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Abstract

Objective:  To  develop  a  mortality  prediction  score  (Spanish  Influenza  Score  [SIS])  for  patients
with severe  influenza  considering  only variables  at ICU  admission,  and  compare  its  performance
against the  APACHE  II,  SOFA  and  Random  Forest  (RF).
Design:  Sub-analysis  from  the  GETGAG  /  SEMICYUC  database
Scope: Intensive  Care  Medicine.
Patients:  Patients  admitted  to  184  Spanish  ICUs  (2009---2018)  with  influenza  infection.
Intervention:  None.
Variables: Demographic  data,  severity  of  illness,  times  from  symptoms  onset  until  hospital
admission (Gap-H),  hospital  to  ICU  (Gap-ICU)  or  hospital  to  diagnosis  (Gap-Dg),  antiviral  vacci-
nation, number  of  quadrants  infiltrated,  acute  renal  failure,  invasive  or  noninvasive  ventilation,
shock and  comorbidities.  The  study  variable  cut-off  points  and  importance  were  obtained  auto-
matically.  Logistic  regression  analysis  with  cross-validation  was  performed  to  develop  the  SIS
score using  the  output  coefficients.  Accuracy  and  discrimination  (AUC-ROC)  were  applied  to
evaluate  SIS,  APACHE,  SOFA  and  RF.  All  analyses  were  performed  using  R  (CRAN-R  Project).
Results: A total  of  3959  patients  were  included.  The  mean  age  was  55  years  (range  43−67),
60% were  men,  APACHE  II 16  (12−21) and SOFA  5  (4−8),  with  ICU  mortality  21.3%.  Mechanical
ventilation,  shock,  APACHE  II, SOFA,  acute  renal  failure  and  Gap-ICU  were  included  in  the SIS.
The latter  was  generated  according  to  the  ORs  obtained  by  logistic  regression,  and  showed  an
accuracy  of  83%  with  an  AUC-ROC  of  82%,  which  is  superior  to  APACHE  (AUC-ROC  67%)  and  SOFA
(AUC-ROC 71%),  but  similar  to  RF  (AUC-ROC  82%).
Conclusions:  The  SIS  score  is easy  to  apply  and  shows  adequate  capacity  to  stratify  the  risk  of
ICU mortality.  However,  further  studies  are  needed  to  validate  the  tool  prospectively.
© 2020  Elsevier  España, S.L.U.  and  SEMICYUC.  All  rights  reserved.
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Spanish  Influenza  Score  (SIS):  utilidad  del Machine  Learning  en  el  desarrollo  de  una

escala  temprana  de predicción  de  mortalidad  en  la  gripe  grave

Resumen

Objetivo:  Desarrollar  una  escala  predictiva  de  mortalidad  (SIS)  en  pacientes  con  gripe  grave
considerando  las  variables  al  ingreso  a  UCI  y  comparar  su eficacia  respecto  del  APACHE  II, SOFA
y un modelo  Random  Forrest  (RF).
Diseño: Sub-análisis  de base  de datos  GETGAG/SEMICYUC.
Ámbito:  Medicina  Intensiva.
Intervenciones:  Ninguna.
Pacientes:  Pacientes  ingresados  en  184  UCI  españolas  (2009---2018)  con  infección  por  gripe.
Variables: Demográficas,  nivel  de  gravedad,  tiempo  síntomas  hasta  el ingreso  al  hospital
(Gap-H) o desde  hospital  a  UCI  (Gap-UCI),  o  al  diagnóstico  (Gap-Dg),  vacunación,  cuadrantes
infiltrados,  insuficiencia  renal,  ventilación  no-invasiva  o  invasiva  (VM),  shock,  y  comorbilidades.
Los puntos  de  corte  y  la  importancia  de las  variables  se  obtuvieron  de forma  automática.  Se
realizó validación  cruzada  y  regresión  logística  a  partir  de  la  cual  se  desarrolló  la  puntuación
SIS. Se aplicó  la  puntuación  y  se  calculó  la  exactitud  y  la  discriminación  (AUC-ROC)  así  como
para APACHE,  SOFA  y  RF.  El análisis  se  realizó  mediante  CRAN-R  Project.
Resultados: Se  incluyeron  3959  pacientes,  edad  55  (43−67) años,  60%  hombres,  APACHE  II de
16(12−21) y  SOFA  5(4−8)  puntos  y  una  mortalidad  del 21,3%.  VM,  shock,  APACHEII,  SOFA,  insu-
ficiencia  renal  aguda  y  Gap-UCI  fueron  incluidas  en  SIS.  A partir  de  los OR se  construyó  el  SIS
que demostró  una  exactitud  del  83%  y  un  AUC-ROC  del  82%,  superior  al  APACHE  (AUCROC  67%)
y SOFA  (AUC-ROC  71%)  y  similar  al  RF (AUC-ROC  82%).
Conclusiones:  La  escala  SIS  de fácil  aplicación,  ha  demostrado  con  adecuada  capacidad  de
estratificación  del riesgo  de  mortalidad  en  la  UCI.  Sin  embargo,  estos  resultados  deberán  ser
validados  prospectivamente.
© 2020  Elsevier  España, S.L.U.  y  SEMICYUC.  Todos  los  derechos  reservados.

