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Abstract

Background  and  aims:  Patients’  perception  of  their  bowel  cleansing  quality  may  guide  rescue

cleansing  strategies  before  colonoscopy.  The  main  aim  of  this study  was  to  train  and  validate

a convolutional  neural  network  (CNN)  for  classifying  rectal  effluent  during  bowel  preparation

intake as ‘‘adequate’’  or  ‘‘inadequate’’  cleansing  before  colonoscopy.

Patients  and  methods:  Patients  referred  for  outpatient  colonoscopy  were  asked  to  provide

images of  their  rectal  effluent  during  the  bowel  preparation  process.  The  images  were

categorized  as  adequate  or  inadequate  cleansing  based  on a  predefined  4-picture  quality

scale. A total  of  1203  images  were  collected  from  660  patients.  The  initial  dataset  (799

images), was  split  into  a  training  set  (80%)  and a  validation  set (20%).  The  second  dataset  (404

images) was  used  to  develop  a  second  test  of  the  CNN  accuracy.  Afterward,  CNN  prediction

was prospectively  compared  with  the Boston  Bowel  Preparation  Scale  (BBPS)  in 200  additional

patients  who  provided  a  picture  of  their  last  rectal  effluent.

Abbreviations: CNN, convolutional neural network; BBPS, Boston Bowel Preparation Scale; CRC, colorectal cancer; CADe, computer-

assisted lesion detection; CADx, computer-assisted diagnosis; AI, artificial intelligence; DL, deep learning; LRD, low-residue diet.
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Results:  On  the  initial  dataset,  a  global  accuracy  of  97.49%,  a  sensitivity  of  98.17%  and a  speci-

ficity of  96.66%  were  obtained  using  the  CNN  model.  On  the  second  dataset,  an  accuracy  of

95%, a  sensitivity  of  99.60%  and  a  specificity  of  87.41%  were  obtained.  The  results  from  the

CNN model  were  significantly  associated  with  those  from  the  BBPS  (P <  0.001),  and  77.78%  of

the patients  with  poor  bowel  preparation  were  correctly  classified.

Conclusion:  The  designed  CNN  is  capable  of  classifying  ‘‘adequate  cleansing’’  and  ‘‘inadequate

cleansing’’  images  with  high  accuracy.

© 2024  Elsevier  España, S.L.U.  All  rights  reserved.

PALABRAS  CLAVE

limpieza  de  colon;
Red  neuronal
convolucional;
Inteligencia  artificial;
Colonoscopia

Diseño y validación  de un  sistema  de inteligencia  artificial  para  detectar  la calidad

de  la  limpieza  del colon  previa  a la realización  de  la colonoscopia

Resumen

Antecedentes  y  objetivos:  La  percepción  de los pacientes  sobre  la  calidad  de  su  limpieza

intestinal  puede  guiar las  estrategias  de limpieza  de rescate  antes  de una  colonoscopia.  El obje-

tivo principal  de  este  estudio  fue entrenar  y  validar  una  red neuronal  convolucional  (CNN)  para

clasificar el  efluente  rectal  durante  la  preparación  intestinal  como  «adecuado»  o  «inadecuado».

Pacientes  y  métodos:  Pacientes  no seleccionados  proporcionaron  imágenes  del efluente  rectal

durante el proceso  de  preparación  intestinal.  Las imágenes  fueron  categorizadas  como  una

limpieza adecuada  o  inadecuada  según  una  escala  de  calidad  de 4  imágenes  predefinida.  Se

recopilaron  un total  de 1.203  imágenes  de  660  pacientes.  El conjunto  de datos  inicial  (799  imá-

genes) se  dividió  en  un  conjunto  de entrenamiento  (80%)  y un conjunto  de validación  (20%).  Un

segundo conjunto  de  datos  (404  imágenes)  se  utilizó  para  evaluar  la  precisión  de la  CNN.  Poste-

riormente,  la  predicción  de  la  CNN  se  comparó  prospectivamente  con  la  escala  de  preparación

colónica  de  Boston  (BBPS)  en  200 pacientes  que  proporcionaron  una imagen  de  su  último  efluente

rectal.

Resultados: En  el conjunto  de  datos  inicial,  la  precisión  global  fue del  97,49%,  la  sensibilidad

del 98,17%  y  la  especificidad  del 96,66%.  En  el  segundo  conjunto  de  datos,  se  obtuvo  una

precisión del  95%,  una  sensibilidad  del  99,60%  y  una  especificidad  del  87,41%.  Los  resultados

del modelo  de  CNN  se  asociaron  significativamente  con  la  escala  de  preparación  colónica  de

Boston  (p  <  0,001),  y  el 77,78%  de los  pacientes  con  una  preparación  intestinal  deficiente  fueron

clasificados  correctamente.

