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Abstract

Objective:  To  show  that  statistical  techniques  allow  for  obtaining  a  reduced  number  of  four-

hour glucose  profiles  that  can identify  any  glucose  behavior  in patients  with  type  1  diabetes

mellitus.

Patients  and  Methods: A  retrospective  study  of 10  patients  with  type  1 diabetes  mellitus  was

conducted using  data  collected  by  continuous  glucose  monitoring.  A data  mining  technique

based on  decision  trees  called  CHAID  (Chi-square  Automatic  Interaction  Detection)  was  used  to

classify glucose  profiles  into  groups  using  two decision  criteria.  These  were  1,  the  seven  days

of the  week  and  2,  different  time  slots,  the  day  being  divided  into  six  sections  of  four  hours

each. Clustering  was  performed  according  to  the glucose  levels  recorded  using  the statistically

significant differences  found.

Results:  Significant  differences  (P-value  <.05)  and  dependencies  were  seen  between  the glucose

profiles  classified  depending  on  the independent  variables  ‘day  of  the week’  and  ‘time  slot’.

The relationships  found  were  different  for  each  patient,  showing  the  need  for  individualized

studies.
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Conclusions:  The  results  obtained  will  facilitate  mathematical  modeling  of  glucose,  and  can be

used to  develop  an individualized  classifier  for  each  patient  that  categorizes  glucose  profiles

based on the day  of  the  week  and  time  slot  variables.  Using  this  classifier,  it  will  be  possible  to

predict the  glucose  levels  of  the  patient  knowing  on which  day of  the  week  and in which  time

slot he/she  is,  leading  to  more  precise  models.  Healthcare  professionals  will  also be  able  to

improve  patient  habits  and  therapies.

© 2020  SEEN  and  SED.  Published  by  Elsevier  España,  S.L.U.  All rights  reserved.
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Identificación  de patrones  de glucemia  en  pacientes  con  diabetes  tipo  1 mediante

monitorización  continua  de glucosa  y técnicas  de  clusterización

Resumen

Objetivo:  Demostrar  que  mediante  técnicas  estadísticas  es  posible  obtener  un número  reducido

de perfiles  de  glucosa  de cuatro  horas  con  los que  se  puede  identificar  cualquier  comportamiento

de la  glucosa  en  pacientes  con  diabetes  mellitus  tipo  1.

Material  y  Métodos:  Se  ha realizado  un  estudio  retrospectivo  de  diez  pacientes  con  diabetes

mellitus tipo  1, con  datos  adquiridos  mediante  monitorización  continua  de  glucosa.  Se ha

utilizado una  técnica  de  minería  de datos basada  en  árboles  de decisión  denominada  CHAID

(CHi-square  Automatic  Interaction  Detection),  para  clasificar  los perfiles  de glucosa  en  grupos

utilizando dos  criterios  de decisión.  Por  un  lado, los  diferentes  días  (lunes;  martes;  miércoles;

jueves;  viernes;  sábado;  domingo),  por  otro,  diferentes  franjas  del  día,  dividiendo  el día en

seis tramos  de  cuatro  horas  cada  uno  (00:00  h---04:00  h;  04:00  h---08:00  h; 08:00  h---12:00  h;

12:00 h---16:00  h;  16:00  h---20:00  h;  20:00  h---24:00  h). Las  agrupaciones  se  han  realizado  de

acuerdo a  los  niveles  de glucosa  registrados,  mediante  diferencias  estadísticamente  significa-

tivas encontradas.

Resultados:  Se  han  observado  diferencias  significativas  (P-value  <.05)  y  dependencias  entre  los

perfiles de  glucosa  clasificados  en  función  de las  variables  independientes  día  de la  semana  y

franja horaria,  siendo  las  relaciones  encontradas  distintas  para  cada  paciente,  demostrando  la

necesidad de  hacer  un estudio  individualizado.

Conclusiones:  Los  resultados  obtenidos  facilitarán  la  modelización  matemática  de la  glucosa,

y podrán  utilizarse  para  la  creación  de  un  clasificador  individualizado  para  cada  paciente,  que

clasifique  los  perfiles  de glucosa  en  función  de las  variables  día de la  semana  y  franja  horaria.

