Bandwidth of first format

F2 bandwidth Bandwidth of second format

F3 bandwidth Bandwidth of third format

Energy/amplitude
parameter

Shimmer The amplitude difference between adjacent vocal cord vibration cycles

Loudness The intensity of the signal obtained from an auditory spectrum

HNR Ratio of harmonic energy to noise energy

H1-H2 Ratio of energy of the fundamental harmonic to the second harmonic

H1-A3 Ratio of energy of the fundamental harmonic to the highest harmonic within the third
octave above the fundamental

F1 amplitude Amplitude of first format

F2 amplitude Amplitude of second format

F3 amplitude Amplitude of third format

Spectral parameter

Alpha ratio Ratio of summed energy in the 50 – 1 000 Hz and 1 – 5 kHz

Slope 0 – 500 Hz Linear regression slope of logarithmic power spectrum in 0 – 500 Hz band

Slope 500 – 1 500 Hz Linear regression slope of logarithmic power spectrum in 500 – 1 500 Hz band

MFCC Mel frequency cepstral coefficients, simulating human ear perception of sound and
indicating timbre

Spectral flux Difference in spectrum between two consecutive frames
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syndrome, and identified the differences in the voice for-
mant  frequencies  among  these  groups.  For  example,
the  mean  F3  frequency  of  phonetic  vowel  [e]  in  patients
with  excess  syndrome  was 2 768.74 Hz,  compared  to
2 934.83 Hz  in  those  with  the  blend  of  excess  and  defi-
ciency  syndrome.  Combined  with  imaging  examination,
this  analysis  can  assist  in  the  diagnosis  of  pulmonary
nodules. CHENG et al. [30] conducted a study on the voic-
es  of  COPD  patients.  They  applied  artificial  intelligence
(AI)  analysis  to  explore  their  auscultation  characteristic
parameters  of  these  patients,  classified  them  into  syn-
drome differentiation categories based on clinical condi-
tions,  and incorporated TCM symptoms and signs to  es-
tablish a decision tree model. However, there was no sta-
tistical  significance  between  the  parameters  of  different
major  symptoms.  In  contrast,  the  analysis  based  on  dis-
ease location demonstrated statistical significance. It still
shows that  some parameters  can reflect  the condition of
stable  COPD  patients.  CHEN  et  al. [31] recruited  342  pa-
tients with pulmonary diseases and categorized them in-
to  four  groups  based  on  syndrome  types:  lung  Qi-defi-
ciency, kidney Qi-deficiency, lung Qi and Yin-deficiency,
and  excess  syndrome.  They  employed  wavelet  packet
transform  and  approximate  entropy  methods  to  process
and analyze sound signals,  extracting wavelet packet en-
ergy and Shannon entropy characteristics. Subsequently,
support vector machine (SVM) and backpropagation (BP)
neural  network  algorithms  were  utilized  to  classify  and
recognize  the  samples  from  different  syndrome  types.
The  results  showed  that  the  recognition  accuracy
achieved 83.67% and 71.95% for SVM and BP neural net-
work,  respectively.  LU  et  al. [7] explored  the  acoustic  dif-
ferences  of  patients  with  pulmonary  nodules,  categoriz-
ing  156  of  them  into  Qi  deficiency  syndrome,  Yin  defi-
ciency syndrome, phlegm dampness syndrome, and oth-
er  syndromes.  Based  on  the  variations  in  formant  fre-
quencies  between  patients  with  Qi  deficiency  syndrome
and those with phlegm dampness syndrome, researchers

inferred  the  impact  of  different  internal  mechanisms  on
the speech.

In  research  focusing  on  auscultation  for  syndrome
diagnosis,  data  mining  and  machine  learning  methods
are frequently utilized to compare acoustic signals, there-
by  facilitating  the  distinction  and  classification  of
syndromes to enhance the accuracy of diagnosis. Howev-
er,  such  studies  remain  relatively  scarce,  necessitating
further  in-depth  exploration  in  the  realms  of  diagnostic
model  establishment  and  classification  standard
formulation. 