Introduction

The  mortality  rate  among  critical  patients  with  influenza
virus  infection  admitted  to  the  Intensive  Care  Unit  (ICU)
remains  unacceptably  high:  a little  over  20%  in the general
population1---3 and  over  30%  in patients  requiring  invasive
mechanical  ventilation  (IMV).4 The  scales  used to  predict
severity  in  patients  with  community-acquired  pneumonia
appear  to underestimate  severity  among  patients  with
influenza  infection.5 The  adoption  of  early  outcome  pre-
dictors  may  be  useful for clinical  decision  making  when
caring  for  these critical  patients.  Different  studies  have
attempted  to  establish  predictors  related  to  mortality  in
this  particular  patient  population  in the  ICU.5---8 However,
most  of  them  have  serious  limitations  due  to  the  small
number  of  patients  involved,6,7 the methodology  used  to
obtain  the  predictor5,8 or  application  limited  to special
subpopulations.9,10 Developing  mortality  predictors  in  criti-
cal  patients  is  a complex  task,  due  to  their heterogeneity
and  differences  in  systemic  response  to  one  same  dis-
ease  process.  The  new  software  technologies  allow  us to
automatically  generate  predictive  models  through  the  use
of  ‘‘machine  learning’’  strategies.11---15 However,  most  of
these  models  are difficult  to  understand  for  physicians,
who  show  very  little  acceptance  of  clinical  decisions  based
on cryptographic  algorithms  (black  boxes)  with  generally
no  clear  application  in clinical  practice.16 It  is  therefore
important  to  develop  predictive  models  that  take  advan-
tage  of  these  new  analytical  technologies,  but  which  are
also  comprehensible  and early  and practical  to  apply,

with the  aim  of  helping  the clinical  decision  making  pro-
cess.

The  present  study  makes  use  of  machine  learning  tech-
niques  to  develop  a comprehensible  and  applicable  severity
score  (the  Spanish  Influenza  Score  [SIS]),  allowing  us  to  cate-
gorize  or  stratify  mortality  risk  on  an  early  basis  in influenza
patients  upon  admission  to  the ICU.

Primary  objective

To  make  use  of  machine  learning  techniques  to  develop  a
severity  stratification  score  (SIS)  and  evaluate  its  capacity
to  predict  mortality  in the  ICU  among  patients  with  severe
influenza  infection.

Secondary  objective

To  evaluate the mortality  predicting  capacity  of  a nonlinear
model  such as  random  forest  (RF)  analysis  in patients  with
severe  influenza  in the  ICU  versus  the SIS.

Material  and methods

Type of study

A subanalysis  was  made  of  the GETGAG/SEMICYUC  database
comprising  patients  admitted  to  184 Spanish  ICUs  in
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the  period  between  2009---2018,  with  confirmed  influenza
infection.17

Data  source

The  dataset  corresponding  to  the training  group  (TG) and
validation  group  (VG)  used to  develop  the  present  model
belong  to the  database  created  in  2009  on  occasion  of the
influenza  pandemic  by the  SEMICYUC  in  order  to  facilitate
improved  knowledge  of  the  disease  and generate  reference
information  for  the  optimization  of  clinical  practice.  The
study  was  approved  by  the  Clinical  Research  Ethics  Commit-
tee  of  Hospital  Universitario  Joan  XXIII  (Tarragona,  Spain)
(IRB#11809),  and was  ratified  by  the local  Committees  of
each  of the  participating  centers.  Patient  identity  was  kept
anonymous,  and  the  obtainment  of informed  consent  was
not  considered  necessary  due  to  the  observational  and epi-
demiological  nature  of  the  study, as  has  been  published
elsewhere.2,3,17---21