Utilizando  este  clasificador,  se  podrán  predecir  los  valores  de  glucosa  del  paciente  conociendo

en que  día de  la  semana  se  encuentra  y  en  que  franja  horaria,  obteniendo  modelos  más  precisos.

También  el profesional  de la  salud  podrá  mejorar  los hábitos  y  terapias  de los  pacientes.

© 2020  SEEN  and  SED.  Publicado  por  Elsevier  España,  S.L.U.  Todos  los  derechos  reservados.

Introduction

The  collection  of  methods  known  as  data  mining  provides
technical  and  methodological  solutions  to  solve  problems  of
medical  data  analysis  and  prediction  modeling.  Data  min-
ing  is  the  process  of  selecting,  exploring,  and modeling
large  amounts  of  data  to  find  and uncover  unknown  pat-
terns  or  relationships  that  provide  a  clear  and  useful  result.1

It is  a  field  of  science  that  has  developed  rapidly  in  recent
years  and  helps  explain  data  and gain  knowledge  about  it.2

Decision  trees  are one  of  the  most  powerful  statistical  clas-
sification  techniques  used in data  mining.3---8 A decision  tree
is  a  clear  and  concise  way  to  review  and  decide  on  the
potential  relationships  between  data,  identifying  groups  or
segments  of  interest  between  them.

The  purpose  of  this study  was  to  identify,  through
the  construction  of decision  trees,  glucose  profiles  clas-

sified  into  groups  obtained  using  as  variables  the day
of  the week  (Monday;  Tuesday;  Wednesday;  Thursday;
Friday;  Saturday;  Sunday)  and  the  time  slot,  defined
as  the division of glucose  values  into  four  hour  sec-
tions  (00:00−04:00  h; 04:00−08:00 h;  08:00−12:00 h;
12:00−16:00 h; 16:00−20:00  h; 20:00−24:00  h).

The  rest  of  the article  is  organized  as  follows.  The  fol-
lowing  section  describes  the data  used  and the  technique
used  for  classifying  glucose  levels.  The  experimental  work
and  results  are  shown  in  the  ‘‘Results’’  section.  The  results
and  conclusions  are discussed  in the  ‘‘Discussion’’  section.

Material  and methods

Patients

A  retrospective  study  was  made  of  ten patients  with  type
1  diabetes  mellitus.  Measurements  were recorded  every
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five  minutes  using  Guardian  Real  Time continuous  glu-
cose  monitoring  (CGM)  sensors  and  Minimed  insulin  pumps
(Medtronic).  The  carbohydrate  estimates  by patients  trained
in the  diet  by  portions  process  were  also  recorded.  Measure-
ments  were  not  necessarily  taken  on consecutive  days  or  on
the  same  days  for  each  patient.  Only  the four-hour  intervals
with  at  least  46  values  are considered.  Table 1 in Appendix
A.  Supplementary  material,  shows  the  characterization  of
patients  with  information  on  sex,  age,  weight,  HbA1c  mea-
sured  in  the  three  months  prior  to  the study,  and  the  time
elapsed  since  diagnosis  of  the  disease  and  on  treatment  with
the  insulin  pump.  In  addition,  the  same  table shows  for  each
patient  the  mean  glucose  value,  the standard  deviation,  and
the  percentages  of  the time  in which the patient  has  glucose
levels  below  70  mg/dL,  above  250 mg/dL  and  the time  in the
range  [70,180]  mg/dL.

Statistical  methods

Decision  trees  are  a data  mining  technique  that  explores
data  to  extract  information  hidden  in them.  The  objective
of  decision  tree  construction  is  to  create  a model  to  predict
the  value  of a  dependent/target  variable  from  the indepen-
dent/predictive  variables  considered.  The  decision  tree  has
three  types  of nodes,  namely  the  root  node, the internal
nodes,  and  the end  nodes,  each  representing  a class  cha-
racterized  by the  statistical  values  of  the  target  variable,
and  the  categories  of  the predictor  variables  contained  in
each  node.  Each  path in  construction  of  the decision  tree is
associated  with  a  decision  rule established  by  the algorithm
itself.  Thus,  according  to the established  rules,  the  data  set
is  recursively  divided  into  separate  subsets  of  smaller  data
(divisive  algorithm).  One  of  the most  commonly  used  algo-
rithms  is  the  CHi-square  Automatic  Interaction  Detection
(CHAID)  algorithm,9 used  in  our study  with  the  predictive
analysis  software  IBM  SPSS  v.21.10 This  algorithm  recursively
divides  data  by  a response/target  variable  using multiple
divisions  between  the different  input/predictor  variables.  A
division  must  reach  a threshold  significance  level between
the  nominal  values  of  the target  variable  and the branches,
or  the  node  is  not  divided.  The  search  ends  when no  more
branches  may  be  gathered  or  there  are no  significant  divi-
sions.  The  last  division  is  chosen  as  the solution.  It  should
be  noted  that  the  last  division  does not have  to  be  the  most
significant  division  examined,  i.e.  there  could  be  another
more  significant  clustering  different  from  that  shown  in the
table,  although  this  is  an intrinsic  property  of  the algorithm
used.

