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1.	  IntroducQon	  and	  Background:	  

3.	  Case	  1-‐	  Noise	  analysis:	  2.	  MulQscale	  Entropy	  Analysis:	  

5.	  Case	  3-‐	  Narrowband	  analysis:	  4.	  Case	  2-‐	  Broadband	  analysis:	  

•  The	  MSE	  method	  was	   found	   to	   accurately	  
characterise	   the	   sample	   entropy	   of	   white	  
noise	   when	   compared	   to	   the	   analyQcal	  
soluQon	   described	   by	   Costa	   et	   al.	   (Figure	  
2A).	  

•  Analysis	   of	   various	   types	   of	   noise	   shows	  
that	  underlying	  correlaQon	  (as	  seen	  in	  pink	  
and	   brown	   noise)	   is	   required	   to	   produce	  
increasing	   sample	   entropy	   over	   increasing	  
scale	   factors	   and	   not	   just	   random	  
fluctuaQons	  (as	  seen	  in	  white	  noise)	  (Figure	  
2B).	  

•  This	   allows	   the	   technique	   to	   be	   used	   to	  
analyse	  EEG	  data	  which	   is	   inherently	  noisy	  
as	   white	   noise	   would	   not	   result	   in	   an	  
increase	  in	  complexity	  index	  and	  other	  non-‐
linear	   interacQons	   or	   correlaQons	   in	   the	  
data	  is	  required.	  

•  Early	  diagnosis	  of	  hearing	  condiQons	  such	  as	  central	  auditory	  processing	  disorder	  (CAPD)	  plays	  a	  crucial	  role	  in	  the	  future	  development	  of	  a	  child	  with	  this	  condiQon	  as	  it	  
impacts	  on	  their	  speech.	  	  

•  CondiQons	   such	   as	   CAPD	   cannot	   be	   idenQfied	  with	   standard	  hearing	   tests	   as	   in	   a	   noise	   free	   environment	   the	   child	   can	  understand	   speech	   and	  hear	   tones,	   but	   as	   the	  
environment	  becomes	  increasingly	  noisy,	  understanding	  becomes	  increasingly	  difficult	  for	  them.	  	  

	  
•  EEG	  signals	   in	   the	  brain	  are	  produced	  by	   the	  non-‐linear	   interacQons	  of	  electrical	   signals	   in	   the	  brain.	  When	  sound	  enters	   the	  ear	  an	  auditory	  evoked	  potenQal	   (AEP)	   is	  

produced	  and	  this	  in	  incorporated	  into	  the	  overall	  EEG	  signal.	  

•  Due	  to	  these	  non-‐linear	  interacQons,	  EEG	  signals	  are	  complex	  in	  nature	  and	  as	  such	  complexity	  analysis	  (such	  as	  mulQscale	  entropy)	  can	  be	  used	  to	  detect	  changes	  in	  the	  
signal	  in	  response	  to	  sQmuli.	  This	  technique	  could	  be	  used	  as	  a	  non-‐invasive,	  objecQve	  auditory	  funcQon	  test	  to	  assist	  in	  early	  diagnosis	  of	  condiQons	  like	  CAPD.	  

•  A	  simulated	  AEP	  was	  produced	  using	  the	  model	  
produced	   by	   Rønne	   et	   al.	   (3)	   in	   response	   to	  
either	   a	   sinusoidal	   amplitude	   modulated	   tone	  
or	   a	   speech	   file	   which	   was	   then	   added	   to	   an	  
EEG	   signal	   at	   varying	   signal	   to	   noise	   raQos	  
(SNRs).	  

•  A	   signal	   to	   noise	   raQo	   of	   -‐10	   (p<	   0.01)	   was	  
needed	   to	   detect	   a	   significant	   difference	   from	  
an	  EEG	  signal	  without	  an	  added	  AEP	  for	  an	  AEP	  
produced	  in	  response	  to	  a	  tone	  (Figure	  3A)	  and	  
-‐5	  (p<	  0.01)	  for	  an	  AEP	  produced	  in	  response	  to	  
a	  speech	  file	  (Figure	  3B).	  

•  These	   SNRs	   are	   achievable	   in	   real	   EEG	  
recordings	   and	   thus	   this	   technique	   has	   a	  
potenQal	  use	  as	  a	  test	  for	  auditory	  funcQon.	  

•  Its	  potenQal	  could	  be	  improved	  by	  filtering	  the	  
signal	  as	  it	  is	  known	  that	  informaQon	  is	  carried	  
at	  certain	  wavelengths	  depending	  on	  the	  signal	  
and	  thus	  this	  could	  improve	  the	  SNR	  needed.	  