Conclusión:  La  CNN  diseñada es  capaz  de clasificar  imágenes  de  «limpieza  adecuada»  y

«limpieza  inadecuada»  con  alta precisión.

© 2024  Elsevier  España, S.L.U.  Todos  los  derechos  reservados.

Introduction

A  colonoscopy  is  the gold  standard  for  the examination  of
the  colon  and  detection  of  colorectal  neoplastic  lesions,  and
it  has  been shown  to decrease  the incidence  and mortality
rates  of  colorectal  cancer  (CRC)  in a  screening  setting.1,2

However,  its  efficiency  depends  on a  number  of factors.
Quality  benchmarks  have  been  proposed  by  different
societies  to increase  the efficiency  of  the procedure.3,4

Cleansing  quality  is  of  paramount  importance  to  increase
the  efficiency  of  the procedure  and  is  closely  related  to
the  most  important  factors.5,6 Despite  the importance  of
proper  bowel  cleansing,  the rate  of  colonoscopies  with
inadequate  bowel  cleansing  in  endoscopy  units  ranged
from 6.8%  to  33%  across  studies,7,8 while  a  percentage
between  10  and 15%  is  considered  to  be  admissible  by
scientific  societies.3,4 Several  factors  have  been  associated
with  poor  bowel  cleansing,  including  those  depending  on

the  patient,  staff,  and  those  related  to  the institution
bowel  preparation  protocols.8---10 A  patient’s  perception
of  his last  bowel  movement  before  the  colonoscopy  has
been  shown  to  be a  powerful  predictor  of  bowel  cleansing
ratings  during  colonoscopy.11,12 A recent  study  carried  out
by  our  research  group in a  large  sample  of  patients  showed
moderate  agreement  with  the bowel cleansing  rating  during
colonoscopy.13 In addition,  good  agreement  was  found when
the  staff  perception  and  patient  perception  of the last
bowel  movement  were  compared.  These  findings  offer  an
excellent  opportunity  to  test  rescue  cleansing  interventions
on  the  same  day  of  the  examination  before  the  colonoscopy.

In  recent years,  substantial  breakthroughs  in several  dis-
ciplines  have  been made  using  artificial  intelligence  (AI)
applications.  Machine  learning,  a  field  included  in AI,  refers
to  the  development  of  algorithms  with  the ability  to  learn
and  perform  certain  tasks.14 Deep  learning  (DL), a subset
of  machine  learning,  is  based on  the use  of  neural  net-
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works  with  a large  number  of  layers  and  parameters.15 These
biologically  inspired computational  models  can  exceed  the
performance  of  previous  forms  of AI.  One  of  the  most
popular  forms  of  DL  architectures  is  the  convolutional  neu-
ral  network  (CNN),  which  is specially  designed  to  process
images.16

In the  endoscopy  setting,  AI  computer  vision  applications
have  been  stated  as  a research  priority.17 The  two  main AI
system  categories  are  computer-assisted  lesion  detection
(CADe)  and  computer-assisted  diagnosis  (CADx).18 However,
tools  for  bowel  preparation  aid could  be  another  field  of
expansion  of  AI in endoscopy.

The  aim  of  this study  was  to  design  a  CNN capable  of  auto-
matically  predicting  the  quality  of  patient  cleansing  at home
after  the  intake  of the bowel  cleansing  solution  and  before
undergoing  the colonoscopy.  To  achieve  this,  the CNN  was
trained  on  rectal  effluent  images  acquired  by  the patients
themselves  during the bowel  preparation  process.

In  this  work,  a complete  description  of the  developed
study,  which  involves  the  collection  of  patients’  images  and
their  subsequent  labeling  by  medical  experts,  is  presented.
Regarding  the technical  aspects  of  this work,  the  chosen
CNN  model  is  presented,  and its  tuning  and  validation
processes  are  described.  Finally,  the results  of  the  CNN
classification  are  analyzed,  and  the conclusions  and future
lines  of  work  are  described.