This  study  used  the glucose  levels  of  each  patient  as  the
target  variable,  the day  of the  week  and  the time  slot  as
predictor  variables,  and a 95%  confidence  level  (� = 0.05)
as  significance  threshold.  The  Snedecor’s  F  distribution  was
used  as  division  criterion  and  the Bonferroni  adjustment  was
used  for  the  number  of categorical  values  of the  input  vari-
able,  thus  mitigating  bias  towards  inputs  with  many  values.

Results

An  individualized  study  was  performed  for  each patient.  To
construct  the decision  trees  of each  patient,  a  maximum
tree  depth  of three  and minimum  numbers  of cases  of  100

in  the  parent  node  and 50  in the  child  node  were  selected.
The  final  tree depth,  number  of  nodes,  and  number  of  end
nodes  obtained  for each  patient  are shown  in Table 2  of
the  Appendix  A,  Supplementary  material.  The  first  predictor
used  in tree construction  was  the day of the  week, and  the
second  predictor  was  time  slot.

Overall,  there  are seven  categories  for the day of  the
week  variable  and six  categories  for the time  slot  vari-
able.  The  categories  of  the  variables  are  represented  with
letters  and  numbers,  as shown  in Appendix  A Table  3,
Supplementary  material.  Table  4 in  Appendix  A,  Supple-
mentary  material  represents  the groups  obtained  for each
patient.  Clusters  per  day  appear  in  a  first  level.  For  exam-
ple,  four  different  blood  glucose  patterns  are  seen  in
patient  1: one  for Tuesday,  another  for Thursday,  another  for
Friday,  and  a final  pattern  for  Monday-Wednesday-Saturday-
Sunday  where  the lowest  mean  glucose  value  is  for Fridays
(163.53  ±  58.06  mg/dL)  and  the highest  value  is  for Tuesdays
(179.01  ±  55.61  mg/dL).  Clusters  by  time  slot appear  in the
second  level.  The  size  of  clusters  at  this level  is  separated
by  color,  and  it can  be seen  that  in  some  patients  there  are
clusters  with  a large  number  of slots.  In the  case  of  patient
1,  we  can  say that  he  usually  has  two  different  behaviors  on
Friday,  one for the [20:00−04:00  h]  slot and  another  for  the
rest  of the day.  The  same  analysis  can be done  for  all other
patients.

Table  5 in  Appendix  A,  Supplementary  material  includes
information  of  glycemic  control  on  the  results  of  Table 4 in
Appendix  A,  Supplementary  material.  To  promote  interpre-
tation  of  results,  information  of  patient  10  is  only  included.
Data  from  all other  patients  are  included  as  Supplementary
material  in  the Appendix  A.

The  relationships  found  between  independent  variables
and  glucose  values  are also  shown  as  pie  charts.  Charts  were
created  using  the  circlize  library,11 with  free  statistical  anal-
ysis  software  R  version  3.5.2.12

Figures  1  and  2  in Appendix  A,  Supplementary  material
shows  the  pie  charts  with  the  results  in Table  4 in Appendix
A,  Supplementary  material.  For  each  patient,  a pie  chart
is  created divided  into  seven  segments,  one  for  each  day,
and  each  segment  is  divided  into  another  six  segments  cor-
responding  to  each  slot.  Each  segment  has a letter  and a
number  identifying  the day and  the  slot (Table  3 in  Appendix
A,  Supplementary  material)  and  the  lines  represent  the  rela-
tionships  found  between  days  and  slots.