5 Discussion
 

5.1 Establishing standardized auscultation collection and
analysis protocols

Standardizing the collection and analysis  of  auscultation
data  is  crucial  for  diagnosing  pulmonary  diseases  and
syndromes.  However,  auscultation  technology  is  still  in
its nascent stages, facing numerous challenges, including
standardized collection methods, equipment, and analyt-
ical  algorithms.  The Phoniatrics  Committee of  European
Laryngological  Society  (ELS)  recommends that  ausculta-
tion  collection  should  be  conducted  in  a  soundproof
room where ambient noise is kept below 50 decibels, and
that  a  constant  distance  of  10  cm  should  be  maintained
between  the  mouth  and  the  microphone [32].  EYBEN
et  al. [23] have proposed basic  standard acoustic  parame-
ters  for  automatic  speech  analysis.  Additionally,  several
factors  should  be  fully  considered  during  speech  collec-
tion,  including  gender,  age,  vocal  organ  structure
changes,  smoking  habits,  alcohol  consumption,  long-
term exposure to dust or toxic gases, and medical history
(such as hyperlipidemia) [33-35]. To enhance the clinical di-
agnosis of pulmonary diseases, it is crucial to summarize
large-scale  auscultation  studies  and  establish  standard-
ized protocols for collection and analysis. 
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Figure 2   Research procedure of digital auscultation
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5.2 Introducing intelligent analytical methods for auscul-
tation features

In  the  aforementioned  studies,  the  primary  focus  has
been on wavelet packet transform (WPT) technology and
data  mining.  WPT  excels  in  processing  non-stationary
signals,  facilitating  detailed  analysis  of  local  signal  char-
acteristics.  Data  mining  extracts  association  rules  from
vast datasets, aiding in the identification of potential dis-
ease  biomarkers [36].  However,  both  methods  have  their
limitations,  particularly  in  terms  of  data  preprocessing
and algorithm selection.

To  enhance  analysis  efficiency  and  accuracy,  ad-
vanced AI techniques tailored to the acoustic characteris-
tics  and  objectives  of  the  study  must  be  introduced.  AI
methods  for  processing  speech  signals  include  deep
learning,  machine  learning,  natural  language  processing
(NLP), and recurrent neural networks (RNN). Deep learn-
ing,  which  leverages  multi-layer  neural  networks,  excels
in  complex  feature  extraction  and  pattern  recognition.
The  integration  of  deep  learning  with  signal  processing
techniques significantly enhances analysis and classifica-
tion  of  lung  auscultation [37].  Machine  learning  methods,
such as SVM and random forest, are employed for classi-
fication  and  regression  tasks.  NLP  technology  can  pro-
cess, identify, and model speech data in natural language,
and  further  analyze  emotional  responses.  This  makes
NLP  well-suited  for  evaluating  neurological  disorders,
such  as  Alzheimer's  disease,  which  is  characterized  by
cognitive and linguistic impairments [38].  As a specialized
type  of  RNN,  long  short-term  memory  (LSTM)  exhibits
high prediction accuracy, particularly in processing time-
series  data  and  capturing  sequential  patterns  within
speech signals [39]. Additionally, multimodal data analysis
enables the integration of speech signals with image data
and  physical/chemical  indicators,  thereby  offering  a
more  comprehensive  perspective  on  understanding  dis-
ease  mechanisms  through  data  complementarity.  These
analytical  techniques are anticipated to provide stronger
support  for  the development of  auscultation and clinical
diagnosis. 

5.3 Exploring the value of auscultation features in the di-
agnosis of pulmonary diseases and syndromes

Auscultation  features  provide  insights  into  lung  condi-
tions  by  analyzing  the  patient’s  speech  signals,  with  dif-
ferent  features  revealing  various  information  about  the
mechanisms  of  voice  production  and  the  status  of  vocal
organs.  For  example,  F0  characteristics  can  reflect  air-
flow  limitations  in  COPD  patients,  while  formant  ampli-
tudes  and  HNR  can  assist  in  screening  patients  for
pulmonary  nodules.  Additionally,  special  features  such
as  adventitious  respiratory  sounds  are  indicative  of
underlying  lung  pathology.  By  exploring  the  potential

applications of these auscultation features in discrimina-
tion,  grading  assessment,  and  prognosis  prediction  for
pulmonary diseases and syndromes, their diagnostic val-
ue can be fully demonstrated. This contribution can facil-
itate  future  research,  such  as  the  exploration  of  benign
and malignant pulmonary nodules, and the early screen-
ing of lung cancer.