Material and methods

Design  and setting

This  study  was  nested  in an observational  prospective  study
conducted  at the Open  Access  Endoscopy  Unit of the Hospital
Universitario  de  Canarias  between  February  2021  and  May
2021 (NCT04702646).13

In brief,  a  total  of  633 consecutive  outpatients  with
a  scheduled  colonoscopy  participated  in this  study.  The
aim  of  the  study  was  to  assess  the  agreement  between
the  effluent  characteristics  of  the  last  self-reported  bowel
movement  by  the patient  and a validated  bowel  prepara-
tion  scale  (Boston  Bowel  Preparation  Scale,  BBPS).19 Four
pictures  of effluents  with  different  cleansing  qualities were
provided  to the  patient  at  the endoscopy  unit entrance  and
before  colonoscopy,  and  the  patient  pointed  out the  one
that  most  resembled  his  last  effluent  (Supplementary  figure
1).  The  four  pictures  were  then  categorized  into  two  groups
(adequate  and  inadequate  cleansing)  for the  statistical  anal-
ysis.  The  patients  were  also  asked  to  provide  pictures  of
their  effluents.  After  this study,  patients  who  requested
an  outpatient  colonoscopy  were  asked  to  provide  pictures
of  their  effluents  during bowel  preparation  intake.  All  the
patients  were  advised  to  take  pictures  from  the toilet  bowl,
with  adequate  lighting  conditions,  over a light  background
(preferably  white)  using  their  own  cell phone.  The  images
that  were  very  dark  (in  which  barely  the bowl  content  could
be  seen)  or  not  taken  from  the  toilet  bowl  were discarded.

Overall,  660  patients  (age  62.3  ±  12.9  years;  53.4%
males)  provided  at least  one  image,  and  a total  of 1342
images  were  collected  during  the bowel  cleansing  process
(not  necessarily  from  the  last  rectal  effluent)  at two  differ-
ent  temporal  moments  (February  2021  to  September  2021

and  February  2022  to June 2022).  A total  of 139  images  were
discarded  (96  were  very  dark  and  43  were  not taken  from  the
toilet  bowl).  The  first dataset  was  composed  of  799  images,
and  the  second  dataset  was  composed  of  404  images.  All
these  images  were used for  training  and validation  of  the
CNN  taking  as  a  reference  the 4-picture  set. For  the  present
study,  the  pictures  were  downloaded  and  labeled  with
consecutive  numbers.  Additionally,  200 patients  voluntar-
ily  provided  1 image  of  their  last  rectal  effluent  between
October  2022 and  November  2022.  These  pictures  were  ana-
lyzed  by  the  trained  CNN and  compared  with  the  BBPS.  The
ethics  committee  approved  the study  protocol  in December
2021  (Acta  20/2021).  This  study  was  registered  at  Clinical-
trials.gov  (NCT05553977)  in September  2022.

Grading

The  images  were  independently  assessed  by three  members
of  our  staff  (two experienced  endoscopists  and  one  expe-
rienced  nurse  of  the endoscopy  unit).  The  pictures  were
labeled  as  ‘‘adequate  cleansing’’  (clear  liquid,  clear  liq-
uid  with  lumps)  or  ‘‘inadequate  cleansing’’  (dark  liquid,  or
dark  liquid with  solid  particles)  according  to  the aforemen-
tioned  4-picture  set  scale.  Agreement  was  assessed  among
the  three  raters.  In case  of  any  discrepancy,  the  decision  of
cleansing  quality  was  made  by  consensus  and served  as  the
reference  standard.

According  to  the criteria  of these  experts,  of  the
799  images  that made  up  the  first  dataset,  360 corre-
sponded  to  ‘‘adequate  cleansing’’,  and 439  corresponded  to
‘‘inadequate  cleansing’’.  The  second  dataset  (404  images)
was  divided  into 151  ‘‘adequate’’  and  253  ‘‘inadequate’’
cleansing  images.

CNN  algorithm  description

A  convolutional  neural  network  (CNN)  is  a  deep learning
model  inspired  by  the organization  of  the  animal visual
cortex  and designed  to  iteratively  learn  spatial  hierarchies
of  image  features,  from  low-  to  high-level  patterns.20 This
particular  neural  network  consists  of  numerous  convolu-
tion  layers  preceding  subsampling  (pooling)  layers,  while
the  ending  layers  are fully  connected  layers.21 Each  layer
is  composed  of  a variable  number  of neurons,  and  the  rela-
tions  between  these  neurons  are  regulated  with  weights.
The  CNN  needs  to  be trained  with  labeled  examples  to  be
able  to  predict  the correct  class  of  a new  input  image.  This
training  procedure  is  an iterative  search  of  the weights’  opti-
mal  values.  The  CNN  model used in  this work  was VGG1620

(Fig.  1).
The  main  goal  of the  CNN was  to  carry  out  auto-

matic  image  classification  into two  categories:  ‘‘adequate
cleansing’’  and  ‘‘inadequate  cleansing’’.  The  first  collected
dataset,  composed  of 799  images,  was  split  into  a training
set  (80%)  and  a test  set  (20%).  The  CNN model  was  trained
and  initially  validated  on  these  datasets.  The  second  col-
lected  dataset,  composed  of  404 images,  was  later  used  for
developing  a  second  validation.