We included  all  the  consecutive  patients  admitted  to
the  184  participating  Spanish  ICU  with  respiratory  signs sug-
gestive  of  viral infection,  with  or  without  fever  and with
microbiological  confirmation  of  influenza  A or  B  based  on
RT-PCR  testing.2,3,17---21

The  data  were obtained  by  the treating  physicians  from
the  physical  examination,  review  of  the clinical  history,  radi-
ological  findings,  and laboratory  test  results.  The  treating
physicians  of  each center  were  in charge  of requesting  all
the  tests  and  of  conducting  all  the  patient  care-related  pro-
cedures.  We  only  excluded  patients  under  15  years  of age
and  those  with  missing  data  referred  to  the objectives  of
the  study.

The  database  contains  information  referred  to  demo-
graphic  parameters,  level  of severity,  time  from  symptoms
onset  to  hospital  admission  (Gap-H)  or  from  hospital  admis-
sion  to  admission  to  the  ICU  (Gap-ICU)  or  to  diagnosis
(Gap-Dg),  influenza  vaccination,  infiltrated  quadrants  on  the
chest  X-rays,  renal  failure,  noninvasive  ventilation  (NIV)  or
invasive  mechanical  ventilation  (IMV),  failure  of  NIV, shock
upon  admission  and  comorbidities,  as  well  as  laboratory  test
results.  The  assessment  of disease  severity  was  based  on  the
APACHE  II  score,  while  organ  dysfunction  was  assessed  using
the  SOFA  score.

Definitions:  The  definitions  of  the variables  are found
in  Appendix  B  Table 1 of annex  B  and  in previous
publications.2,3,17---21

Processing  of missing  values

We excluded  those  patients  with  missing  data  referred
to  categorical  variables,  and imputed  the  missing  values
of  the  numerical  variables  through  the missForest/CRAN-R
function----a  nonparametric  imputation  of  the missing  value
using  random  trees.22,23

Selection  of  cut-off  points  of  the  variables

In  order  to perform  the analysis,  the continuous  numer-
ical  variables  were  converted  into  categorical  values.
The  cut-off  points  for  the  numerical  variables  were
obtained  automatically  through  the LOESS smoothing  func-
tion  (stats/CRAN  R  package).  The  LOESS  regression24 allows
us  to  trace  curves  of  a time  series  using  a least  squares
regression  method.  Once the curves  are  obtained,  the cut-

Table  1  General  characteristics  of  the  3959  patients
included  in the  present  analysis.  The  variables  are those  con-
sidered upon  admission  to  the  ICU  and for  the first  24  h  of
stay. The  results  are expressed  as  the  number  of  patients  (n)
and percentage  (%)  or  median  and  interquartile  range  (IQR),
as applicable.  COPD:  chronic  obstructive  pulmonary  disease;
APACHE  II: Acute  Physiology  And  Chronic  Health  Evaluation;
SOFA:  Sequential  Organ  Failure  Assessment;  Gap  hospital:
time  from  symptoms  onset  to  admission  to  hospital;  Gap
diagnosis:  time  from  admission  to  hospital  to  diagnosis;  Gap
ICU: time  from  admission  to  hospital  to  admission  to  the
ICU; vaccinated:  patients  that  received  influenza  vaccina-
tion;  BMI:  body  mass  index).

Variables  Total
population
(n  =  3959)

Demographic
Age  55  (43−67)
Male gender  2359  (59.6)

Type of  diagnosis  on admission
Primary  viral  pneumonia  2520  (63.6)
Coinfection  805  (20.3)
Exacerbated  COPD  280  (7.0)

Severity  and  level  of  care
APACHE  II  score  16  (12−21)
SOFA score  6  (4−8)
> 2 quadrants  with
infiltrates  on  chest  X-rays

1731  (43.7)

Gap hospital  4  (2−6)
Gap diagnosis  4  (2−7)
Gap ICU  1  (1−2)
Vaccinated  466  (11.7)