Furthermore,  the  application  of  auscultation  should
not be limited to pulmonary diseases but should be more
comprehensively  explored  in  the  context  of  various  sys-
temic  conditions.  Lastly,  by  integrating  other  TCM  diag-
nostic information and western medical indicators, it will
help to enhance the accuracy and efficiency of diagnosis
from multiple dimensions. 

6 Conclusion

This  review  offers  a  comprehensive  overview  of  the  re-
search on auscultation over the past decade, particularly
focusing  on  the  advancements  in  equipment  and  sys-
tems, characteristic parameters, and their applications in
the diagnosis of pulmonary diseases and syndromes. Pre-
cise  equipment  and  systems  have  aided  researchers  in
more  meticulously  capturing  human  body  sounds;  vari-
ous  characteristic  parameters,  representing  different
physical  properties,  have  been  utilized  by  researchers  to
investigate  the  intrinsic  mechanisms  of  diseases.  Ulti-
mately,  these  have  been  applied  in  the  diagnosis  of  pul-
monary diseases and syndromes, exploring the sound dif-
ferences  between  patients  and  healthy  individuals,
among  different  subtypes,  and  various  syndrome  types,
thereby laying a  foundation for  intelligent  diagnosis,  dif-
ferentiation, and early warning. 

Fundings

National Natural Science Foundation of China (82104738),
and  National  Administration  of  Traditional  Chinese
Medicine  (TCM)  High-level  Key  Discipline  Construction
Project: TCM Diagnostics (ZYYZDXK-2023069). 

Competing interests

Jiatuo  XU  is  an  editorial  board  member  for Digital  Chi-
nese  Medicine and  was  not  involved  in  the  editorial  re-
view or the decision to publish this article. All authors de-
clare that there are no competing interests.

References 

 DENG  TT,  CHEN  Q,  GUO  ZQ,  et  al.  Diagnostics  in  Chinese
Medicine.  Shanghai:  Shanghai  Science and Technology Press,
1984.

[1]

 ZHU SY, GAO F. Overview on the study of medical information
in  oracle  bone  inscriptions. Medicine  &  Philosophy, 2024,
45(3): 70–73.

[2]

Shuyi ZHANG, et al. / Digital Chinese Medicine 8 (2025) 20-27 Digital auscultation research and its application in pulmonary diseases and syndromes    25

https://doi.org/10.12014/j.issn.1002-0772.2024.03.15


 CHEN CF, WANG YQ, YAN HX, et al. Overview of objectivity in
auscultation of TCM. Chinese Archives of Traditional Chinese
Medicine, 2014, 32(3): 483–485.

[3]

 ASIAEE M, VAHEDIAN-AZIMI A, ATASHI SS, et al. Voice qual-

ity evaluation in patients with COVID-19: an acoustic analysis.

Journal of Voice, 2022, 36(6): 879.e13–879.e19.

[4]

 ZHANG  WL,  QU  XZ,  SONG  B,  et  al. The  role  of  heart  sound

spectrograms  in  monitoring  left  ventricular  function  in  pa-

tients  with  mitral  regurgitation. Cardio-cerebrovascular  Dis-

ease Prevention and Treatment, 2022, 24(1): 9–12, 20.

[5]

 DONG  W,  WANG  YQ,  ZHENG  RH,  et  al. Syndrome  feature

analysis  of  voice  signal  in  patients  with  chronic  pharyngitis.

Hebei  Journal  of  Traditional  Chinese  Medicine, 2015, 37(11):

1613–1619.

[6]

 LU  Z,  SHA  JJ,  JIANG  T,  et  al. Diagnostic  features  of  voice  sig-

nals  in  patients  with  pulmonary  nodules  and  its  correlation

with traditional  Chinese medicine syndromes. Shanghai  Jour-

nal of Traditional Chinese Medicine, 2024, 58(2): 46–51.

[7]

 WANG  WH,  ZHANG  Y. Clinical  study  of  cardiac  auscultation

diagrams  in  diagnosis  of  pulmonary  hypertension. Modern

Medicine Journal of China, 2024, 26(5): 34–37.