The  training  strategy  started with  the pretrained  VGG16
network  using  the weight  values  tuned  for  ImageNet.22

ImageNet  is an image  dataset  that  has  been  used  in the

483



A.Z.  Gimeno-García,  S.  Alayón-Miranda,  F. Benítez-Zafra  et  al.

Figure  1 VGG16  architecture.

ImageNet  Large  Scale  Visual  Recognition  Challenge  (ILSVRC)
for  image  classification,  a competition  won  using  VGG16  in
2014  (Fig.  1).  Starting  from  the pretrained  network  allows  us
to  take  advantage  of  the general  learning  that the network
has  already  acquired  about  the most basic  characteristics
common  to  all  types  of  images  (edge  detection,  textures,
etc.).

To transfer  this  learning  to  our  classification  problem,
we  removed  the last  fully  connected  layers  (prepared  for
classifying  1000  classes)  and attached  other  fully  connected
layers  designed  for  classifying  two  classes. This  methodol-
ogy  enables  us to  provide  a  more  accurate  training  with  the
number  of  images  collected.  When  the CNN-based  model
processes  an image,  it returns  the probability  that  the  image
belongs  to the  two  categories  (‘‘adequate  cleansing’’  and
‘‘inadequate  cleansing’’).  The  category  with  the  highest
probability  score  will  be  considered  as  the  CNN’s  predicted
classification.

CNN training  and evaluation

In  the  first  training  step,  an iterative  fine-tuning  process
was  carried  out, where  the  convolutional  base  network  was
frozen  and  only  the  newly  added  part  was  trained.  In the  sec-
ond  step,  with  the  model  obtained  in the  previous  step,  all
the  layers  in  the base  network  were  unfrozen  and iteratively
tuned  (deep  tuning).  Both  fine  tuning  and  deep  tuning  make
use of  the  training  set constructed  from  the  initial dataset
(80%  of  the whole  sample).  The  training set  was  further
divided  into  training  (80%)  and validation  (20%)  subsets.  The
test  set  (20%  of  the whole  sample)  was  used for developing
the  initial  evaluation  of  the final  CNN  model  obtained  dur-
ing  the  training  procedure.  Since  a second  dataset  became
available  later,  we  were  able  to  perform  a  second  validation
study  of  the final  CNN  model.  Fig.  2  shows  a  scheme  of  this
procedure.

To avoid  overfitting,  data  augmentation  (an  artificial  pro-
cedure  for  increasing  the dataset)  consisting  of  random
rotations,  vertical  and  horizontal  flips,  and  zoom  was  used.

The  parameters  related  to  the model’s  training  proce-
dure  were  set  by  trial  and  error.  Fine  and deep  tuning  were
developed  during  100  iterations  (epochs)  each  using  the

RMSprop  optimizer,  a  learning  rate  of 2e-5,  the loss  function
‘‘categorical  cross-entropy’’  and a  batch  size of  32.

In  the  experiments,  we  used the  TensorFlow  (available
at https://www.tensorflow.org/) and  Keras (available  at
https://keras.io/)  libraries  to  prepare  the data  and run
the  model.  The  analyses  were  performed  with  a computer
equipped  with  a  2.9  GHz  Intel  Core  i7-10700  processor  and
a Dual  NVIDIA  RTX3060  graphics  processing  unit.

After  training  and  validation  of the  CNN,  the  CNN  was
used  to  analyze  the  200 images  of  the  last  effluent  provided
by  200 patients.  The  results  were  then  compared  with  the
bowel  preparation  during  the colonoscopy,  rated  based  on
the  BBPS.19 This  validated  scale  ranges from  0  to  3 points
per  segment  (proximal,  transverse  and  distal  colon).  Bowel
cleansing  was  adequate  when each of the  colon  segments
was  scored  ≥2  points.  Bowel  cleansing  was  inadequate  when
the  score  in  at  least  one  of the  segments  was  <2  points.

Statistical  analyses

The agreement  among  the  three  raters  for  labeling  the  pic-
tures  provided  by  the  patients  as  ‘‘adequate  or  inadequate’’
cleansing  was  calculated  by  Cohen’s  kappa  coefficient.

Statistical  indicators  of  the trained  CNN (accuracy,  sen-
sitivity,  specificity,  positive  and  negative  predicted  values)
were  also  calculated.