Comorbidities
Asthma  379  (9.6)
COPD  938  (23.7)
Chronic  heart  failure 531  (13.4)
Chronic  renal  failure 355  (8.9)
Hematological  disease 287  (7.2)
Pregnancy 514  (12.9)
Obesity  (BMI  > 30  kg/m2) 1239  (31.3)
Neuromuscular  disease  117  (2.9)
Autoimmune  disease 161  (4.0)
Acquired  immune
deficiency

445  (11.2)

Complications
Shock  2002  (50.5)

Invasive  mechanical
ventilation

2171  (54.8)

Noninvasive  ventilation
(NIV)

1455  (36.7)

Failure  of  NIV  768  (19.4)
Acute renal  failure  1129  (28.5)
Mortality  845  (21.3)

off points  are  defined  through  those  variations  in  the curve
that  are  associated  to  an increase  in mortality  rate  of  at
least  10%.
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Figure  1  Flowchart  of  the  development  and validation  of  the Spanish  Influenza  Score  (SIS).  LOWEES:  LOWEES  regression  analysis;
IV: information  value;  TG:  training  group;  VG:  validation  group;  AUC:  area  under  the ROC  curve;  MLR: multiple  logistic  regression;
OR: odds  ratio;  RF: random  forest.

Selection  of the variables  to be  included  in  the
model

Selection  of the variables  was  made  automatically  by  obtain-
ing  the  ‘‘information  value’’  (IV) for  each  of  them,  using
the  InformationValue-CRAN  R  statistical  package.  The  IV  is  a
search  tool  for  selecting  a  predictive  variable  through  binary
logistic  regression  analysis.25,26 The  total  IV  is  the sum  of  the
IV  of  the  category  and  a measure  of the predictive  capacity
of  a  variable,  and  allows  us to  discriminate  between  ‘‘cases
or  events’’  and ‘‘controls  or  non-events’’.  For the IV  we  con-
sidered  a  cut-off  point  ≥  0.20  for  entering  the variables  in
the  model,  as  suggested  by  Siddiqi.26

Cross-validation

Fig.  1 shows  the study  analysis  flowchart.  The  original
patient  cohort  was  divided  into  two  groups:  TG  (75%  of  the
patients)  to  create  the model  and  VG (remaining  25%)  to
assess  the  precision  and  error  of  the  model.  The  division  was
made  on  a  random  basis,  but  keeping  one  same  proportion
in  the  response  variable  ‘‘y’’  (mortality).

Regression  model  and  obtainment  of  the  SIS

Following  categorization  of  all  the variables,  we  obtained
a  ‘‘value’’  for  each  level by  means  of  a binomial  logistic
regression  (LR)  model with  the ‘‘glm’’  function  of  R.  Based
on  the  coefficients,  we  calculated  the odds  ratios  (ORs),
which  were  rounded  to  determine  the points  assigned  to
each  variable  of  the  SIS.  The  score  was  applied  to  each
of  the  patients,  and  the  sum  yielded  the final  score  of  the
SIS.  This  procedure  was  carried  out  for  TG  and  VG, and  we
evaluated  the predictive  capacity  of  the model  based on
its  accuracy  and  discrimination  through  the area under  the
receiver  operating  characteristic  curve  (AUC  ROC).

Conversion  of the score  into  probability  of  death
and visualization  of the results

In  order  to  obtain  the probability  of death  from  the SIS score,
LR  was  applied  to  estimate  the coefficients  of  the  scale  and
the  probability  of  the event  (mortality),  using  the  individual
values  of  each  patient.  Then,  a  bar plot was  generated  to
represent  the survivors  and  non-survivors  according  to  the
SIS  score  obtained,  together  with  a  probability  curve  of  the
event  ‘‘in-ICU  mortality’’.

Validation  of the  SIS

The adequate  performance  of  the SIS  was  evaluated  based
on  the  accuracy  and  discrimination  of  the model,  as  well
as  the sensitivity  (Se),  specificity  (Sp), positive  predictive
value  (PPV)  and  negative  predictive  value  (NPV).  In  addi-
tion,  we  assessed  the  calibration  between  predicted  risk  and
observed  risk  using  the  Sommers  index.27 Lastly,  we  defined
four  risk  categories  stratified  according  to  mortality.