[8]

 SÁNCHEZ MORILLO D,  ASTORGA MORENO S,  FERNÁNDEZ

GRANERO  MÁ,  et  al. Computerized  analysis  of  respiratory

sounds during COPD exacerbations. Computers in Biology and

Medicine, 2013, 43(7): 914–921.

[9]

 RAMÍREZ  DAM,  JIMÉNEZ  VMV,  LÓPEZ  XH,  et  al. Acoustic

analysis  of  voice  and  electroglottography  in  patients  with

laryngopharyngeal  reflux. Journal  of  Voice, 2018, 32(3):

281–284.

[10]

 CAVALCANTI  JC,  ENGLERT  M,  OLIVEIRA  MJ,  et  al. Micro-

phone and audio compression effects on acoustic voice analy-

sis: a pilot study. Journal of Voice, 2023, 37(2): 162–172.

[11]

 DING  XX,  WU  ZP,  GAO  MZ,  et  al. A  high-sensitivity  bowel

sound  electronic  monitor  based  on  piezoelectric  microma-

chined  ultrasonic  transducers. Micromachines, 2022, 13(12):

2221.

[12]

 WEI  ZR,  ZHANG  X,  HU  ZQ,  et  al. Development  of  portable

bowel sound monitor. Chinese Journal of Medical Instrumen-

tation, 2019, 43(6): 418–421.

[13]

 ZHANG  W,  QU  JN,  CUE  QB. A  Study  of  the  correlation  be-

tween  pathological  voice  subjective  evaluation  and  acoustic

analysis. Journal  of  Audiology  and  Speech  Pathology, 2012,

20(6): 544–546.

[14]

 SONG  XY,  XU  ZX,  WANG  SJ. Preliminary  investigation  of  the

phonetic  formant  of  121  cases  of  patients  with  pulmonary

nodules. Modernization  of  Traditional  Chinese  Medicine  and

Materia-World  Science  and  Technology, 2019, 21(12):

2904–2908.

[15]

 WU Q. The Golden Mirror of Medicine. Beijing: People's Medi-

cal Publishing House, 1957.

[16]

 XU  JP,  CHENG  JZ. Time-varying  spectral  analysis  of  lung  sig-

nals. Journal of Biomedical Engineering, 1995, 12(3): 244–248.

[17]

 ZHANG XY. Research of lung sound recognition and diagnosis

based  on  BP  neural  network. Electronic  Test, 2016, 13:

111–113.

[18]

 PRAMONO RXA, BOWYER S, RODRIGUEZ-VILLEGAS E. Auto-

matic adventitious respiratory sound analysis: a systematic re-

view. PLoS One, 2017, 12(5): e0177926.

[19]

 GILLIVAN-MURPHY P, MILLER N, CARDING P. Voice tremor[20]

in  Parkinson’s  disease:  an  acoustic  study. Journal  of  Voice,

2019, 33(4): 526–535.

 ENGLERT  M,  LIMA  L,  LATOSZEK  BBV,  et  al.  Influence  of  the

voice  sample  length  in  perceptual  and  acoustic  voice  quality

analysis. Journal of Voice, 2022, 36(4): 582.e23–582.e32.

[21]

 LIU SW, SHAO J. Current methods of acoustic analysis of voice:

a  review. Journal  of  Clinical  Otorhinolaryngology  Head, 2022,

36(12): 966–976.

[22]

 EYBEN  F,  SCHERER  KR,  SCHULLER  BW,  et  al. The  Geneva

minimalistic  acoustic  parameter  set  (GeMAPS)  for  voice  re-

search  and  affective  computing. IEEE  Transactions  on  Affec-

tive Computing, 2015, 7(2): 190–202.

[23]

 YIN HH, ZHANG BN, ZHANG ZY, et al. Basic Theories of Tra-

ditional  Chinese  Medicine.  Shanghai:  Shanghai  Science  and

Technology Press, 1984.

[24]

 LU JW, CHEN SY, YUAN LF, et al. Application development of

intelligent auscultation system based on Matlab deep learning.

Chinese Journal of Medical Physics, 2023, 40(5): 602–608.