Additionally,  the  prediction  of  the  CNN (‘‘adequate
or  inadequate’’  cleansing)  in  the last  200 patients
who  provided  images  from  the  last  rectal effluent  was
compared  with  the  BBPS  scores  categorized  as  adequate
preparation  (BBPS  score  ≥2  per  segment)  or  inadequate
preparation  (BBPS  score  <2  per  segment).  The  agreement
between  the CNN  prediction  of  bowel  cleansing  and  the
result  of  the BBPS  score  was  calculated  by  Cohen’s  kappa
coefficient.  Statistical  indicators  (sensitivity,  specificity,
positive,  negative  predicted  values,  positive  and negative
likelihood  ratios)  were  calculated.  In addition,  the agree-
ment  calculated  by  the  Cohen’s  kappa  coefficient  plus  95%
confidence  intervals  between  the observers’  assessment
and  the  BBPS  was  calculated.  Data  were  analyzed  with  the
Statistical  Package  for  Social  Sciences  v.  25.0  (Armonk,  NY:
IBM  Corp).
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Figure  2 Flow  chart  of  the CNN  training  and  test  procedures.

Results

For the  training  and  validation  of  the CNN taking  as  a refe-
rence  the  4-picture  set,  660 patients  were  included  (males
53.2%,  age  ±  SD  62.7  ±  13.7  years).  A total  of  161 had signif-
icant  comorbidities  (24.4%).  Overall,  50.2%  were  prepared
with  2 l of  polyethylene  glycol  plus  ascorbic  acid,  29.5%  with
sodium  picosulphate  and  magnesium  citrate,  10.6%  with  1  l
of  polyethylene  glycol  and  ascorbic  acid and  9.7%  with  4 l of
polyethylene  glycol.

VGG16-based  model  development

and performance  evaluation

Agreement  was  calculated  among  the three  observers
according  to  the 4-picture  set  scale.  There  was  good
agreement  in  cleansing  quality  between  observers  1 and  2
(k  =  0.755),  observers  1 and  3  (k  =  0.851)  and observers  2  and
3  (k  =  0.788).

During  the fine  and  deep  tuning procedure,  it was
observed  that the accuracy  of  the  model increased  as
the  number  of  iterations  increased  and  the weights  were
adjusted  to better  values.  This  behavior  is  reflected  in the
learning  curves  shown  in Fig.  3.

An  accuracy  of  99.84%,  a sensitivity  of  100%  and a  speci-
ficity  of  99.65%  were  obtained  on the  training  set  using  the
final  CNN  model  obtained  after training.  On the test  set,  an
accuracy  of  88.34%,  a sensitivity  of  91.01%  and  a  specificity
of  85.13%  were  obtained.

In summary,  on  the initial  dataset,  a global  accuracy  of
97.49%,  a  sensitivity  of  98.17%  and  a  specificity  of  96.66%

Table  1  Confusion  matrix  of  VGG16  detection  versus

expert  classification  when  classifying  the  initial  image

dataset  and  second  image  dataset.

Expert  cleansing  classification

Adequate  Inadequate

Cleansing  in  the  initial  image  dataset

VGG16 classification

Adequate  348  8

Inadequate  12  431

Cleansing  in  the  second  image  dataset

VGG16  classification

Adequate  132  1

Inadequate  19  252

were obtained  using  the  CNN model.  The  positive  and  nega-
tive  predictive  values  were  97.29%  and  97.75%,  respectively.
The  confusion  matrix  is  shown  in Table 1, and  the  statistical
performances  are shown  in  Table  2.

VGG16-based  model  second  evaluation

To  more  deeply  study  the  generalization  capacity  of  the
designed  classifier,  a  second  test  of  the model  was  carried
out  with  new images  not  considered  in the  design  process,
as  described  in the previous  section.  Specifically,  the  404
images  contained  in  the second  dataset  were  used.  From  this
collected  pool  of images  (n = 404),  151 images  were  labeled
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Figure  3  Learning  curve  for  fine  (up)  and  deep  (down)  tuning  of  the  CNN-based  model  trained.  For  each  iteration  (epoch),  the

CNN classification  accuracies  on  the  training  and validation  sets  are  displayed.

Table  2  Sensitivity,  specificity,  and  positive  and  negative  predictive  values  of  VGG16  detection  versus  expert  classification

when classifying  the  first  and  second  image  datasets.

Image  dataset

First  Second

Sensitivity  ---  %  (95%  CIa) 98.18  (96.45---99.07)  99.6  (97.8---99.93)

Specificity --- %  (95%  CI)  96.67  (94.26---98.08)  87.42  (81.18---91.79)

Positive predictive  value  ---  %  (95%  CI)  97.29  (95.33---98.44)  92.99  (89.31---95.47)

Negative predictive  value  ---  %  (95%  CI)  97.75  (95.63---98.86)  99.25  (95.86---99.87)

Positive likelihood  ratio  (95%  CI)  53  (27---105)  221 (31---1565)

Negative likelihood  ratio  (95%  CI)  0.03  (0.02---0.06)  0.1  (0.08---0.19)

a 95% confidence interval.
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Table  3  Sensitivity,  specificity,  and positive  and negative

predictive  values  of  VGG16  detection  versus  the  Boston

Bowel  Preparation  Scale  (BBPS).