Discussion

Significant  differences  were  found in the  glucose  profiles
classified  by  the variables  day of  the  week  and  time  slot
in each  patient.  Automatic  classification  found similarities
between  glucose  profiles  of  different  categories.  Category
is  defined  as  all  profiles  corresponding  to  the same  time slot
of  the  same  day of  the week  (e.g.  Mondays  from  00:00  to
04:00  h). A glucose  profile  is  made  up  of  the glucose  values
measured  in  that  time  slot.

The  clusters  obtained  with  the day  of  the  week  variable
are heterogeneous,  i.e.  are made  up of  one,  two, three,
and  up  to  four  categories.  The  same  applies  to  clusters
with  respect  to  the  time  slot  variable.  The  most  commonly
repeated  size of  clusters  for  the day  of week  variable  was
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two  categories  (in  all  patients)  and  the least  common  clus-
ter  sizes  were  three  (patients  6  and  7) and  four  categories
(patients  1 and  9).  With  regard  to  the time  slot  variable,  the
result  was  similar,  though  a  greater  number  of  similarities
were  found  between  the profiles,  i.e.  more  clusters  than
for  the  day  of the week  variable  and for  a greater  number
of  patients  analyzed.

From  the analysis  of Tables  4 and  5 in Appendix  A,  Sup-
plementary  material,  conclusions  of clinical  applicability
may  be  drawn.  It  can  be  seen  that  patient  10  is  more
hyperglycemic  on Saturdays  than  all  other  days  (Table  4  in
Appendix  A,  Supplementary  material),  and  based  on  infor-
mation  in  Table  5  of  the  Appendix  A,  Supplementary  material
for  Saturdays,  actions  may  be  taken  to  reduce  this  behavior,
such  as  changing  his  insulin  regimen  or  diet.

An  analysis  of  the  pie  charts  in Figures  1  and  2 in Appendix
A,  Supplementary  material  shows  that centers  of  the charts
for  patients  3 and  6 are line-free.  This  is  because  the  clusters
in  these  patients  are  made  up  of  few  elements,  and  there  are
differences  between  the glucose  profiles  obtained  for  both
days  and  slots.  The  opposite  is  true  for  patients  4  and 9.
Clusters  are  made  up  of  several  elements  and  chart  centers
show  many  lines.  In  this  case,  the glucose  profiles  obtained
are  similar,  and  glycemic  control  is  greater  in these  patients
(longer  time  in  range).

However,  there  are  charts  (patients  3, 5, and  6)  with
few  connections  because  the  algorithm  detects  small  dif-
ferences  between  glucose  values  for  the different  days
that  it  previously  grouped  in  a single  cluster,  and  no lines
appear  therefore  in  the charts.  In  other  words,  the  algorithm
performs  a classification  with  greater  tree  depth  (Table  2
of  Appendix  A,  Supplementary  material).  For  example,  in
patient  3 there  is  a  first  level that  clusters  Mondays  and
Tuesdays,  and  then  clusters  in a  second  level  slots  0---3, 2---5,
1  and  4.  If  the chart was  performed  for  this  second  level,
a  higher  number  of  connections  between  categories  would
be  seen.  It  is  therefore  necessary  to  establish  the number
of  levels  before  the algorithm  is  applied.

Conclusions

The  conclusions  drawn  from  this  study  are as  follows:

•  Significant  differences  and  dependencies  were  seen
between  the  glucose  profiles  classified  based  on  the  varia-
bles  day  of  the week  and  time  slot.

•  The  clusters  found  were  different  for  each patient,  show-
ing  the  need  for  individualized  study.

•  Tables  4  and 5  in Appendix  A,  Supplementary  material
allow  for searching  significant  differences  to  correct  and
improve  habits  or  therapies  in  patients,  and to  achieve
more  accurate  models  using  machine  learning  and  artifi-
cial  intelligence  techniques.

• The  results  obtained  suggest  that  the techniques  applied
can  facilitate  mathematical  modeling  of  glucose,  and can
be  used  to  create  an individualized  classifier  for  each
patient  that classifies  glucose  profiles  based on  the day
of  the  week  and  time  slot  variables.  Use of  this classifier
will  allow  for predicting  glucose  levels  of  patients  know-
ing  in  what day  and in what  time  slot  he/she  is,  obtaining
more  accurate  models.
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