[25]

 WANG Z, XIONG YX. Lung sound patterns help to distinguish

congestive  heart  failure,  chronic  obstructive  pulmonary  dis-

ease,  and  asthma  exacerbations. Academic  Emergency

Medicine, 2012, 19(1): 79–84.

[26]

 MOSCHOVIS PP, SAMPAYO EM, COOK A, et al. The diagnosis

of  respiratory  disease  in  children  using  a  phone-based  cough

and symptom analysis  algorithm:  The smartphone recordings

of cough sounds 2 (SMARTCOUGH-C 2) trial design. Contem-

porary Clinical Trials, 2021, 101: 106278.

[27]

 CHEN ZA, LI MY, WANG RY, et al. Diagnosis of COVID-19 via

acoustic  analysis  and  artificial  intelligence  by  monitoring

breath  sounds  on  smartphones. Journal  of  Biomedical  Infor-

matics, 2022, 130: 104078.

[28]

 LU Z, SHA JJ,  ZHU XX, et al. Development and validation of a

nomogram  for  predicting  lung  cancer  based  on  acoustic-

clinical features. Frontiers in Medicine, 2025, 12: 1507546.

[29]

 CHENG SY. Study on the characteristics of patients with chronic

obstructive pulmonary disease in stable stage.  Beijing:  Beijing

University of Chinese Medicine, 2021: 1-64.

[30]

 CHEN CF, WANG YQ, XU J, et al. Voice signal acquisition and

characteristic  analysis  of  342  patients  with  pulmonary  dis-

eases. Shanghai  Medical  &  Pharmaceutical  Journal, 2022,

43(14): 21–25.

[31]

 DEJONCKERE  PH,  BRADLEY  P,  CLEMENTE  P,  et  al. A  basic

protocol  for  functional  assessment  of  voice  pathology,  espe-

cially  for  investigating  the  efficacy  of  (phonosurgical)  treat-

ments  and  evaluating  new  assessment  techniques.  Guideline

elaborated  by  the  Committee  on  Phoniatrics  of  the  European

Laryngological  Society  (ELS). European  Archives  of  Oto-Rhi-

no-Laryngology, 2001, 258(2): 77–82.

[32]

 SONG  XY,  WANG  SJ,  XU  ZX,  et  al. Preliminary  study  on  pho-

netic characteristics of patients with pulmonary nodules. Jour-

nal of Integrative Medicine, 2020, 18(6): 499–504.

[33]

 PORTER P, ABEYRATNE U, SWARNKAR V, et al. A prospective

multicentre  study  testing  the  diagnostic  accuracy  of  an  auto-

mated cough sound centred analytic system for the identifica-

tion of  common respiratory disorders  in children. Respiratory

Research, 2019, 20(1): 81.

[34]

 SHEN JX,  YU LS.  The effects  of  cigarette  smoking and alcohol

drinking  on  voice  and  larynx.  China  Journal  of  Modern

Medicine, 2015, 25(7): 79-82.

[35]