Sensitivity  ---n, %  (95%  CIa)  21/27,  77.78

(59.24---89.39)

Specificity  ---  n,  %  (95%  CI)  138/173,  79.77

(73.17---85.08)

Positive  predictive  value  --- n,  %  (95%  CI)  21/56,  37.50

(26.01---50.59)

Negative  predictive  value  ---  n,  %  (95%  CI)  138/144,  95.83

(91.21---98.08)

Positive  likelihood  ratio  (95%  CI) 3.84  (2.69---5.5)

Negative  likelihood  ratio  (95%  CI) 0.28  (0.14---0.57)

Cohen’s kappa coefficient (k) between the CNN prediction and

the BBPS: k = 0.396, 95% CI  [0.254---0.538], P < 0.001.
a 95% confidence interval.

by the  experts  as  representing  ‘‘adequate  cleansing’’  and
253  images  reflected  ‘‘inadequate  cleansing’’  preparations.

When  using  the obtained  CNN  model  on  this  dataset,  the
global  accuracy  was  95%,  with  a sensitivity  of  99.60%  and  a
specificity  of 87.41%.  The  positive  and negative  predictive
values  were  92.99%  and 99.25%,  respectively.  The  confusion
matrix  is  shown  in Table  1,  and  the  statistical  performances
are  shown  in Table  2.

CNN  prediction  of cleansing quality  during the

colonoscopy

A  total  of 200 patients  provided  a  picture of  the last  rec-
tal  effluent  (age  60.94 ±  11.66  years;  51.5%  males).  The
main  indications  were  CRC  screening  (30.5%)  and  post-
polypectomy  surveillance  (23.0%)  (Supplementary  Table  1).
Baseline  characteristics  of  these  patients  are shown  in
Supplementary  Table 2.  Overall,  58  patients  (29%) had
comorbidities  (diabetes  mellitus,  cirrhosis,  stroke,  and  sig-
nificant  chronic  kidney  disease  defined  as  renal  glomerular
filtration  <60 mL/min).  Agreement  was  calculated  among
the  three  observers  according  to  the 4-picture  set  scale.
There  was  good  agreement  in cleansing  quality  between
observers  1  and 2 (k  =  0.775),  observers  1 and 3  (k  =  0.748),
and  observers  2 and  3 (k  = 0.851).

Overall,  173  patients  (86.5%)  were  rated  as  having  ade-
quate  cleansing  following  the BBPS,  and 27 (13.5%)  as  having
inadequate  cleansing.  There  was  fair  agreement  between
the  global  observer  decision  on  cleansing  quality  and  BBPS
(k  =  0.377,  95%  CI  [0.212---0.542],  P < 0.001).  The  CNN pre-
dicted  adequate  bowel  cleansing  in 144  patients  (72.0%)
and  inadequate  cleansing  in  56  patients  (28.0%).  The  agree-
ment  between  the  CNN prediction  and  the BBPS  was  also
fair  (k  =  0.396,  95%  CI  [0.253---0.539],  P  < 0.001).  The  sen-
sitivity,  specificity,  positive  predictive  value, and  negative
predictive  value  of  the  CNN prediction  compared  to  those
of  the  BBPS  are  shown  in Table 3.  The  CNN  was  capable
of  correctly  detecting  21  out  of  27  patients  (77.78%)  with
poor  bowel  preparation  during the  colonoscopy.  A  total  of
65  patients  had  colorectal  adenomas  (32.5%).  There  were
no  statistically  significant  differences  between  patients  with
poor  bowel preparation  based  on  the  CNN  prediction  (n  =  15,
26.8%)  and  patients  with  a  predicted  adequate  bowel  cleans-

ing  (n = 50, 34.7%,  P  = 0.282).  Another  analysis  was  carried
out  depending  on  the bowel  solution  ingested.  The  statisti-
cal  performances  are shown  in  Supplementary  Table  3.

Discussion

In  this  study,  we  designed  and  validated  a CNN  capable  of
precisely  discriminating  different  qualities  of  bowel  cleans-
ing  according  to  a predetermined  set  of  images.  Most  work
presented  in the  literature  are  focused  on  the  application
of  AI techniques  to  improve  detection  and diagnosis  by
colonoscopy  but  not  to improve  the  cleansing  quality.

