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Abstract  

Objective:  This  study  investigates  the  feasibility  of  the  use  of  nonlinear  complexity  methods  as  a  
tool   to   identify   altered  microvascular   function   often   associated   with   pathological   conditions.  We  
evaluate  the  efficacy  of  multiscale  nonlinear  complexity  methods  to  account  for  the  multiple  time-­‐
scales  of  processes  modulating  microvascular  network  perfusion.  Methods:  Microvascular  blood  flux  
(BF)  and  oxygenation  (OXY:  oxyHb,  deoxyHb,  totalHb  and  SO2%)  signals  were  recorded  simultaneously  
at  the  same  site,  from  the  skin  of  15  healthy  young  male  volunteers  using  combined  laser  Doppler  
fluximetry  (LDF)  and  white  light  spectroscopy.  Skin  temperature  was  clamped  at  33oC  prior  to  warming  
to  43oC  to  generate  a  local  thermal  hyperaemia  (LTH).  Conventional  and  multiscale  variants  of  sample  
entropy   (SampEn)   were   used   to   quantify   signal   regularity   and   Lempel   and   Ziv   (LZ)   and   effort   to  
compress  (ETC)  to  determine  complexity.  Results:  SampEn  showed  a  decrease  in  entropy  during  LTH  
in  BF  (p=0.007)  and  oxygenated  haemoglobin  (oxyHb)  (p=0.029).  Complexity  analysis  using  LZ  and  ETC  
also   showed   a   significant   reduction   in   complexity   of   BF   (LZ,   p=0.003;   ETC,   p=0.002)   and   oxyHb  
(p<0.001,   for   both)   with   LTH.   Multiscale   complexity   methods   were   better   able   to   discriminate  
between   haemodynamic   states   (p<0.001)   than   conventional   ones   over   multiple   time-­‐scales.  
Conclusion:  Our  findings  show  that  there  is  a  good  discrimination  in  complexity  of  both  BF  and  oxyHb  
signals   between   two   haemodynamic   steady   states   which   is   consistent   across   multiple   scales.  
Significance:   Complexity-­‐based   and   multiscale-­‐based   analysis   of   BF   and   OXY   signals   can   identify  
different  microvascular  functional  states  and  thus  has  potential  for  clinical  application  in  the  prognosis  
and  the  diagnosis  of  pathophysiological  conditions  such  as  microvascular  dysfunction  observed  in  non-­‐
alcoholic  fatty  liver  disease  and  type  2  diabetes.  

Keywords:  Blood  flow,  tissue  oxygenation,  sample  entropy,  Lempel  and  Ziv  complexity,  effort  to  
compress  complexity,  multiscale  analysis.  

1.   Introduction    

The  maintenance  of  an  adequate  blood  flow  through  a  microvascular  network,  sufficient  to  meet  
the  metabolic  demands  of   the  tissue,   is  dependent  on  local  endothelial,     metabolic,  myogenic  and  
neural  vaso-­‐mechanisms  that  determine  vascular  tone  and  thus  temporal  and  spatial  flow  patterns  
within  the  network  [1].  Recently,  Frisbee  et  al.  [2]  have  shown  attenuation  of  these  flow  patterns  using  
chaotic  network  attractor  analysis  in  an  animal  model  of  cardio-­‐metabolic  disease.  They  have  argued  
that  the  consequent  loss  of  physiological  information  content  may  contribute  to  disease  risk  [3,  4].  

Time   and   frequency   domain   analysis   and   the   contribution   of   spectral   properties   in   frequency  
domains  are  the  techniques  most  frequently  applied  to  biosignals  [5-­‐7],  including  those  derived  from    
blood  flow  through  the  superficial  dermal  microvasculature  [8-­‐10].  The  frequency  and  power  of  local  
oscillations  that  contribute  to  the  total  blood  flow  motion  have  been  studied  by  many  research  groups  
[8,  11,  12].    They  contain  the  cardiac  (~  0.6  –  1.6  Hz)  and  respiratory  (~  0.15  –  0.4  Hz)  activity  followed  
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by   oscillations   arising   from   local   myogenic   vasomotor   activity   (~   0.06   –   0.15   Hz).   Two   additional  
components  that  occur  in  lower  frequencies  are  the  neurogenic  (~  0.02  –  0.06  Hz)  and  endothelial  (~  
0.0095  –  0.02  Hz)  activity.  It  has  been  widely  argued  that  time  frequency  analysis  of  the  low  frequency  
periodic  oscillations  in  microvascular  blood  flux  (BF)  signals  obtained  using  for  example  laser  Doppler  
fluximetry  (LDF)  can  provide  non-­‐invasive,  mechanistic  information  on  microvascular  control  [8,  13].    

The   regularity   and   the   randomness   of   physiological   signals   has   been   explored   using   nonlinear  
methods   such   as   entropy   and   complexity   techniques,   respectively,   which   are   well   suited   for   the  
analysis  of  short  length  signals  such  as  ECG  and  respiratory  flow  signals  [9,  14-­‐17].  Lempel-­‐Ziv  (LZ)  
complexity  analysis  has  been  applied  to  skin  microvascular  BF  signals  in  humans  [10]  and  in  animal  
models,  [9,  18]  in  differing  haemodynamic  states.  These  studies  have  demonstrated  clear  differences  
in  LZ  complexity  between  haemodynamic  states.  However,  the  relationship  between  the  nonlinear  
dynamics  of  the  BF  signal  and  their  impact  on  microvascular  function  remain  to  be  clarified  and  the  
potential  for  complexity  analysis  as  a  diagnostic  tool  determined.    

Conventional  nonlinear  methods  have  the  drawback  that  they  can  only  study  the  behaviour  at  one  
scale.  Multiscale   entropy   algorithms   have   been   used   to   quantify   the   complexity   of   the   biological  
signals  across  multiple  spatial  and  temporal  scales  [14,  19,  20].  Multiscale  entropy  approaches  have  
shown  good  discrimination  between   the   cardiac   signals  of   young,   elderly   and   subjects  with  heart  
failure   [3],   and   multiscale   LZ   complexity   demonstrating   a   86%   classification   accuracy   of   the  
information   content   in   the   EEG   signals   of   control   and   depressive   groups   [21].   Further,   wavelet  
transform  and  multiscale  complexity  analysis  of  temperature  signals  has  been  used  to  classify  risk  in  
patients  with  sepsis  [22].  Together  these  studies  evidence  the  potential  for  such  approaches  in  the  
characterisation  of  the  flexibility/responsiveness  of  the  microvasculature,  particularly  in  individuals  at  
risk  of  developing  or  with  cardio-­‐metabolic  disease.  