Random  forest  (RF)  nonlinear  model  of  mortality

The  RF  technique  was  used to  establish  a  model  of  mortality
with  the  ICU  admission  variables.  This  technique  is  widely
used  among  the family  of  machine  learning  algorithms,  and
is  based  on  the  generation  of  multiple  decision  forests  that
are constructed  by  means  of an algorithm  that  introduces
a random  variables  selection  model  to  reduce  the  correla-
tion  between  them.28,29 The  importance  of  each  variable  is
defined  as  the  influence  it has on  being  removed  from  the
model  with  respect  to  the prediction.  The  final  model  was
assessed  based  on  the  accuracy,  discrimination,  Se,  Sp,  PPV
and  NPV  values.
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Table  2 Variables  independently  associated  to  in-ICU  mortality  (multivariate  analysis)  (APACHE  II:  Acute  Physiology  And  Chronic  Health  Evaluation;  SOFA:  Sequential  Organ
Failure Assessment;  Gap  ICU:  time  from  admission  to  hospital  to  admission  to  the  ICU).

Variable  OR  2.5%  CI 97.5%  CI  P-value  =

Intercept  0.0157865  0.0096892  0.0251  <  1.1e-16***
Acute renal  failure  2.2759160  1.8238669  2.8398  3.247e-13***
Invasive mechanical  ventilation  3.7199974  2.8479344  4.8936  <  2.2e-16***
Shock 1.7920661  1.3835584  2.3270  1.078e-0.5***
APACHE II  (11−17)  1.4155315  1.0114517  1.9993  .0452860*
APACHE II  (18−21)  1.9302566  1.3468351  2.7876  .0003878***
APACHE II  (22−27)  2.2490143  1.5392787  3.3074  3.203e-05***
APACHE II  > 27  points  3.1892816  2.0516243  4.9825  2.924e-07***
SOFA (3−6)  1.1505601  0.8049519  1.6631  .4478884
SOFA (7−8)  0.8934255  0.5981189  1.3436  .5846590
SOFA (9−10)  1.3867558  0.9104261  2.1266  .1303892
SOFA (11−12)  1.8822991  1.1519383  3.0919  .0119529*
SOFA >  12  points  2.3234584  1.3389414  4.0551  .0028335**
Gap-ICU (12−36) 1.4226239  1.0443490  1.9540  .0272621*
Gap-ICU (37−60) 2.0356333  1.4050072  2.9611  .0001834***
Gap-ICU (61−80) 3.2465693  2.0106550  5.2280  1.318e-06***
Gap-ICU >80  h  4.3225489  3.0169562  6.2362  2−602e-15***

Statistical significance *** 0.001; ** 0.01; *0.05.
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Reporting  of the  results

The  values  obtained  were reported  as  the median  and
interquartile  range  (IQR)  (25%---75%),  or  as  numbers  and per-
centages,  as  applicable.  The  results  of  the  multivariate
analysis  were  expressed  as  the OR  and  corresponding  95%
confidence  interval  (95%CI).  The  statistical  analyses  were
made  using  the  R version  3.6.0  package.

Results

General  population

The  study  cohort  consisted  of  3959  patients  admitted  to  184
Spanish  ICUs.  The  general  characteristics  of  the patients  are
reported  in Table  1.

Development  of the  Spanish  Influenza  Score  (SIS)

Cut-off  points  of the continuous  variables
Through  LOESS  regression  we  traced  the curves  for  the con-
tinuous  variables  such  as  the  APACHE  II  score,  SOFA  score
and  Gap-ICU  (Appendix  B  Fig.  1 in  annex  B).  Based  on  the
10%  change  in the probability  of death  in each  curve,  the
following  cut-off  points  were established:  a) for  the APACHE
II,  4  cut-off  points:  1) 11−17;  2)  18−21;  3) 22−27; and  4) >
27  points;  b)  for  the  SOFA,  5 cut-off  points:  1) 3−6; 2) 7−8;
3)  9−10;  4) 11−12; and  5) >  12  points;  and  c) for  Gap-ICU,
the  days  were  transformed  into  hours,  with  the  definition
of  4  cut-off  points:  1) 12−36;  2) 37−60;  3) 61−80;  and  4)
> 80  h. These  cut-off  points  were  entered  in the regression
model.

Selection  of  the  variables  based  on  the  information

value  (IV)
The  predictive  capacity  of  each  variable  with  respect  to  in-
ICU  mortality  was  evaluated  using linear  regression  to  obtain
IV.  The  only  variables  that  reached  the  cut-off  points  defined
for inclusion  in the  model were  invasive  mechanical  venti-
lation  (IMV),  the SOFA  score,  APACHE  II score, shock,  acute
renal  failure  (ARF)  and  Gap-ICU  were  the (Appendix  B in
annex  B).