Research  on  the improvement  of colonoscopy  quality  fac-
tors  is  a timely  subject.  Colon  cleansing  is  closely  linked
to  the  main  outcomes,  such as adenoma  detection  rate  or
interval  CRC,  and several  studies  attempting  to  improve
colon  cleansing  have  been  reported  in recent years.5,23---26

However,  little  progress  has  been  made  on  this issue,
and  in clinical  practice,  the rate  of  patients  with  inade-
quate  bowel  cleansing  frequently  exceeds  the benchmark
of  10%---15%.3,26,27

Great  efforts  have been  made  to  test  the impact  of
quantitative  and  qualitative  changes  in the  type of diet
(regular  diet,  liquid  diet  or  low-residue  diet),  the num-
ber  of low-residue  diet  (LRD)  days, the  amount  of  bowel
solution  ingested  (low-volume  or  high-volume  preparations),
the  specific  type of  bowel  solution  (isosmotic  or  hyperos-
motic  solutions  with  additional  adjuvants,  etc.),  or  the  use
of  intensive  preparation  protocols  (increasing  the amount
of  bowel solution  intake  plus  the number  of LRD  days
plus  adjuvants).  However,  in general,  little  benefit  has
been  found  when  different  preparation  protocols  were
compared.5,24,28---30

Recently,  in a  study  carried  out  by  our  group that  included
633  patients  in a  derivation  cohort  and 378  patients  in  a val-
idation  cohort,  we  found that  the  patients’  perception  of
their  cleansing  quality  while  ingesting  the cleansing  solution
was  a  powerful  predictor  of  colon  cleansing  quality  assessed
during  the colonoscopy  using a  validated  bowel  preparation
scale  (Boston  Bowel  Preparation  Scale, BBPS).13 Although,
in  this study,  agreement  between  patients’  perception  and
BBPS  was  fair,  in  the multiple  logistic  regression  analysis,  it
was  the  most  powerful  predictor  of  bowel  cleansing  during
colonoscopy  ahead  of other  well-recognized  factors  such  as
aging,  the lack  of  adherence  to  bowel  preparation  intake
or  suffering  from  comorbidities  such as  diabetes  mellitus.  In
that  study, the patients  pointed  out  the image  that  was  most
similar  to  their  last  rectal  effluent  during bowel  preparation
from  a  4-cleansing  quality  picture  set  of  different  cleansing
qualities  (Supplementary  figure  1). This  first  study  encour-
aged  us to  design  a CNN  capable  of  predicting  the cleansing
quality  of  the patient  after  ingesting  the  cleansing  solution
based  on  the same  4-cleansing  quality  picture  set.

High accuracy  values  were  achieved  using  this  model.
However,  as  expected,  the  classification  results  were  slightly
worsened  when  images  not considered  in the training  pro-
cess  were  analyzed.  Nevertheless,  the  accuracy  was  still
good,  which  shows  that  the CNN model  has  generalization
capacity.

Interestingly,  slightly  more  errors  were  noted  on both
datasets  when  classifying  images  as ‘‘adequate  cleansing’’

487



A.Z.  Gimeno-García,  S.  Alayón-Miranda,  F. Benítez-Zafra  et  al.

using  the  CNN  model.  This  may  be  due  to  the presence  of
images  that  are  at the limit  of what  is  acceptable  in terms
of  preparation  quality.

To  our  knowledge,  only  two  studies,  both  conducted  in
Chinese  populations,  have  approached  this  problem  in  a sim-
ilar  way.31,32 In  both  studies  a  CNN was  trained  with  labeled
pictures  of rectal  effluents.  In  the  first  study,31 when  the
CNN  prediction  was  compared  with  the  BBPS,  it was  noted
that  the  cleansing  quality  using  the  CNN model  was  not  well
discriminated,  since  only  6  out  of  71  patients  with  a BBPS  <6
points  (8.45%)  were  correctly  classified;  the CNN  incorrectly
classified  the  remaining  images  as  adequate  preparation.
Conversely,  26  patients  with  a  BBPS  ≥6  points  were  incor-
rectly  classified  as  having  inadequate  preparation.  In light  of
these  findings,  this CNN would  probably  have  a  residual  clin-
ical  impact  for  guiding  rescue  strategies  in  patients  with  a
CNN  prediction  of poor  cleansing  quality  the  same  day of  the
colonoscopy  appointment  to  avoid  repeating  the  procedure.