In  this  study,  our  aim  was  to  investigate  the  information  content  of  BF  and  OXY  signals  derived  
from   the  microvasculature   in   two   stable   haemodynamic   steady   states:   at   rest  with   the   local   skin  
temperature   clamped  at   33°C  and  during   vasodilation   induced   through   local   thermal  hyperaemia  
(LTH)  at  43°C,  using  both  conventional  and  multiscale  techniques.  The  local  thermal  warming  skin  test  
is  routinely  used  in  clinical  applications  to  test  dilator  responses  [23],  as  other  perturbation  techniques  
such   as   post-­‐occlusive   reactive   hyperaemia   do   not   induce   an   enduring   state   change   which   was  
required   in   this   study   to   test   the   efficacy   of   the   complexity  methods.   Here,  we   first   explore   the  
changes  in  complexity  of  the  microcirculatory  dynamics  using  conventional  sample  entropy  (SampEn),  
LZ   and  effort   to   compress   (ETC)   complexity  methods.   To  understand   the  effect  of   scale  on   these  
nonlinear  metrics  and  their  efficacy  in  classifying  these  haemodynamic  steady  states  the  multiscale  
sample  entropy  (MSE),  multiscale  Lempel  and  Ziv  (MSLZ)  complexity  and  multiscale  effort  to  compress  
(METC)  methods  are  then  evaluated.    

We   hypothesise   that   complexity-­‐based   and  multiscale-­‐based   analysis   of   blood   flux   and   tissue  
oxygenation  signals  derived  from  the  skin  of  healthy  individuals  under  two  imposed  haemodynamic  
steady   states   will   enable   the   characterisation   of   the   flexibility/responsiveness   of   a  microvascular  
network   and   thus   has   potential   for   clinical   application   in   the   prognosis   and   the   diagnosis   of  
pathophysiological  conditions.    

2.   Materials  and  Methods  

2.1  Study  Design  
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The   study   was   conducted   on   15   healthy   male   participants,   age   29.2   ±   8.1y   (mean   ±	
  SD).   All  
participants  were  asked  to  refrain  from  caffeine-­‐containing  drinks  for  at  least  two  hours  before  the  
measurement  and  to  avoid  exercise  on  the  day  of  study.  None  of  the  participants  were  taking  any  
medications.  All  measurements  were  made  in  a  temperature  controlled  room  (23.0-­‐23.5oC)  and  all  
participants   were   acclimatized   for   at   least   20   minutes   before   measurements   were   taken.  
Measurements  were  made  with  the  participant  sitting  comfortably  in  a  reclining  blood  infusion  chair  
with  their  arm  supported  at  heart  level  [10].  The  study  was  approved  by  Research  Ethics  Committee  
of   University   of   Southampton   and   Southampton   General   Hospital   (REC   Number:   SOMSEC091.10;  
RHMMED0992).  The  study  was  performed   in  accordance  with  standards  set  by   the  Declaration  of  
Helsinki.  All   participants  gave   informed  written   consent.  All   data   supporting   this   study  are  openly  
available  from  the  University  of  Southampton  repository  at  http://doi.org/10.5258/SOTON/D0343  .  

2.2  Acquisition  of  Laser  Doppler  and  OXY  Signals    

Skin   microvascular   BF   and   oxygenation   (OXY)   signals   were   recorded   simultaneously   using   a  
combined  laser  Doppler  flowmetry  and  white  light  reflectance  probe  (Moor  CP7-­‐1000  blunt  needle  
probe,  Moor  Instruments  Ltd,  Axminster,  UK)  using  a  single  point  785nm,  1mW  low  power  red  laser  
light  source  (moorVMS-­‐LDF2,  Moor  Instruments  Ltd,  UK)  and  400-­‐700  nm,  <6mW  white  light  source  
(moorVMS-­‐OXY,  Moor   Instruments  Ltd,  UK).  The  probe  was  mounted   in  a  MoorVHP1  skin  heating  
block   controlled   by   the   MoorVMS-­‐HEAT   skin   heater.   Skin   temperature   was   measured   by   a  
miniaturised  negative  temperature  coefficient  thermistor  built  into  the  heating  block  controlling  skin  
warming  with  a  precision  of  ±0.1°C  and  resolution  of  0.1°C.  As  shown  in  Fig.  1  the  heating  block  and  
probe  were  placed  on  the  ventral  surface  of  the  non-­‐dominant  forearm  using  a  double-­‐sided  sticky  O-­‐
ring,  approximately  10  cm  from  the  wrist  and  avoiding  visible  veins.  

The  BF  and  OXY  recordings  were  obtained  in  two  haemodynamic  steady  states,  with  the  heating  
block  clamped  at  33oC  and  then  at  43oC  during  LTH.  To  study  the  signals  during  these  steady  states,  
the   data   were   divided   into   segments   of   10  minutes   duration.   All   recordings   were   captured   at   a  
sampling  rate  of  40  Hz  using  the  manufacturer’s  software  (MoorSoft).  Fig.  2  illustrates  the  BF,  OXY  and  
the   temperature   outputs   of   the   combined   LDF/OXY   probe   recorded   and   the   selection   of   the   10  
minutes  segments  marked  as  grey  at  33oC  and  at  43oC,  respectively.  These  segments  were  selected  so  
as  to  minimise  any  transitional  effects  arising  during  warming  and  to  be  free  of  movement  artefacts.  
Data   were   exported   to   Matlab   (R2016b,   Mathworks,   UK)   for   pre-­‐processing   and   analysis.   The  
truncated  data  could  then  be  analysed  and  calculations  made  for:  (i)  the  entropy  and  the  complexity  
analysis  and   (ii)   the  multiscale  analysis.  The  parameters  obtained  were  BF   in  perfusion  units   (PU),  
oxygenated  haemoglobin  (oxyHb),  deoxygenated  haemoglobin  (deoxyHb),  total  haemoglobin  (totalHb  
=  oxyHb  +  deoxyHb)  in  arbitrary  units  (AU)  and  tissue  oxygen  saturation  (SO2).  SO2  (%)  is  derived  from  
the  relationship  SO2  =  (oxyHb/totalHb)  ´  100%  [24].  We  elected  to  focus  on  the  oxyHb  output  as  the  
prime  OXY  signal  for  the  entropy  and  complexity  analysis  as  suggested  by  our  previous  studies  [10].    



  

 
 
  

4  

  

Fig.  1  The  combined  LDF  and  WLS  probe  inserted  into  a  heating  disc  (left)  and  attached  to  the  skin  
(right).    

2.3  Pre-­‐processing  

Before  estimating  signal  complexity,   it   is  necessary   to  perform  some  pre-­‐processing  of   the  raw  
data.  The  data  segments  were  filtered  using  a  low  pass  finite  impulse  response  (FIR)  filter  with  2Hz  
cut-­‐off  frequency,  to  attenuate  high  frequencies  beyond  the  known  range  of  microvascular  oscillation,  
0.0095  -­‐  1.6Hz  [8,  25].  The  data  were  then  detrended  by  removing  the  mean.  A  stationarity  test  was  
performed  on  the  processed  time  series  to  examine  whether  the  trend  was  removed  and  our  data  
had  a  consistent  variance  over  time.  This  pre-­‐processing  ensures  that  the  analysis  of  the  signals  was  
not  biased  by  noise  or  components  outside  the  range  of  interest.  

  

Fig.  2.  Selection  of  the  10  minutes  segments  (grey  trace)  for  the  data  analysis  at  33oC  and  43oC.  Blood  
flow  in  arbitrary  perfusion  units  (PU),  oxygenated  haemoglobin  (oxyHb),  deoxygenated  haemoglobin  
(deoxyHb),  total  haemoglobin  (totalHb  =  oxyHb  +  deoxyHb),  all  in  arbitrary  units  (AU),  tissue  oxygen  
saturation   (SO2   =   (oxyHb/totalHb)   ´   100   %)   and   temperature   (oC)   plots   were   obtained   from   one  
individual.  

