
Introduction 
Dysphonia	  nega-vely	  affects	  speech	  intelligibility	  especially	  
in	  the	  presence	  of	  background	  noise;	  however,	  no	  clinical	  
tool	  exists	  to	  measure	  this	  deficit.	  Landmark	  (LM)	  analysis	  
may	  serve	  as	  the	  basis	  of	  such	  tool.	  	  The	  analysis	  iden-fies	  
characteris-c	  paEerns	  of	  abrupt	  changes	  in	  the	  speech	  
signal	  over	  -me,	  and	  assigns	  them	  par-cular	  “landmarks.”	  	  
Consequently,	  it	  describes	  speech	  as	  a	  sequence	  of	  LMs.	  	  	  

intelligibility	  deficits.	  	  

The	  purpose	  of	  this	  study	  was	  to	  characterize	  differences	  in	  
LM	  sequence	  between	  normal	  and	  dysphonic	  speech	  based	  
on	  their	  entropy	  of	  count	  distribu-on	  and	  entropy	  of	  
sta-onary	  distribu-on.	  	  
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•  Even	  aUer	  the	  collapse,	  11	  out	  of	  36	  dysphonic	  speakers	  
were	  missing	  the	  grouped	  LMs.	  	  None	  of	  the	  normal	  
speakers	  were	  missing	  the	  grouped	  LMs.	  	  

•  The	  entropies	  calculated	  directly	  from	  the	  LM	  sequence	  and	  
the	  sta-onary	  distribu-on	  of	  the	  LMs	  were	  similar.	  	  

•  Wilcoxon	  	  rank	  sum	  test	  indicated	  that	  the	  difference	  was	  
sta-s-cally	  significant	  (p	  <	  0.01).	  

•  Area	  under	  the	  ROC	  curve	  was	  0.83,	  which	  rejects	  the	  
hypothesis,	  H0:	  AUC	  =	  0.5.	  	  

•  A	  diagnos-c	  test	  emerges	  from	  the	  ROC	  curve	  analysis:	  
!  Test	  is	  posi-ve	  (indica-ng	  dysphonia)	  if	  Entropy	  ≤	  0.777	  
!  Test	  is	  nega-ve	  (indica-ng	  normal)	  if	  Entropy	  >	  0.777	  
!  Sensi-vity	  of	  the	  test	  =	  0.67;	  specificity	  of	  the	  test	  =	  0.86	  

Extracted	  1st	  Sentence	  of	  Rainbow	  Passage	  from	  Kay	  
Disordered	  Voice	  Database	  (33	  Normal,	  36	  Dysphonic) 

Results 

Dysphonic	  speech	  oUen	  contains	  greater	  noise	  and/or	  less	  
harmonic	  power,	  poten-ally	  affec-ng	  expression	  of	  the	  
LMs.	  Past	  studies	  successfully	  differen-ated	  disordered	  

An	  example	  of	  
LM	  analysis	  by	  
SpeechMark	  
WaveSurfer	  plug-‐
in	  version	  

Symbol	   Mnemonic	   Rule	  

+/-‐g	  
GloEal	  onset/
offset	  

[+g]:	  Beginning	  of	  sustained	  vocal	  fold	  vibra-on,	  i.e.,	  of	  periodicity	  or	  of	  power	  
and	  spectral	  slope	  similar	  to	  that	  of	  a	  nearby	  segment	  of	  sustained	  periodicity.	  
[-‐g]:	  End	  of	  sustained	  vocal	  fold	  vibra-on	  

+/-‐b	  
Burst	  onset/
offset	  

At	  least	  3	  of	  5	  frequency	  bands	  show	  simultaneous	  power	  increases(	  [+b])	  or	  
decreases	  ([-‐b])	  of	  at	  least	  6	  dB	  in	  both	  the	  finely	  smoothed	  and	  the	  coarsely	  
smoothed	  contours,	  in	  an	  unvoiced	  segment	  (not	  between	  +g	  and	  the	  next	  ‑g)	  

+/-‐s	  
Syllabic	  onset/
offset	  

At	  least	  3	  of	  5	  frequency	  bands	  show	  simultaneous	  power	  increases([+s])	  or	  
decreases	  ([-‐s])	  of	  at	  least	  6	  dB	  in	  both	  the	  finely	  smoothed	  and	  the	  coarsely	  
smoothed	  contours,	  in	  a	  voiced	  segment	  (between	  +g	  and	  the	  next	  ‑g)	  