Regarding  the training  process of  the CNN  in  the  above-
mentioned  study,  although  the authors  reported  an  accuracy
of  97%,  detailed  information  about  the training  process  is
missing  in  their  study.  In the second  study,32 carried  out
in  524  patients,  a  smartphone  application  driven  by  a  CNN
showed  an improvement  in  the quality  of  colonic  cleansing
compared  to a control  group.  However,  the  rate  of  ade-
quate  colon cleansing  in  the control  group  was  much  lower
than  expected  (88.54%  in the AI  group  vs  65.59% in the  con-
trol  group).  Regarding  the CNN,  accuracy  was  95.15%  in the
test  dataset,  similar  to our  study.  However,  the  CNN  and  the
training  used  in this study  were  different  from  the ones  used
in  our  study.

Our  CNN  was  trained  on  pictures  of  rectal  effluents
labeled  by  three  raters following  a 4-cleansing  quality
picture  set,  which  has  been  proven to  be  in  acceptable
agreement  with  the BBPS,  as  described  in a  previous  study.13

Although,  it  was  not  the main  aim  of the  present  study,  the
overall  performance  for predicting  adequate  or  inadequate
cleansing  following  the BBPS seems  to  be  acceptable.  Our
CNN  was  able  to  detect  21  out  of  the 27  patients  with  inade-
quate  preparation.  Since  the  BBPS score  is  determined  after
colon  washing  and suctioning,  we  hypothesized  that  this
maneuver  could have  rescued  some  patients  who  otherwise
would  have  inadequate  preparation.

We believe  that  the  promising  results  of our  study  could
be  the  basis  for  designing  mobile  applications  that  could
prove  the  preparation  quality  of  the colon before  coming  to
an  appointment  for  colonoscopy  and launch  rescue  cleansing
strategies  in a  timely  manner,  decreasing  repeated  proce-
dures,  inconvenience  for  patients  and  costs.

Our study  has  some  limitations.  First, although  our  results
are  promising,  the datasets  of  images  used  for  training  and
validation  of  this  study  were  not necessarily  taken  from  the
last  bowel  movement  but  from  any  rectal  effluent  during
the  bowel  preparation  process.  In addition,  the  proportion
of images  labeled  as  adequate  and  inadequate  cleansing  dur-
ing  the  training  of  the  CNN  do not  represent  that  in clinical
practice  because  the images  were  not  limited  to  the  last
rectal  effluent.  However,  in  this  study,  it was  necessary  to
obtain  the  largest  possible  number  and  variety of pictures.
Although,  the  number  of  images  for the CNN training  could
seem  small,  the  use  of  techniques  such  as  transfer  learning
greatly  reduce  the  number  of  images  needed  for  this  task.

This  is  proven  by  the  fine  and deep  tuning  learning  curves,
both  showing  that  the CNN  learns  reaching  a  great  accu-
racy  without  overfitting.  Second,  although  we  compared
the  prediction  of the CNN  with  a  validated  colon cleansing
scale  during colonoscopy,  patients  voluntarily  provided  the
pictures  and therefore  are not  representative  of  our  popula-
tion.  In  addition,  we  are aware  that  the  number  of  patients
who  provided  a picture  of  only their  last  rectal effluent  was
limited.  However,  our  agreement  results  between  the  CNN
prediction  and  the  BBPS  (k  = 0.396)  are comparable  to  those
obtained  in  our  previous  study  (k  =  0.374),13 which  makes
them  reliable.  Third,  we  did not identify  significant  dif-
ferences  between  patients  with  adequate  and  poor  bowel
cleansing  predictions  in terms  of  adenoma  detection  rates.
However,  it is  essential  to acknowledge  that  the  primary
objective  of the study  was  not  focused  on this  aspect.  Ade-
quately  designed  studies  to  address  this objective  would  be
of  interest  in order  to  generalize  the  use  of this application.

Finally,  although  the sensitivity  and specificity  of the  CNN
can  be improved,  it  does  present  a  high  NPV  (>95%),  allowing
for  optimal  exclusion  of  patients  with  inadequate  cleans-
ing.  However,  we  acknowledge  that  the PPV  is  improvable,
and  patients  with  inadequate  cleansing  are not  detected
with  high  precision.  Therefore,  if additional  colonic  prepa-
ration  were administered  to  patients  with  an inadequate
prediction,  a non-negligible  proportion  of patients  would  be
over-treated.  Nevertheless,  we believe  it would  be  worth-
while  in order  to  reduce  the percentage  of  inadequate
colonoscopies  that  would  need to  be repeated.

In  conclusion,  the developed  AI  tool,  as  described  in this
work,  is  capable  of classifying  ‘‘adequate  cleansing’’  and
‘‘inadequate  cleansing’’  images  with  high  accuracy.  Studies
in clinical  practice  are warranted  to  assess  the guidance  of
proper  bowel  preparation  as  a  rescue  strategy  before the
colonoscopy  appointment.
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