2.4  Nonlinear  methods  

Binary  Conversion:  The  nonlinear  methods  used  here  are  based  on  the  information  content  of  a  
finite  time  series  to  calculate  the  randomness  of  its  binary  representation  [26].  From  previous  studies  
[27,   28],   it   was   reported   that   the   binary   conversion   is   sufficient   to   estimate   the   complexity   in    
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biomedical  signals.  Therefore,  before  calculating  the  complexity,  the  signal  has  to  be  converted  into  a  
sequence  of  zeros  and  ones.  Many  researchers  [9,  28,  29],  convert  the  time  series  into  0-­‐1  sequence  
by  comparing  each  value  with  a  threshold,  which  is  usually  set  as  the  mean  or  the  median  value  of  the  
sequence,  and  replacing  the  value  with  zero  if  it  is  lower  than  the  threshold  and  one  if  it  is  higher.  In  
this  work,   a  different   approach   is   employed   to  maximise   the   information   contained   in   the  binary  
sequence.   As   suggested   by   Yang   et   al.   [30],   a   straightforward   way   to   maintain   the   important  
characteristics  of  the  dynamics  of  the  original  physiologic  signal  is  by  using  the  increase  and  decrease  
encoding  method,  which  will  be  referred  here  as  delta  encoding.  

Let  𝑥 = 𝑥$	
  𝑥% ⋯𝑥'   denote  a  time  series  with  length  𝑖.  Each  element  in  the  time  series  is  compared  
with  the  previous  element.  If  the  value  of  the  current  element  in  the  time  series  is  increased  compared  
to   the   previous   value   the   corresponding   element   of   the   binary   encoded   sequence   is   set   as   1.  
Otherwise,  if  it  is  decreased,  then  the  value  in  the  encoded  sequence  is  denoted  as  0.  Thus,  the  time  
series  is  transformed  into  0-­‐1  sequence  𝑠 = 𝑠$	
  𝑠% ⋯ 𝑠*  with  𝑠*  expressed  as.  

𝑠* = +0,	
  	
  	
  	
  	
  	
  	
  	
  𝑖𝑓	
  𝑥* ≤ 𝑥*0$,
1,	
  	
  	
  	
  	
  	
  	
  𝑖𝑓	
  𝑥* > 𝑥*0$.

                                                                                                                                (1)  

Now  the  binary  sequence  will  have  a  length  𝑛,  where  2 ≤ 𝑛 ≤ 𝑖,  which  is  different  from  the  length  
𝑖   in  time  series,  referred  as  𝑛-­‐bit.  Each  𝑛-­‐bit  correspond  to  a  “word”  of  the  binary  sequence  𝑠  and  
every  𝑛-­‐bit  represents  the  dynamics  of  the  time  series  𝑥.  The  nonlinear  methods  employed  here  are  
estimated  as  follows:  

Sample  Entropy:  Sample  entropy   (SampEn)  provides   an  applicable   finite   sequence   formulation  
that   discriminates   the   data   sets   by   a  measure   of   randomness,   from   totally   regular   to   completely  
random.   SampEn   assigns   non-­‐negative   patterns   in   time   series,   with   larger   values   of   entropy  
corresponding  to  more  irregularity  and  smaller  values  corresponding  to  more  regularity  in  the  data.  
The  regularity  of  the  signal  can  be  measured  with  the  SampEn,  by  defining  how  often  a  short  time  
series   is   repeated.   Sample   Entropy   is   described   as   a   refinement   of   another   similar   measure,  
Approximate  Entropy  (ApEn)  that  was  introduced  by  Pincus  [31].  Approximate  entropy  has  proved  to  
be   a   sufficient  measure   of   the   regularity   for  many   signals,   however,   it   is   a   biased  measurement  
towards  regularity  and   it   is  dependent  on  the   length  of   the  signal.  To  overcome  these   issues  with  
ApEn,  SampEn  was  developed  by  Richman  and  Moorman  [32].  

In  order  to  measure  SampEn  the  time  series  is  converted  into  a  binary  sequence  using  the  delta  
encoding,   then   two  parameters   are  defined,  𝑚,   a  positive   integer   that  denotes   the   length  of   the  
compared  runs  and  𝑟,  a  positive  real  number  that  denotes  the  tolerance  window.  SampEn  measures  
the   logarithmic   likelihood   that   runs  of   samples   that   are   close   for  𝑚   continuous  observations   that  
remain  close  (within  the  same  tolerance  window	
  𝑟)  on  subsequent  incremental  comparisons.  Given  a  
binary  sequence  of  𝑁  data  𝑠(𝑛) = 𝑠(1), 𝑠(2), … , 𝑠(𝑁),  according  to  Richman  and  Moorman  [32],  for  
the  time  series  analysis  and  Scoric  et  al.  [33],  for  the  analysis  of  the  binary  sequence,  the  sequence  is  
computed  to  estimate  the  binary  sample  entropy.  However,  the  SampEn  sequence  is  binary  and  thus  
is  limited  diversity.  For  that  reason,  the  number  of  elements  of  a  set  of  different  𝑚-­‐bits  integers  is  
equal  to  2<   and  the  binary  SampEn  is  calculated  as  follows:    

•   To  each  of  the  binary  sequence  elements  𝑆(𝑖) = [𝑠(𝑖), 𝑠(𝑖 + 1 ∗ 𝜏), … , 𝑠(𝑖 + 𝑚 ∗ 𝜏],  𝑖 = 1…𝑁 −
𝑚 ∗ 𝜏,  a  decimal  counterpart  𝑐  can  be  evaluated  as:  
  

𝑐 = ∑ 𝑠'FG∗H	
  	
   ∗ 2G<0$
GIJ                                                                                                                                   (2)  
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•   Define  the  distance  between  𝑆(𝑖)  and  𝑆(𝑗)  as:  

  
	
  	
  	
  	
  	
  	
  	
  	
  𝑑[𝑆(𝑖), 𝑆(𝑗)] = max

GIJ,$,…,<0$
P𝑠(𝑖 + 𝑘 ∗ 𝜏) ∗ 2G − 𝑠(𝑗 + 𝑘 ∗ 𝜏) ∗ 2GP	
  	
                                                  (3)  

  
•   Denote  𝑁<(𝑙) =  number  of	
  𝑆(𝑗)	
  (𝑗 = 1…𝑁 −𝑚 ∗ 𝜏  within  𝑟  of	
  𝑆(𝑖)	
  (𝑖 = 1…𝑁 −𝑚 ∗ 𝜏),  such  

that  𝑑[𝑆(𝑖), 𝑆(𝑗)] ≤ 𝑟  and  defined  for  each  𝑖, 0 ≤ 𝑖 ≤ 𝑁 −𝑚 ∗ 𝜏,  
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  𝐶'<(𝑟) = 𝑁<(𝑖)/(𝑁 − 𝑚 ∗ 𝜏)	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (4)  

•   Next,  define:          