26 Shuyi ZHANG, et al. / Digital Chinese Medicine 8 (2025) 20-27

https://doi.org/10.13193/j.issn.1673-7717.2014.03.011
https://doi.org/10.13193/j.issn.1673-7717.2014.03.011
https://doi.org/10.1016/j.jvoice.2020.09.024
https://doi.org/10.3969/j.issn.1009-816x.2024.01.003
https://doi.org/10.3969/j.issn.1009-816x.2024.01.003
https://doi.org/10.3969/j.issn.1009-816x.2024.01.003
https://doi.org/10.3969/j.issn.1009-816x.2024.01.003
https://doi.org/10.3969/j.issn.1009-816x.2024.01.003
https://doi.org/10.3969/j.issn.1002-2619.2015.11.004
https://doi.org/10.16305/j.1007-1334.2024.2309069
https://doi.org/10.16305/j.1007-1334.2024.2309069
https://doi.org/10.16305/j.1007-1334.2024.2309069
https://doi.org/10.3969/j.issn.1672-9463.2024.05.007
https://doi.org/10.3969/j.issn.1672-9463.2024.05.007
https://doi.org/10.1016/j.compbiomed.2013.03.011
https://doi.org/10.1016/j.compbiomed.2013.03.011
https://doi.org/10.1016/j.jvoice.2017.05.009
https://doi.org/10.1016/j.jvoice.2020.12.005
https://doi.org/10.3390/mi13122221
https://doi.org/10.3969/j.issn.1671-7104.2019.06.007
https://doi.org/10.3969/j.issn.1671-7104.2019.06.007
https://doi.org/10.3969/j.issn.1671-7104.2019.06.007
https://doi.org/10.3969/j.issn.1006-7299.2012.06.010
https://doi.org/10.11842/wst.20180130001
https://doi.org/10.11842/wst.20180130001
https://doi.org/10.11842/wst.20180130001
https://doi.org/10.11842/wst.20180130001
https://doi.org/10.16520/j.cnki.1000-8519.2016.13.053
https://doi.org/10.1371/journal.pone.0177926
https://doi.org/10.1016/j.jvoice.2017.12.010
https://doi.org/10.13201/j.issn.2096-7993.2022.12.016
https://doi.org/10.1109/TAFFC.2015.2457417
https://doi.org/10.1109/TAFFC.2015.2457417
https://doi.org/10.1109/TAFFC.2015.2457417
https://doi.org/10.3969/j.issn.1005-202X.2023.05.013
https://doi.org/10.1111/j.1553-2712.2011.01255.x
https://doi.org/10.1111/j.1553-2712.2011.01255.x
https://doi.org/10.1016/j.cct.2021.106278
https://doi.org/10.1016/j.cct.2021.106278
https://doi.org/10.1016/j.jbi.2022.104078
https://doi.org/10.1016/j.jbi.2022.104078
https://doi.org/10.1016/j.jbi.2022.104078
https://doi.org/10.3389/fmed.2025.1507546
https://doi.org/10.1007/s004050000299
https://doi.org/10.1007/s004050000299
https://doi.org/10.1007/s004050000299
https://doi.org/10.1007/s004050000299
https://doi.org/10.1007/s004050000299
https://doi.org/10.1007/s004050000299
https://doi.org/10.1016/j.joim.2020.09.004
https://doi.org/10.1016/j.joim.2020.09.004
https://doi.org/10.1186/s12931-019-1046-6
https://doi.org/10.1186/s12931-019-1046-6


 SHEN XJ. The objective research for ausculation in traditional

Chinese medicine based on wavelet packet and support vector

machine.  Shanghai:  East  China  University  of  Science  and

Technology, 2011.

[36]

 KHAN  R,  KHAN  SU,  SAEED  U,  et  al. Auscultation-based  pul-

monary disease detection through parallel transformation and

deep learning. Bioengineering, 2024, 11(6): 586.

[37]

 WU  F,  LI  ST,  LV  SY,  et  al. Application  of  artificial  intelligence

natural language processing in Alzheimer’s disease. Journal of

Chongqing Medical University, 2021, 46(11): 1306–1309.

[38]

 ZHANG  PZ,  SWAMINATHAN  A,  UDDIN  AA. Pulmonary  dis-

ease  detection  and  classification  in  patient  respiratory  audio

files using long short-term memory neural networks. Frontiers

in Medicine, 2023, 10: 1269784.

[39]

 
 

数字声诊研究进展：设备与系统、特征参数及其在肺部病证诊断中的应用

张疏逸, 江涛, 许家佗*

上海中医药大学中医学院, 上海 201203, 中国

 
【摘要】中医声诊源远流长，随着声诊设备与分析方法的不断发展，目前已初步实现声诊参数的量化分析。

但由于声诊的复杂性和多样性，以及不同设备、方法和应用场景之间的差异，导致声诊研究在标准化和深入

应用方面存在许多挑战。本文综述了近 10 年声诊采集设备与系统、声诊特征参数及其在肺部疾病与证候诊

断中的应用等研究进展，深入剖析当前声诊数字化研究取得的进展及存在的问题，并提出应建立标准化声诊

采集分析方案、引入更为先进的人工智能声诊分析方法、揭示声诊特征在肺部病证诊断中的价值，为肺部病

证的智能诊断提供更精准的决策支持。

【关键词】数字声诊；设备与系统；特征参数；肺部病证；智能诊断
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