Regression  model
The  study  population  was  divided  into  a  training  group  (TG;
n  = 2970)  and a  validation  group  (VG;  n  =  989).  The  charac-
teristics  of each group  are  shown  in Appendix  B  Table  3 of
annex  B. The  cut-off  points  established  for APACHE  II, SOFA
and Gap-ICU  and  the categorical  variables  IMV,  shock  and
ARF were  entered  in the  regression  model.  Table 2 shows  the
variables  independently  associated  to  mortality.  Following
application  of  the model in the  VG, the recorded  accuracy
was  82%,  with  AUC ROC  82%.

We  transformed  the  OR  of each variable  into  points  of the
score  by  rounding  to  the  nearest  0.5,  and  a  score  was  gen-
erated  with  a maximum  of  18  points  (Table 3). The  score
was  applied  to  each  of  the  patients  in the  GD,  and pre-
dicted  mortality  with  respect to  the score  for  each  patient
was  obtained  (Fig.  2).  We  then  applied  the  score  to  the
VG  and  obtained  an accuracy  of  83%  (95%CI:  0.79−0.84)
with  AUC  ROC  82%  (Fig.  3), evidencing  good discrimination
of  the  SIS.  Appendix  B Fig.  2  of  annex  B shows  calibra-
tion  of  the  model  to  be  good,  with  a Sommers  index  of
0.65,  while  Table  4  reports  the predictive  values  of  the
SIS.

Lastly,  we  established  four SIS  risk  levels  stratified
according  to mortality:  1) Very  low risk:  SIS 0---8.5  points
with  a mortality  of  5%;  2)  Moderate  risk:  SIS  9---11 points
with  a mortality  of  16%;  3) High  risk:  SIS  11.5---14  points  with
a  mortality  of  36.3%;  and 4) Very  high  risk:  SIS > 14  points
with  a  mortality  of  60%  (Fig.  4).

Random  forest  mortality  prediction  model
(nonlinear model)

The  application  of  RF  showed  IMV,  the SOFA  score,
acute  renal  failure,  days  to  ICU  admission,  APACHE
II  score,  failure  of  NIV and  immunodeficiency  to  be
the  variables  with  the strongest  predictive  impact
(Appendix  B Fig.  3 of  annex  B).  The  assessment  of
prediction  evidenced  an accuracy  of 81%  with  AUC
ROC  82%. Table  4  shows  the rest  of  the predictive
parameters  and  their  comparison  with  regard  to  the
SIS.

Discussion

The application  of severity  scores  at individual  or  population
level  is  crucial,  since  they  allow  us to  classify and stratify
patients  into  risk  categories  based  on one of  the most  impor-
tant  outcomes  that  can  be measured  in  the ICU,  namely
mortality.  Based  on  this  concept,  the  main  objective  of our
study  was  to  develop  an ‘‘early’’  mortality  predictive  model
using  machine  learning  (ML)  methods  and  to  compare  its
performance  against  a random  forest  nonlinear  model.

The  main  finding  of  the study  was  that  the SIS  exhib-
ited  adequate  accuracy  in the cross-validation  (83%),  with
very  good  discrimination  (AUC  ROC  82%)----these  predictive
parameters  being similar  to those  of  the  random  forest
model.  These  data  suggest  that  the SIS  is  a  valid  model  that
allows  adequate  stratification  of  mortality  risk  in patients
with  influenza  upon admission  to  the  ICU.

The  studies  carried  out  to date  have  only determined
variables  associated  to  mortality  through  classical  multivari-
ate  analyses5,6,19,30 or  by  developing  scores  with  a limited
number  of patients,7,31---33 or  considering  only  special  patient
populations.9,10 In a  study  involving  709  patients,  Oh  et  al.7

developed  a score  with  four  variables,  assigning  a point  to
each of them  (altered  mental  state,  hypoxia,  bilateral  infil-
trates,  and  age  >  65  years).  Although  this  was  a multicenter
study  and  the discrimination  of  the score  was  very  good (AUC
ROC  0.83),  only  75  patients  (10.5%)  were  seriously  ill.  In
addition,  the authors  conducted  no  cross-validation.  Adeniji
et al.8 applied  the STSS  (Simple  Triage  Scoring  System)31