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  𝛷<(𝑟,𝛮, 𝜏) = (𝑁 − 𝑚 ∗ 	
  𝜏)0$ ∑ 	
  𝐶'<(r)X0<∗H
'I$ 	
  	
                                                                        (5)  

•   By  increasing  the  run  length,  𝐶Y<F$(𝑟)  and  𝛷<F$(𝑟, 𝛮, 𝜏)  are  counted.  So,  from  a  given  𝑁  data  
points,  𝑆𝑎𝑚𝑝𝐸𝑛  will  be:  

	
  𝑆𝑎𝑚𝑝𝐸𝑛(𝑚, 𝑟, 𝑁, 𝜏) = −ln 	
  _
`ab(c,X,H)
	
  _`(c,d,H)

	
  	
  	
                                                                                                      (6)  

Sample  entropy  requires   the  parameters  𝑚,  𝑟,  and	
  𝜏   in  order   to  provide  meaningful   results   in   the  
estimation  of  the  entropy.  The  choice  of  these  parameters  varies  for  binary  sequences.  According  to  
the   literature   [31-­‐33],   the   parameters   for   the   binary   sample   entropy   estimation   to   effectively  
discriminate  two  data  would  be  better  set  as  𝑚 ≥ 2,  𝑟 < 1  or  1  and  𝜏 ≥ 1.  The  𝑚  parameter  can  be  
estimated   using   the   false   nearest   neighbours   method   [34].   However,   with   experimental   data    
problems,  such  as  drifts,  can  occur  so  visual  inspection  can  be  also  used  to  estimate  the  most  suitable  
𝑚   as   well   as   𝑟	
  parameters   for   analysis.   The   time   delay   𝜏   can   be   obtained   using   either   the  
autocorrelation  function  or  the  mutual  information  analysis  when  the  correlation  or  averaged  mutual  
information  between  the  two  instances   𝑖  and   𝑖 + 𝜏  reaches  its  first  relative  minimum  [34-­‐36].  The  
parameters  used  in  this  study  that  produce  satisfactory  results  after  a  visual  inspection  of  SampEn  for  
binary  sequences  of  both  short  and  large  lengths,  were  set  as  𝑚 = 2,  𝑟 < 1  and  𝜏 = 1.  An  interpretive  
example  on  physiological  data  for  the  choice  for  the  parameters  of  the  binary  SampEn  is  shown  in  the  
supplemental  figures  1  and  2.  

Lempel  and  Ziv  Complexity:  The  LZ  complexity  has  been  used  to  estimate  and  quantify  symbolic  
sequences  converted   from  a  time  series   [9,  28,  37].   It   is  a  method  of  quantifying   the   information  
present   in   a   signal   or   sequence   by   estimating   the   number   of   production   processes   (unique   sub-­‐
sequences)  contained  in  the  data.  Here,  to  calculate  the  LZ  complexity,  the  signal  was  first  converted  
into  a  binary  sequence  using  the  delta  encoding  procedure.  The  sequence  was  then  parsed  from  left  
to  right  and  the  complexity  increases  by  one  unit  when  a  new  sub-­‐sequence  of  continuous  symbols  
was  encountered.  The  LZ  algorithm  can  be  described  as  follows  [38]:  

•   Let  𝑆 = 𝑠$	
  𝑠% ⋯ 𝑠*  be  a  string  that  denotes  a  binary  sequence  with  a  finite  length  𝑛  that  starts  at  
the  𝑖  position  and  finishes  at  the  𝑗  position.  So,  when  𝑖 ≤ 𝑗  then  𝑆(𝑖, 𝑗) = {𝑠$	
  𝑠'F$ ⋯ 𝑠h}	
  and  when  
𝑖 > 𝑗  then  𝑆(𝑖, 𝑗) = 	
   {},  a  sequence  with  zero  length  is  set.  

•   A  notation  𝑣(𝑆)  is  introduced  which  denotes  the  vocabulary  of  the  sequence  𝑆  and  corresponds  
to  the  set  of  “words”  that  can  be  reconstructed  from  𝑆.    For  example,  if  𝑆 = 010,  the  vocabulary  
𝑣(𝑆)  will  represent  all  the  possible  “words”  that  can  be  generated  from  the  sequence,  thus  𝑣(𝑆) =
{0,1,01,10,010}.  The  vocabulary  𝑣(𝑆)  is  then  compared  with  every  bit  𝑖  of  the  binary  sequence  
𝑆(𝑖, 𝑗)  which  is  up  to  𝑗 − 1,  so  𝑖 = 1, 2, 3…𝑛, 𝑗 > 𝑖  .  
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•   Let  𝑄  denote  the  prefix  of  𝑆  that  is  used  to  determine  if  this  term  is  included  in  the  substring  of  𝑆,  
so  𝑄  can  be  obtained  by  copying  the  “words”  of  𝑆.  Then,  set  𝜋  as  the  procedure  to  delete  the  last  
“word”  of  the  sequence  𝑆,  so  𝑄  is  a  subsequence  of  the  vocabulary  𝑣(𝑆𝑄𝜋).	
  A  sequence  𝑆  is  called  
reproducible,   if   the   incoming   bit   is   present   in   𝑣(𝑆𝑄𝜋)	
  and   producible   if   is   not   present   and  
therefore  a  dot  ∙  is  placed  after  the  sub-­‐sequence  to  indicate  the  end  of  a  new  component.    

•   To  reconstruct  the  sequence  𝑆,  it  is  essential  to  have  a  production  process  called  production    
history  of  𝑆,  𝐻(𝑆) = 𝑆(1, ℎ$)	
  𝑆(ℎ$ + 1, ℎ%)…𝑆(ℎ<0$ + 1, ℎ<),  where  𝑚	
  are  the  “words”  of  the  
history  and  for  𝑖 = 1, 2…𝑚,  𝐻'(𝑆) = 𝑆(ℎ'0$ + 1, ℎ'),  where  ℎ'  are  the  components  of  the  history  
𝐻(𝑆).  So,  for  example,  let  a  binary  sequence  𝑆 = 	
   {010100110110},	
  then  the  vocabulary  𝑣(𝑆) =
	
  {0,1,01,10,010… }  the  sequence  𝐻(𝑆)	
  which  is  the  original  sequence  separated  into  components  
with  dots  by  parsing  the  sequence  𝑆  from  left  to  right,  will  be  𝐻(𝑆) = 0 ∙ 1 ∙ 0100 ∙ 11 ∙ 0110 ∙.  

  
In  order  to  define  the  complexity  𝑐(𝑆)  of  a  sequence  𝑆,  let  denote  𝑐q(𝑆)  the  least  number  of  the  

components  generated  form  the  history  𝐻(𝑆)	
  so,    

𝑐(𝑆) = min{ 𝑐q(𝑆)}	
                                                                                                                                (7)    

In  this  example,  the  number  of  the  components  of  the  production  history  𝐻(𝑆)  are  5  and  therefore,  
the  complexity  𝑐(𝑆)  is  5.  