•  Filtering	   of	   EEG	   data	   to	   remove	   noise	   from	  
bandwidths	   outside	   those	   frequencies	   of	  
interest	   resulted	   in	   an	   overall	   decrease	   in	  
complexity.	  

•  The	   SNR	   to	   detect	   a	   significant	   difference	  
between	  EEG	  and	  that	  containing	  an	  AEP	  was	  
found	   to	   be	   -‐20	   for	   addiQon	   of	   an	   AEP	  
produced	   in	   response	   to	   a	   tone	   (p<	   0.01)	  
(Figure	  4A)	  and	  -‐5	  for	  the	  addiQon	  of	  an	  AEP	  
produced	   in	   response	   to	   speech	   (p<	   0.01)	  
(Figure	  4B).	  

•  There	  is	  a	  benefit	  in	  detecQng	  a	  difference	  in	  
signal	   complexity	   when	   filtering	   to	   improve	  
the	  signal	  to	  noise	  raQo.	  

•  However,	   to	   filter	   the	   data	   you	   have	   to	  
specify	   a	   bandwidth	   of	   interest	   and	   thus	  
informaQon	   from	   outside	   this	   bandwidth	   is	  
lost	  (along	  with	  noise).	  

5.	  Conclusions:	   •  The	  MSE	  method	  was	  found	  to	  be	  effecQve	  at	  disQnguishing	  EEG	  signal	  from	  EEG	  containing	  simulated	  AEPs	  at	  signal	  to	  noise	  raQos	  that	  
would	  be	  reasonable	  in	  during	  a	  real	  recording.	  

•  Future	  work	  should	  be	  done	  to	  uQlise	  this	  method	  in	  the	  analysis	  of	  real	  EEG	  recordings	  containing	  AEPs	  to	  determine	  if	  this	  method	  could	  
be	  used	  as	  a	  non-‐invasive,	  objecQve	  test	  for	  auditory	  funcQon.	  

Data acquisition and analysis
Arterial blood pressure was monitored predominantly from a radial

artery using a standard pressure monitoring kit (Baxter Healthcare

Corp.). Intracranial pressure was monitored using an intraparenchymal

probe (Codman & Shurtleff, Inc.) in all patients, including those with

an external drainage device. All signals were continuously sampled at a

frequency from 30 to 200 Hz using ICM + software (http://www

.neurosurg.cam.ac.uk/icmplus). Time trends of mean intracranial pres-

sure and other derived parameters were constructed with a rate of one

sample every 10 s, thus suppressing pulse and respiratory waves and

focusing entirely on the slow fluctuations of intracranial pressure. For

calculation of pressure reactivity index, a moving Pearson correlation

coefficient was obtained from changes of arterial blood pressure and

intracranial pressure in a window of 30 consecutive 10-s time aver-

ages. Only segments of intracranial pressure, when cerebral perfusion

pressure was 530 mm Hg, were included in order to avoid analysing

data from dead brain.

Patient demographics
Seven patients in a low awareness state (vegetative or minimally con-

scious) were excluded from analysis because of the small number and

greater heterogeneity compared with other outcome groups. A total of

290 patients were enrolled for analysis and the baseline characteristics

divided into different Glasgow Outcome Scale groups are shown in

Table 1. The average age was 38 years [standard deviation (SD) 16.5

years] with 78% male and 22% female. Moderate disability was

observed in the youngest group (32.8 ! 13.9 years; 61.2% male)

while the oldest (45.1 ! 17.2 years; 89% male) group tended more

towards fatal outcome. The median admission Glasgow Coma Scale

was 6 [interquartile range (IQR) 3–9], and unsurprisingly the group

with a fatal outcome had the lowest median Glasgow Coma Scale (5;

IQR 3–8) compared with the other groups. The proportion of patients

with a Glasgow Coma Scale of 48 was 73.5% versus 78.9% in sur-

vival versus death outcome group and 68% versus 80.5% in favour-

able versus unfavourable outcome group. The median data length for

analysis was 4 days (range 0.2–19.6 days) and there was no significant

difference between groups in this respect.

Multiscale entropy analysis
Multiscale entropy was calculated as described by Costa et al. (2002,

2005). Briefly, the multiscale entropy analysis constructs a set of

coarse-grained time series constructed by replacing a progressively

increasing number of data points in non-overlapping windows by

their mean values. This procedure starts with the original times

series, described as the Scale 1 series. The Scale 2 time series is

made up of averages of consecutive pairs of data points, and so it is

represented by half as many data points. Scale 3 uses averages of

three data points and its length decreases 3-fold, and so on

(Fig. 1A). In this study, we coarse-grained the original time series up

to scale factor 20.