+/-‐f	  
Frica-on	  onset/
offset	  

At	  least	  3	  of	  5	  frequency	  bands	  show	  simultaneous	  power	  increases([+f])	  or	  
decreases	  ([-‐f])	  at	  high	  frequencies	  and	  decreases	  at	  low	  frequencies	  (unvoiced	  
segment)	  

+/-‐v	  
Voiced	  frica-‐
-on	  onset/
offset	  

At	  least	  3	  of	  5	  frequency	  bands	  show	  simultaneous	  power	  increases([+v])	  or	  
decreases	  ([-‐v])	  	  at	  high	  frequencies	  and	  decreases	  at	  low	  frequencies	  (voiced	  
segment)	  
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Conclusion 
The	  results	  of	  the	  study	  indicated	  that	  the	  variability	  in	  LM	  
sequence	  is	  a	  useful	  	  biomarker	  for	  detec-ng	  acous-cal	  
difference	  between	  normal	  and	  dysphonic	  speech.	  The	  analyses	  
revealed	  that	  paEerns	  in	  LM	  sequences	  for	  dysphonic	  speech	  
are	  significantly	  less	  variable	  (i.e.	  more	  predictable)	  in	  
comparison	  to	  normal	  speech.	  This	  finding	  suggests	  that	  
intelligibility	  deficits	  in	  dysphonic	  speech	  may	  be	  due	  to	  the	  
masking	  of	  segmental	  informa-on	  inherent	  to	  dysphonic	  
speech.	  The	  entropies	  for	  count	  distribu-on	  and	  sta-onary	  
distribu-on	  of	  LMs	  were	  	  very	  close,	  which	  implies	  that	  
examining	  one-‐step	  transi-on	  	  does	  not	  illustrate	  the	  difference	  
in	  LM	  sequences	  	  beEer	  than	  examining	  count	  distribu-on	  of	  
LMs	  alone.	  	  	  	  
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Normal	   Dysphonic	  

Count	  Distribu-on	   0.81	   0.73	  

Sta-onary	  Distribu-on	   0.79	   0.75	  

Boxplots	  for	  the	  entropy	  of	  LM	  sequence	  
for	  normal	  and	  dysphonic	  speakers	  

ROC	  curve	  for	  the	  entropy	  in	  LM	  
sequences	  

Means	  of	  Entropy	  

speech	  from	  normal	  speech	  based	  on	  
the	  number	  of	  -mes	  each	  LM	  occurs.	  	  
While	  the	  count	  was	  a	  sufficient	  
measure	  for	  these	  purposes,	  transi-onal	  

paEerns	  in	  LM	  sequences	  
may	  yield	  more	  descrip-ve	  
informa-on	  on	  the	  under-‐
lying	  mechanism	  of	  the	  	  

Ten	  LMs	  	  shown	  below	  were	  examined:	  

Because	  words	  and	  sentences	  impose	  a	  constraint	  on	  the	  
order	  of	  sounds,	  we	  can	  expect	  that	  the	  LM	  sequence	  will	  
have	  paEerns	  that	  are	  par-cular	  to	  the	  form	  of	  the	  
uEerance.	  	  Informa-on	  theory	  and	  Markov	  chain	  model	  are	  
classic	  sta-s-cal	  approaches	  for	  characterizing	  a	  sequence	  
of	  events.	  	  	  

Informa-on	  theory	  is	  concerned	  about	  measuring	  the	  
extent	  of	  chaos	  present	  in	  a	  random	  environment.	  	  
Measuring	  the	  degree	  of	  chaos	  present	  in	  LM	  paEerns	  in	  
speech	  signal	  may	  be	  a	  way	  to	  understand	  and	  characterize	  
abnormali-es	  in	  speech.	  	  	  Entropy	  is	  a	  tool	  to	  measure	  the	  
degree	  of	  chaos.	  	  

Markov	  chain	  models	  are	  used	  to	  explain	  -me	  evolu-on	  of	  
random	  phenomenon.	  	  The	  models	  are	  appropriate	  for	  
understanding	  transi-on	  of	  one	  LM	  into	  another.	  The	  
transi-on	  sequence	  data	  of	  LMs	  for	  a	  subject	  can	  be	  u-lized	  
to	  es-mate	  the	  1-‐step	  probability	  transi-on	  matrix.	  	  Using	  
the	  transi-on	  matrix	  one	  can	  determine	  the	  sta-onary	  
probability	  distribu-on	  of	  LMs,	  which	  summarizes	  the	  long-‐
term	  frequency	  paEern	  of	  LMs.	  	  	  