According  to  Lempel  and  Ziv  [38],  for  every  sequence  𝑆  with  a  length  𝑛,  the  length  of  the  production  
process  of  the  sequence,  𝑐(𝑆),  will  be:  𝑐(𝑆) < *

($0st)∙Yuvw(*)
	
  ,  where  𝑎   is  the  base  of  the  logarithm  

and	
  𝜀*  is  a  small  quantity  that  tends  to  be  equal  to  zero  when  the  length  𝑛	
  of  the  sequence  is  large.  
So,  for  a  binary  sequence  with  𝑎 = 2,  the  normalized  complexity  𝐶(𝑆)  will  now  be:  

𝐶(𝑆) = y(z)
t

{|}~(t)
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (8)  

Thus,  it  is  justified  that  a  large  length  𝑛	
  represents  more  complexity.  In  this  work,  the  normalized  
version  of  the  LZ  complexity  is  used  for  convenience  as  it  is  independent  of  the  length  of  the  sequence  
and  is  suitable  for  comparing  sequences  with  different  lengths.  

Effort  to  Compress  Complexity:  A  similar  complexity  method  based  on  the  lossless  compression  
algorithm  known  as  Non-­‐Sequential  Recursive  Pair  Substitution  (NSRPS)  [39]  is  the  Effort  to  compress  
(ETC)  complexity  [40].  Like  the  LZ  complexity  measure,  the  time  series  first  has  to  be  converted  to  a  
symbolic  sequence  using  the  delta  encoding.  So,  let  a  binary  sequence  𝑆 =	
   {010100110110},  here  
the  algorithm  differs  from  LZ  complexity  by  detecting  the  reoccurrencing  patterns  directly  and  can  be  
described  as  follows:  

•   Define   the  pair  of   symbols  with   the  maximum  occurrence  and   replace  all   its   non-­‐overlapping  
occurrences  with  a  new  symbol,  at  each  iteration.  This  procedure  is  repeated  and  is  dependent    
on  NSRPS  which  estimates  the  entropy  for  each  operation  that  the  algorithm  obtains,  providing  a  
new  sequence  𝑆*���, 𝑁 = 1…  number  of  iterations,  until  it  reaches  a  constant  sequence.    

•   Now,  the  input  sequence  𝑆  is  first  converted  into  𝑆*��b = 	
   {22021210}  considering  that  the  pair  
"01"  has  maximum  occurrences  compared  to  pairs  "00",  "10"  and  "11".    

•   In  the  next  iteration,  𝑆*��b   is  converted  into  𝑆*��~ = 	
   {220330}  considering  that  the  pair  "21"  
has  maximum  occurrences.    
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•   The   algorithm   continues   in   this   way   until   there   is   no   pair   left   to   replace   and   the   converted  
sequence  becomes  a  constant  sequence.    

In   this   example,   the   algorithm   converts   the   given   sequence   𝑆   as:   𝑆 = {010100110110} →
𝑆*��b = {22021210} → 	
  𝑆*��~ = {220330} → 	
  𝑆*��� = {40330} → 𝑆*��� = {5330} →	
   𝑆*��� =
{630} → 	
   𝑆*��� = {70} → 	
  𝑆*��� = 	
   {8}.  

So,  according  to  Nagaraj  et  al.  [40],  the  ETC  complexity  measure  is  defined  as:  

	
  	
  	
  	
  	
  𝑁 → 𝑁𝑢𝑚𝑏𝑒𝑟	
  𝑜𝑓	
  𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠	
  𝑜𝑓	
  𝑁𝑆𝑃𝑅𝑆	
  𝑎𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚	
  𝑓𝑜𝑟	
  𝑒𝑛𝑡𝑟𝑜𝑝𝑦 → 𝑧𝑒𝑟𝑜  

More   specifically,  𝑁   is   the   number   of   iterations,   of   NSPRS   algorithm,   required   for   the   given  
sequence  to  be  transformed  to  a  constant  sequence  with  zero  entropy.  In  this  example,  𝑁  is  7  and  the  
normalized  measure  is  computed  as:   X

�0$
, 0 ≤ 𝑁 − 1 ≤ 1,  with  𝐿=length  of  the  sequence.  In  this  work,  

the  normalized  measure  was  used.  

  

Fig.  3  Effect  of  the  length  of  a  random  signal  on  binary  SampEn,  LZ  and  ETC.  Binary  SampEn,  LZ  and  
ETC  complexity  (-­‐à-­‐,  -­‐o-­‐  and  -­‐�-­‐  markers,  respectively)  do  not  give  any  reasonable  values  of  complexity  
for  signals  <  500  samples.  

In  order  to  examine  the  implementation  of  the  nonlinear  methods  through  various  signal  lengths,  
we  first  applied  the  binary  SampEn,  LZ  and  ETC  complexity  to  normally  distributed  random  (generated  
from  Matlab  using  the  function  “randn”)  signals  with  different  length  (Fig.  3).  For  short  signals,  binary  
SampEn,  LZ  and  ETC  give  results  that  are  not  meaningful  for  the  estimation  of  complexity.  Only  values  
for  length  higher  than  500  samples  provide  a  reasonable  estimate  of  the  complexity  of  the  sequence.  
As  shown  from  Fig.  3   there   is  no  particular   reason  for  choosing  one  of   the  nonlinear  methods   for  
analysis  over  the  others  as  all  these  methods  produce  consistent  values  when  the  signal  has  more  
than  1000   samples.  However,   this  needs   to  be   tested   in   complex  physiological   signals   in  order   to  
estimate  the  performance  of   these  measures   in  various   lengths.  From  this   test,  we  have  obtained  
useful  information  on  the  decision  of  the  minimum  length  of  the  signal  used  for  a  sufficient  nonlinear  
analysis.  

Multiscale  Analysis:  Entropy  and  complexity  methods  are  used  to  analyse  signals  on  a  single  scale,  
however,  when  applying  these  methods  to  signals  arising  in  complex  physiological  systems  it  is  
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important  to  take  into  account  the  multiple  time  scales  of  the  underlying  processes  modulating  the  
signal.  To  examine  if  a  signal  is  consistent  across  multiple  spatial  and  temporal  scales  and  does  not  
change  with  different  sampling  frequencies,  it  is  a  necessity  to  measure  the  complexity  of  the  time  
series  in  multiple  time  scales.  Costa  et  al.  [19],  proposed  the  Multiscale  Entropy  (MSE)  technique  for  
analysing   biological   signals   using   a   coarse-­‐graining  method   that   resamples   the   original   signal   by  
reducing  the  scale  of  the  time  series  and  then  determining  the  sample  entropy  for  each  scale  step.  
Thus,  coarse  graining  is  a  method,  which  alters  the  sampling  frequency  of  the  signal  by  a  scale  factor,  
𝜏,  which  defines   the  number  of   the   sampling   levels.   So,   for   a   time   series  {𝑥$, … , 𝑥X},   the   coarse-­‐
grained  time  series,  𝑦H,  will  be:  

𝑦'H =
$
H
∑ 𝑥h'H
'I('0$)HF$ , 1 ≤ 𝑖 ≤ 𝛮 𝜏⁄ .                                                                                                          (9)  

For  a  scale  factor  of  one  the  time  series  𝑦$  is  the  original  signal.  So,  the  length  of  each  time  series  
{𝑦H}  is  the  equal  to  the  length  of  the  original  signal  divided  by  the  scale  factor,  𝜏.  A  straightforward  
way  to  illustrate  the  coarse-­‐graining  procedure  is  shown  in  Fig.  4,  using  a  skin  BF  signal  coarse-­‐
grained  at  multiple  scale  lengths,  by  averaging  the  data  points  of  the  BF  signal.  It  is  also  shown  that  
by  scaling  the  original  signal,  many  of  the  features  were  expanded  but  the  information  of  the  signal  
has  remained.  