Figure 1 The illustration of (A) the coarse graining procedure
and (B) sample entropy. For length m = 2, two sequences
(dotted circle) match the first two data points and one sequence
(circle) matches the first three data points (length m + 1). This
matching process is repeated for the next two data points and
then all sequences to determine the total number of matches of
length m and m + 1. Sample entropy is calculated as the nega-
tive natural logarithm of the ratio between the number of length
m + 1 matches and the number of length m matches.

Table 1 Demographic data of 290 subjects

Good outcome Moderate disability Severe disability Dead P-value

n 49 77 93 71

Age (years) 34.2 ! 17.7 32.8 ! 13.9 39.9 ! 15.3 45.1 ! 17.2 0.00001

Male (%) 61.2 84.4 75.3 85.9 0.005

GCS 7 (4–10) 8 (5–11) 6 (3–8) 5 (3–8) 0.015

Data length (days) 4.3 ! 3.8 5.6 ! 4.4 5.0 ! 4.1 5.1 ! 4.1 0.348

Numerical data are expressed as mean ! SD and compared with one-way ANOVA. Categorical data are expressed as number (percentage) or median (IQR) and compared
with chi-square test. GCS = Glasgow Coma Scale.
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Figure	  1:	  The	  coarse-‐graining	  procedure	  is	  shown	  in	  A.	  This	  
involves	   averaging	   the	   original	   Qme	   series	   in	   non-‐
overlapping	   windows	   of	   the	   same	   length	   as	   the	   scale	  
factor.	   B	   shows	   how	   sample	   entropy	   is	   calculated	   (2).	  
IniQally	  Matching	  vectors	  of	  length	  m	  within	  a	  tolerance	  r	  is	  
determined	   and	   then	   the	   number	   of	   these	   vectors	   that	  
match	   at	   vector	   length	   m+1	   is	   calculated	   before	   the	  
negaQve	  natural	  logarithm	  is	  taken.	  
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Figure	  2:	  MulQscale	  entropy	  analysis	  was	  used	  
to	  analyse	  the	  complexity	  of	  different	  kinds	  of	  
noise.	   Figure	   A	   shows	   the	   complexity	  
calculated	   by	   the	  method	  when	   compared	   to	  
the	  analyQcal	  soluQon	  described	  by	  costa	  et	  al.	  
Different	  kinds	  of	  noise	  were	  then	  analysed	  in	  
figure	   B	   with	   increasing	   content	   of	   low	  
frequency	  signals	  with	  white	  having	  the	  	  
lowest	  and	  brown	  the	  highest	  content.	  
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Figure	   3:	   MulQscale	   entropy	   analysis	   was	  
used	  to	  analyse	  the	  complexity	  of	  EEG	  signals	  
afer	   addiQon	   of	   a	   simulated	   AEP	   produced	  
in	   response	   to	  either	  a	   sinusoidal	  amplitude	  
modulated	   tone	   (figure	   A)	   or	   a	   speech	   file	  
(figure	  B).	  This	  was	  also	  compared	  	  
for	  varying	  signal	  to	  noise	  raQos.	  
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•  MulQscale	  entropy	  (MSE)	  analysis	  is	  
a	   form	   of	   complexity	   analysis	  
developed	   by	   Costa	   et	   al.	   (1)	   that	  
involves	   analysing	   complexity	   of	   a	  
Qme	  series	  over	  many	  scale	  factors.	  

•  IniQally	   the	   Qme	   series	   is	   coarse-‐
grained	   to	   produce	   the	   different	  
scale	   factors.	   This	   procedure	   is	  
described	  in	  figure	  1A	  and	  involves	  
averaging	  across	  vectors	  of	  varying	  
length	   within	   the	   original	   Qme	  
series.	  

•  Sample	   entropy	   is	   then	   calculated	  
by	   idenQfying	   matching	   vectors	  
(within	   a	   tolerance	   r)	   of	   length	   m	  
within	   the	   Qme	   series	   and	   then	  
determining	   how	   many	   of	   those	  
vectors	  sQll	  match	  at	  vector	   length	  
m+1	  (Figure	  1B)	  

Figure	   4:	   MulQscale	   entropy	   analysis	   was	  
used	  to	  analyse	  the	  complexity	  of	  EEG	  signals	  
afer	   addiQon	   of	   a	   simulated	   AEP	   produced	  
in	   response	   to	   either	   a	   tone	   (figure	   A)	   or	   a	  
speech	  file	  (figure	  B)	  and	  afer	  filtering	  with	  a	  
Bu)erworth	   filter	   to	   remove	   noise	   from	  
outside	  the	  bandwidths	  of	  interest.	  This	  	  
was	  also	  compared	  for	  varying	  signal	  to	  	  
noise	  raQos.	  