and  the SOFA  score  in the emergency  department  to pre-
dict  the  need  for mechanical  ventilation  (MV)  and  admission
to  the ICU  in patients  with  influenza.  The  discrimination  was
greater  for  the STSS (AUC ROC  0.88)  versus  the SOFA  (AUC
ROC  0.77)  for admission  to  the  ICU  and  also  as  regards  the
need  for  MV  (AUC  ROC  0.91  versus  AUC  ROC  0.87  for  STSS  and
SOFA,  respectively).  However,  the  sample  size was  very  small
(n  =  62);  as  a  result,  the  statistical  power  of  the study  was
poor,  and  the  results  were  difficult  to  interpret.  Chung  et  al.9

developed  a severity  score  in 409 elderly  patients  (Geriatric
Influenza  Death  [GID]).  The  multivariate  analysis  identified
only  5  variables  (coma,  C-reactive  protein  elevation,  cancer,
coronary  disease  and the  presence  of  band  cells  in the leuko-
cyte  formula)  to  be  independently  associated  to  mortality.
Although  the  GID showed  very  good  discrimination  (AUC  ROC
86%),  in contrast to  our  own  score it considered  variables
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level. Mortality  is  seen  to  increase  significantly  as the  score  obtained  increases  (p  < 0.001).
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Table  3  Spanish  Influenza  Score  (SIS)  derived  from  the  ORs
of the  logistic  regression  analysis  (ARF:  acute  renal  failure;
IMV: invasive  mechanical  ventilation;  APACHE  II:  Acute  Physi-
ology and  Chronic  Health  Evaluation;  SOFA:  Sequential  Organ
Failure  Assessment;  Gap  ICU:  time  from  admission  to  hospital
to admission  to  the  ICU).

Variable  Points

Presence  ARF 2.5
Need  for  IMV 3.5
Presence  shock  2.0
APACHE  (points)

11−17  1.5
18−21  2.0
22−27  2.0
>27  3.0

SOFA  (points)
3−6  1.0
7−8 1.0
9−10  1.5
11−12  2.0
>12  2.5

GAP  ICU  (hs)
12−36  1.5
37−60  2.0
61−80  3.0
>80  4.5

Maximum  score  18.0

corresponding  to  the entire  time  course  (evolution),  was  lim-
ited  to elderly  patients,  and no  cross-validation  was  made.

Studies  based  on  routine  statistical  methods  such  as
logistic  regression  (linear  model)  are  widely  accepted  by
physicians  for determining  or  investigating  factors  related
to  mortality  or  the  development  of  some  adverse  event.
However,  these  indicators  do  not perform  adequately  for
individual  predictions,15 and  do not  allow  us  to predict
the  clinical  course  of  a patient.  New  forms  of prediction
based  on  algorithms  developed  through  machine  learning
(ML)  techniques,  such  as  neural  networks  or  decision  trees,
have  been  implemented  to  obtain  predictive  models  in dif-
ferent  scenarios  in  intensive  care.34---37 However,  although
these  models  offer  very  good  predictive  performance,  they
are  usually  incomprehensible  for  clinicians  and scantly  appli-
cable  not  only  because  of  their complexity  but  also  due  to
a  lack  of  inclusion  in the model  of variables  of  great  clini-
cal  interest----such  as  antimicrobial  treatment----in a complex
model  that  compares  clinical  constructs versus  automated
models  in  the  treatment  of sepsis,38 thereby  invalidating
clinical  application  of  the  model.  Recently,  Hu  et al.39 pub-
lished  a  study  on  the  application  of  two  ML techniques
(gradient  boosting  XGBoost  and RF)  compared  against  an
LR  model  for  predicting  30-day  mortality  in a  cohort  of
336  patients  with  influenza.  The  authors  concluded  that  the
XGBoost  (AUC  ROC  =  0.84)  and  RF  models  (AUC  ROC  =  0.80)
afforded  better  discrimination  than  LR (AUC  ROC  =  0.70).
These  results  do  not  coincide  with  those  of  our  own  study,
which  also used  an RF  model.  This  discrepancy  could  be
explained  by  the small  number  of patients  in relation  to
the  large  number  of variables  considered  in the study  of  Hu
et  al.,39 which  has  an  unfavorable  impact  upon  regression
models  but not  on  models  developed  using  decision  trees. In
addition,  the  mentioned  authors  used  variables  correspond-

ing  to  the first  7 days;  the  instrument  therefore  cannot  be
regarded  as  an early  predictor.  Lastly,  the discrimination  of
the  best  model  (XGBoost),  which  is  scantly  interpretable  for
clinicians,  was  only  slightly  better  than  that  of  the SIS.