  

Fig.  4  A  skin  BF  signal  coarse-­‐grained  at  multiple  scale  lengths.  a)  The  original  signal,  b)  the  signal  down  
scaled  two  times,  c)  the  signal  down  scaled  six  times,  d)  the  signal  down  scaled  ten  times.  

2.5  Analysis  procedure  

Here,   Sample   entropy,   LZ   complexity   and   ETC   complexity   were   applied   to   10-­‐minutes   (24000  
samples)  of  skin  BF  and  oxyHb  signals  (𝑓� = 40	
  𝐻𝑧).  The  signals  were,  then  divided  in  15  epochs  of  
length  40  seconds,  which  is  a  consistent  with  previous  work  [9,  10],  and  the  complexity  calculated  
using  each  method,  for  each  epoch.  Additionally,  the  multiscale  analysis  was  applied  to  the  BF  and  
oxyHb  signals,   in  order   to  get   information   in  multiple  scales.  At   the   coarse-­‐grain  of   24  scales,   the  
shortest  signal  has  1000  samples,  which  is  sufficient  for  analysis  as  shown  in  Fig.  3  and  is  consistent  
with  other  literature  [14,  19,  32].  Then,  SampEn,  LZ  and  the  ETC  complexity  were  calculated  for  each  
coarse-­‐grained   sequence  as   a   function  of   the   scale   factor,   𝜏.  We   call   these  procedures  multiscale  
entropy   (MSE),   multiscale   Lempel   and   Ziv   complexity   (MSLZ)   and   multiscale   effort   to   compress  
complexity  (METC).  
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2.6  Statistical  analysis  

Statistical  analysis  was  performed  in  IBM  SPSS  statistics  22  (IBM  United  Kingdom)  and  Microsoft  
Excel  2010  (Microsoft  Corporation,  US).  Data  were  tested  for  normal  distribution  using  the  D'Agostino  
&  Pearson  omnibus  normality  test.  Data  are  presented  as  mean  and  mean  standard  error.  Normally  
distributed  data  were  compared  using  the  Student  t-­‐test  for  paired  data  to  compare  mean  values  of  
normally  distributed  data.  P-­‐values  less  than  0.05  were  taken  to  indicate  statistical  significance.  

3.   Results  

The  nonlinearity  of  the  BF  and  oxyHb  signals  at  the  two  haemodynamic  steady  states  of  33oC  and  
43oC  was  computed  for  all  methods  for  the  15  individuals  as  shown  in  Fig.  5  and  6,  respectively.  Both  
signals  presented  lower  values  of  complexity  during  LTH  as  compared  with  those  at  33oC.  Table  1  gives  
summary  statistics  for  all  complexity  methods  applied  in  BF  and  oxyHb  signals  at  both  temperatures  
over  the  15  epochs.    

  

Fig.  5  Changes  in  the  complexity  of  the  blood  flow  signals  for  all  15  volunteers,  in  two  haemodynamic  
steady   states   at   33oC   (grey)   and  at   43oC   (black).   a)   Sample  Entropy,  b)   LZ   complexity,   c)   Effort   to  
compress  complexity.  Values  are  presented  as  means  ±  standard  errors  of  the  mean  (SEM).  

Overall   the   SampEn   index   (mean   value   across   the   15   epochs   for   each   participant)   showed   a  
decrease  in  both  BF  and  oxyHb  signals  with  LTH.  Likewise,  the  LZ  index  showed  a  reduction  in   the  
complexity  during  local  heating,  in  the  BF  signals,  between  the  two  haemodynamic  steady  states.    
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Fig.  6  Values  of  the  complexity  of  the  oxygenated  haemoglobin  signals  for  all  15  participants,  in  two  
haemodynamic  steady  states  at  33oC  (grey)  and  at  43oC  (black).  a)  Sample  Entropy,  b)  LZ  complexity,  
c)  Effort  to  compress  complexity.  Values  are  presented  as  mean  ±  SEM.  

The  oxyHb   signals   showed  a   similar   although  more   significant  drop   in   LZ   complexity   (p<0.001).  
Similar   responses   to   the   local   heating  were   seen   in   the   ETC   complexity   for   BF   and   oxyHb   signals  
showing  a  more  substantial  decline  in  the  complexity  at  43oC  (p=0.002,  for  BF  signals  and  p<0.001,  for  
oxyHb  signals).  

Table  1  Mean,  Standard  deviation  and  mean  standard  error  of  all  complexity  methods  at  33oC  and  at  
43oC  respectively  for  both  BF  and  oxyHb  signals  (n=15).  

Temperature   33oC   43oC  

   Mean   Std.  
Deviation  

Mean  Std.  
Error   Mean   Std.  

Deviation  
Mean      Std.  

Error  
BF  signals  

SampEn   0.130   0.014   0.004   0.115   0.016   0.004  
LZ  complexity   0.322   0.038   0.010   0.272   0.029   0.007  
ETC  complexity   0.085   0.010   0.002   0.072   0.007   0.002  

oxyHb  signals  
SampEn   0.125   0.022   0.006   0.108   0.018   0.005  

LZ  complexity   0.336   0.040   0.010   0.233   0.027   0.007  
ETC  complexity   0.090   0.007   0.002   0.061   0.007   0.002  

  
Multiscale  analysis  of  both  BF  and  oxyHb  signals  in  the  two  haemodynamic  steady  states  across  all  

15  participants  are  shown  in  Fig.  7  and  8  respectively.  The  multiscale  analysis  of  these  signals  showed  
a   relatively   compatible   variability   over   the   24   scales   at   both   temperatures.   The   BF   and   oxyHb  
parameters  measured  under  the  two  haemodynamic  steady  conditions  are  summarized  in  Table  2.  
The   results   showed   lower   variability  of   the  MSE  of   the  BF  and  oxyHb   signals  during   local   heating  
compared  with  the  signals  at  33oC  (p=0.001,  for  BF  signals  and  p<0.001,  for  oxyHb  signals).  



  

   12  

  

Fig.  7  Multiscale  analysis  for  blood  flow  signals  in  two  haemodynamic  steady  states  at  33oC  (grey)  and  
at   43oC   (black).   a)  Multiscale   Sample  Entropy,   b)  Multiscale   LZ   complexity,   c)  Multiscale   Effort   to  
compress  complexity.  Values  are  presented  as  mean  ±  SEM  of  15  healthy  males.  

  

Fig.  8  Multiscale  analysis  for  oxygenated  haemoglobin  signals  in  two  haemodynamic  steady  states  at  
33oC  (grey)  and  at  43oC  (black).  a)  Multiscale  Sample  Entropy,  b)  Multiscale  LZ  complexity,  c)  Multiscale  
Effort  to  compress  complexity.  Values  are  presented  as  means  ±  SEM  of  n=15  healthy  males.  

Similarly,  the  MSLZ  and  METC  complexity  values  appeared  less  variable  and  had  lower  complexity  
of  both  BF  and  oxyHb  signals  at  43oC,  showing  a  considerable  drop  for  both  signals  during  LTH.  Fig.  9  
shows  the  boxplot  of  the  conventional  complexity  and  the  multiscale  complexity  analysis  for  both  BF  
and   oxyHb   signals   showing   the   separation   of   the   signals   during   LTH.   It   is   shown   that   greater  
discrimination  occurs  in  the  oxyHb  signals  using  the  multiscale  analysis  (p<0.001),  as  well  as  using  the  
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LZ  and  ETC  complexity  on  a  single  scale.  Similarly,   for   the  multiscale  analysis  of   the  BF  signals   the  
separation  was  also  good  (p=0.001).  However,  when  using  the  conventional  complexity  analysis  in  BF  
signals   the   separation   between   the   haemodynamic   steady   states   was   shown   to   be   lower   than  
multiscale  analysis  or  that  found  with  the  oxyHb  signals  (p>0.001).    

Table  2  Mean,  Standard  deviation  and  mean  standard  error  of  all  multiscale  analysis  at  33oC  and  at  
43oC,  respectively  for  both  BF  and  oxyHb  signals  (n=15).  

Temperature   33oC   43oC  

   Mean   Std.  
Deviation  

Mean  Std.  
Error   Mean   Std.  

Deviation  
Mean      Std.  

Error  
BF  signals  

MSE   0.483   0.081   0.021   0.382   0.040   0.010  
MSLZ   0.765   0.141   0.037   0.589   0.087   0.022  
METC   0.151   0.025   0.007   0.119   0.015   0.004  

oxyHb  signals  
MSE   0.524   0.084   0.022   0.359   0.027   0.007  
MSLZ   0.848   0.090   0.023   0.526   0.057   0.015  
METC   0.169   0.013   0.003   0.107   0.011   0.003  

  

  

Fig.  9  BF  and  oxyHb  signals  for  all  complexity  and  multiscale  analysis  expressed  as  mean  value  across  
15  healthy  male  participants  at  33oC  (white)  and  at  43oC  (black).  A.  Sample  entropy  and  Multiscale  
Sample  Entropy,  B.  LZ  complexity  and  Multiscale  LZ  complexity,  C.  ETC  complexity  and  Multiscale  ETC  
complexity  (“*”  indicate  p<0.001).  

4.   Discussion    

We  set  out  to  investigate  whether  the  information  content  in  the  BF  and  oxyHb  signals  derived  
from  the  skin  microcirculation  could  be  used  to  discriminate  between  two  different  haemodynamic  
states  by  examining  the  simultaneously  recorded  signals  from  a  cohort  of  healthy  male  participants.  
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The   results   show   a   significant   decrease   in   the   complexity   of   both   signals   during   the   vasodilated  
perfusion   state   at   43oC.   They   further   show   that   the   multiscale   analysis   has   the   potential   for  
distinguishing  between  the  two  different  haemodynamic  states  in  both  BF  and  oxyHb  signals,  with  a  
better  discrimination  in  the  oxyHb  signals.  

Recent  studies  [41,  42]  have  suggested  that  an  increased  variability  in  blood  flux  may  indicate  a  
more  effective  microvascular  system,  whereas  a  lower  variability  in  microvascular  activity  corresponds  
to  a  loss  of  the  system’s  ability  to  adapt  under  pathophysiological  conditions.  To  our  knowledge,  no  
previous  studies  have  investigated  the  SampEn  and  ETC  complexity  of  healthy  human  skin  blood  flow  
and  oxygenation  signals,  recorded  simultaneously  at  the  same  site,  during  local  heating.  Our  findings  
provide  strong  evidence  that  in  healthy  human  skin  microvascular  blood  flow  and  oxygenation  signals,  
assessed  using  different   complexity  methods,   showed   sensitivity   to   the   change   in  haemodynamic  
state  induced  by  local  warming.  Here,  lower  complexity  indexes  with  relatively  consistent  variation  
across  the  15  epochs  were  found  in  all  participants  when  microvascular  flow  approached  maximum.  
By  contrast,  Liao  et  al.  [15]  investigating  the  sample  entropy  indexes  in  the  sacral  skin  in  people  at  risk  
for  pressure  ulcers  of  blood  flow  signals,  found  no  significant  correlation  with  the  skin  vasodilatory  
function  during  local  warming.  They  also  reported  that  the  single  scale  sample  entropy  was  not  always  
a   consistent  method   for   the  assessment  of   vasodilatory   function   concurring  with  our   finding   that  
sample  entropy  had  lower  classification  reliability.    

The  traditional  complexity  methods  measure  the  entropy  and  complexity  of  a  signal  only  in  one  
scale.  For  this  reason,  the  BF  and  oxyHb  signals  were  further  examined  using  multiscale  analysis,  in  
order  to  evaluate  these  methods  in  multiple  scales.  At  low  scales,  all  the  multiscale  nonlinear  methods  
(MSE,   MSLZ   and   METC)   yield   small   values   of   complexity.   As   the   sampling   rate   decreases,   the  
complexity   increases  until   it   reaches  and  passes   the  Nyquist   frequency  of   the  original   time  series.  
More  specifically,  by  increasing  the  scale  factor  from  𝜏 = 1  to  𝜏 = 12,  the  sampling  frequency  which  
is  𝑓�b~ = 𝑓�|��}�tw{ 	
  	
  𝜏⁄ = 3.33	
  𝐻𝑧	
  reaches   the  Nyquist   frequency  which   for   our   signals   is  𝑓X/% = 2 ∙
𝑓<�� = 2 ∙ 1.6	
  𝐻𝑧 = 3.2	
  𝐻𝑧.  We  observed  that  for  the  complexity  measures  there  is  a  rapid  increase  
until   the   scale   factor   around   12.   At   the   higher   scale   factors,   the   complexity   either   decreases   or  
becomes   constant   until   scale   factor   around   20.   The   complexity   after   the   scale   factor   20   steadily  
increases.  However,  multiscale  sample  entropy  measures  did  not  show  the  same  changes  through  
scales  as  the  other  two  methods.  Humeau  et  al.  [20],   in  a  recent  study  of  the  MSE  analysis  of  LDF  
signals  in  healthy  subjects,  showed  a  similar  behaviour  of  the  MSE  of  the  BF  signal  when  filtered  for  
the   frequencies  associated  with  heart   rate   (~0.6   -­‐  2Hz).  They  reported  that   the   increase  and  then  
decrease  of  the  MSE  over  the  scales  may  be  because  these  signals  were  non-­‐periodic  and  therefore  
the  progression  of  complexity  in  multiple  scales  was  not  stable.  They  also  suggested  that  this  may  be  
a  representative  indicator  for  the  BF  signals.  It  is  also  worth  noting  that  during  local  warming  around  
scale  24,  the  oxyHb  signals  become  more  complex  (less  regular)  than  those  at  33°C  using  the  MSE  
method  and  approaches  that  of  those  at  33°C  using  both  MSLZ  and  METC  complexity  measures.  This  
increase  in  complexity  at  higher  scales  may  be  a  useful  new  index  of  increased  adaptive  capacity  seen  
in  the  oxyHb  signals  at  larger  time  scales  possibly  due  to  compensatory  endothelial  action.  