The  scores  routinely  used in  the ICU  to  measure  gen-
eral  severity  (APACHE  II) or  the degree  of  organ dysfunction
(SOFA)  have limitations  when  it comes  to  categorizing
patients  with  severe  influenza.7,8,39---41 The  SIS  therefore
could  be a simple  alternative  for application  in this  group
of  patients,  since  its  performance  has been  shown  to  be
similar  to  that  of  a  random  forest  (RF)  based predictive
model.  Although  RF  is  one  of  the best  ML methods  for  provid-
ing  answers  to  complex  problems,  particularly  those  related
to  nonlinear  associations,29 the main  disadvantage  of  the
technique  is  that it is  difficult  to  understand  for  clinicians,
since  it does not  allow  us to  know  how  the  associations
(black  boxes)  are made  to  generate  the final  model.  In
line  with  our  own  results  but  in the general  ICU  patient
population,  Kim  et  al.15 investigated  the mortality  predic-
tive  capacity  of  three  different  models  developed  using  ML
techniques  (neural  networks,  support vector  machine  and
decision  trees) versus  a  traditional  logistic  regression  model
developed  with  the variables  of  the APACHE  III  score.42 The
study  included  over  38,000  admissions  and only  considered
the  data  compiled  in the  first  24  h  of admission  to  the ICU.
The  authors  found  the  predictive  capacity  to  be similar  for
all  four  models,  with  logistic  regression  being  identified  as  a
valid  method  for  predicting  mortality  versus  more  complex
models.

Our  study  combines  ML techniques  with  logistic  regres-
sion,  which affords robustness  and objectivity.  In addition,
the  fact that  this  was  a multicenter  study  with  a  large  num-
ber  of  patients  allows  generalization  of  the  results,  since
the  184  participating  ICUs  represent  approximately  50%  of
all  the ICUs  in Spain.  However,  our  study  has  limitations  that
need  to  be mentioned  in  order  to  allow  adequate  interpre-
tation  of  the data.  Firstly,  the  SIS  only  uses  information
obtained  upon  admission  to  the  ICU.  Consequently,  data
related  to  the changes  that  occur  during the patient  clin-
ical course  are  not considered.  Although  this may  affect the
predictive  capacity, our  primary  objective  was  to  develop
an  ‘‘early’’  risk  score  at  the  time  of  admission  to  the  ICU
and  not  over time  ---  with  the demonstration  of  adequate
discrimination  capacity.  Secondly,  the model  has  been  devel-
oped  considering  only patients  admitted  to  Spanish  ICUs.
As  a  result,  it might not  perform  adequately  in  other  coun-
tries or  in other  populations  outside  the ICU  setting.  Thirdly,
although  cross-validation  was  carried  out,  performance  of
the  SIS  has not  been  assessed  on  a prospective  basis.  Accord-
ingly,  our  project  contemplates  a  national  and  international
prospective  validation  of  the SIS  to  assess  the  real  clinical
impact  and  acceptance  of the  score on  the  part of  inten-
sivists.

In  conclusion,  the SIS developed  from  the data  of  over
3900  critical  patients  demonstrates  predictive  performance
similar  to  that observed  for  a random  forest  model.  Con-
sidering  that  the SIS  is  simple  to  apply  and allows  early
mortality  risk  stratification,  its  use  could  have  a  favor-
able  impact  upon  the evolution  of  patients  admitted  to  the
ICU  due  to  severe  influenza.  However,  these  considerations
need  to  be confirmed  through  prospective  validation  of the
SIS.
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Table  4  Predictive  values  of  the  Spanish  Influenza  Score
(SIS)  and  of  the  random  forest  (RF)  model  for  the  3959
patients  included  in  the  study.

Variables  SIS  model  RF model

Accuracy  83%  81%
Sensitivity  93.7%  95.7
Specificity  38.4%  30.3
Positive  predictive  value  84.0  83.4
Negative  predictive  value  62.0  64.0
AUC ROC  82%  82%
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