The  information  of  the  signals  during  LTH  using  the  multiscale  analysis  showed  a  similar  decline  to  
that  when  using  the  traditional  methods.  Here,  we  suggest  that  the  multiscale  analysis  may  be  more  
valid  than  the  traditional  methods  as  it  measures  the  complex  characteristics  of  the  biological  signals  
in  multiple   spatial   and   temporal   scales   and   is   consistent   with   that   reported   by   Kalev   et   al.   [21],  
examining  EEG  signals  for  objective  measures  of  depression.  These  authors  found  that  traditional  LZ  
complexity  was  unable  to  account  for  the  high  frequency  components  in  the  signals  resulting  in  only  
a  50%  classification  accuracy  of  people  with  depression  and  controls  in  their  study.  Using  multiscale  
LZ  complexity,  they  were  able  to  demonstrate  an  86%  classification  accuracy  by  accounting  for  the  
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different  frequencies  of  information  content  in  the  EEG.  In  the  current  study,  we  were  able  to  show  
73.3%   and   90%   classification   accuracy   of   haemodynamic   state   using   MSLZ   for   BF   and   oxyHb,  
respectively  [43].  

All   the   nonlinear  methods  we   used  were   able   to   distinguish   between   the   two   haemodynamic  
steady   states.  However,   the   LZ   and  ETC  measures   showed  a  more   significant   separation   than   the  
SampEn   measure,   in   both   conventional   and   multiscale   analysis.   Recently,   Balasubramanian   and  
Nagaraj  [16]  estimated  the  SampEn,  LZ  and  ETC  complexity  in  RR  tachograms  of  healthy  young  and  
healthy  old  people  in  order  to  find  the  most  efficient  measure  for  a  better  separation  between  the  
two  groups.  They  found  that  LZ  and  ETC  complexity  were  able  to  discriminate  better  between  the  two  
groups  for  very  short  signal  lengths  in  agreement  with  this  study.    

We  found  that,  for  the  BF  signals  when  using  the  multiscale  analysis,  there  was  a  large  difference  
between  the  two  haemodynamic  steady  states,  around  scale  factor  19  in   the  entropy  indexes  and  
around  scale  factor  9  in  the  complexity  indexes.  The  weakest  separation  appears  in  scale  1  which  is  
the  scale  studied  by  traditional  entropy  and  complexity  methods.  For  the  oxyHb  signals  the  strongest  
separation  appears  at  around  scale  9  for  all  methods.  However,  the  smallest  difference  occurs  at  scale  
4  in  the  entropy  indexes  and  at  scale  24  in  the  complexity  indexes.  It   is  also  worth  noting  that  the  
microvascular   oxyHb   signals   showed   better   separation   than   the   BF   signals   between   the   two  
haemodynamic   steady   states.   This   suggests   that   these   measures   may   be   valuable   in   clinical  
assessment   in   low  perfusion   states   and   in  detecting  early   signs  of   sepsis.  Other   studies  have  also  
shown   that  pattern   recognition  methods  are   suitable   for   the  discrimination  between  groups   [44].  
Pattern  classification  methods  may  be  applied  in  future  studies  in  order  to  classify  the  tissue  perfusion  
features  in  different  pathophysiological  groups.  

Previous  studies  [10],  have  shown  that  time  and  frequency  domain  analysis  of  the  microvascular  
blood   flow   and   oxygenation   signals   have   not   been   able   to   produce   definite   and   consistent  
interpretation  of  the  microvascular  function.  It  was  also  shown  that  the  relative  power  spectral  density  
contribution  particularly  in  the  low  frequency  bands  was  not  significantly  altered  during  vasodilation  
induced  through  LTH  at  43oC.  The  multiscale  analysis  used  in  this  study  showed  that  the  complexity  in  
lower  time  scales  is  lower  and  increases  in  larger  scales  indicating  that  the  variability  of  the  endothelial  
rhythm  which  is  associated  with  microvascular  dysfunction  has  a  far  longer  time  constant  and  would  
be  better  imaged  at  high  scales.  This  suggests  that  nonlinear  measures  can  be  used  to  investigate  the  
dynamics  within  the  microcirculation  and  are  able   to  provide  a  robust  estimation  in  discriminating  
different  pathophysiological  conditions.    

Recent   studies   [2],   using   chaotic   network   attractor   analysis   have   shown   that   a   declining  
adaptability   in   flow  patterns   in  a  microvascular  network  may  be  a  major   indicator  of  CV  and  Met  
disease  risk.  They  also  suggest  that  the  spatial  distribution  and  temporal  behaviour  of  microvascular  
network  perfusion  may  be  more  suitable  measures  with  which  to  understand  microvascular  disease.  
More  experiments  need  to  be  conducted  in  disease  states  to  examine  changes  in  complexity  and  for  
evaluating  microvascular  dysfunction.  

5.   Limitation  

This  study  reveals  the  analysis  of  the  information  content  of  blood  flow  and  oxygenation  time  series  
derived  from  the  microvasculature  in  two  haemodynamic  steady  states  at  33oC  and  43oC  using  both  
conventional  and  multiscale  complexity  methods.  A  major  strengthen  of  this  study  is  that  by  using  LTH  
to   assess   microvascular   reactivity   and   obtain   two   haemodynamic   steady   states,   the   nonlinear  
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complexity  methods  were  able  to  discriminate  between  the  groups  showing  a  better  separation  when  
using  multiscale   analysis.   Our   study   seeks   to   explore   the   feasibility   of   using   nonlinear   complexity  
methods   as   a   tool   for   differentiating   between   two   imposed  microvascular   haemodynamic   steady  
states   as   a   proof   of   concept   for   clinical   application   in   the   prognosis   and   the   diagnosis   of  
pathophysiological  conditions.  However,  this  study  was  conducted  only  in  healthy  male  cohorts  as  
when  including  women  in  a  study  group  it  is  essential  to  match  them  for  menstrual  cycle.  We  therefore  
elected  to  limit  our  study  to  young  healthy  males  in  order  to  reduce  inter-­‐individual  variation  as  far  as  
possible.      

6.   Conclusion  

  
Here,  we  studied  the  nonlinear  properties  of  the  BF  and  oxyHb  signals  using  SampEn,  LZ  and  ETC  

complexity  in  order  to  identify  the  change  of  the  vasodilation  caused  by  local  warming.  We  conclude  
that   the   LZ   and   ETC   complexity   measures   show   more   sensitivity   for   identifying   changes   in   the  
microvascular  BF  and  oxyHb  under  an  imposed  stimulus  than  the  SampEn  measures.  Our  findings  also  
suggest   that   the   significant   attenuation   of   the   networks   flexibility   and   adaptability   in   face   of   an  
imposed  stressor,  assessed  using  multiscale  analysis  of  the  complexity  measures,  makes  this  method  
a  promising  approach  for  further  analysis  of  the  microvascular  function.  For  a  better  understanding  of  
the   nonlinear   indexes   of   the  microvascular   function   these  methods   now   need   to   be   extended   to  
cohorts  under  pathological  conditions.  
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