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Abstract

Introduction:  In  the  U.S.,  sepsis  afflicts  1.7  million  adults,  causing  270,000  deaths  each  year.

Early detection  of  sepsis  could  decrease  the  number  of  deaths  by  92,000  annually  and  decrease

hospital  expenditures  by  1.5  billion  USD.  Few  prior  studies  and  reviews  have  presented  a  holistic

understanding  of  the  relationship  between  machine  learning  and  existing  process  improvement

measures.  This  study,  in addition  to  discussing  machine  learning  and  existing  process  improve-

ments  measures,  elaborates  on  the disadvantages  and  the  barriers  to  integrating  machine

learning into  the  clinic.  This  article  synthesizes  previous  studies  to  educate  healthcare  pro-

fessionals on  effectively  managing  sepsis  by  leveraging  the benefits  of  machine  learning.

Methods:  This  study  used  the PubMed  database.  Search  terms  include  sepsis  antibiotics,  sepsis

process  improvement, sepsis  machine  learning. Our  search  criteria  included  previous  studies

published  between  January  1,  2017,  and  February  1, 2022.

Results/discussion:  Although  machine  learning  algorithms  have  better  predictive  capabilities,

their effectiveness  in  the  clinical  setting  is limited  as  studies  show  mixed  results  because  the

medical  staff  often  fails  to  intervene.  To  overcome  poor  interventional  response,  clinicians

need to  work  with  the  facility’s  IT  department  to  ensure  integration  into  clinical  workflow

and minimize  alert-fatigue.  Algorithms  should  enhance  the  productivity  of clinical  teams,  not

attempt  to  replace  them  entirely.

Conclusion:  Hospitals  can  employ  process  improvement  measures  that  effectively  utilize

machine learning  algorithms  to  ensure  integration  into  clinical  workflows.  Healthcare  profes-

sionals  can  utilize  workflow  tools  in addition  to  the  predictive  capabilities  of  machine  learning

to enhance  clinical  decisions  in  sepsis.
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PALABRAS  CLAVE
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Uso  del  aprendizaje  automático  para  la mejora  de  procesos  en  el  manejo  de la sepsis

Resumen

Introducción:  Pocos  estudios  y  revisiones  anteriores  han  presentado  una  comprensión  holística

de  la  relación  entre  el  aprendizaje  automático  y  las  medidas  de  mejora  de procesos  existentes.

Este estudio,  además  de  discutir  el  aprendizaje  automático  y  las  medidas  de  mejora  de  procesos

existentes, profundiza  en  las  desventajas  y  las  barreras  para  integrar  el  aprendizaje  automático

en la  clínica.  Este  artículo  sintetiza  estudios  previos  para  educar  a  los profesionales  de  la  salud

sobre el manejo  efectivo  de la  sepsis  aprovechando  los  beneficios  del  aprendizaje  automático.

Métodos: Nuestro  estudio  utilizó  la  base  de  datos  PubMed.  Los términos  de  búsqueda  incluyen

antibióticos  para  sepsis,  mejora  de  procesos  para  sepsis,  aprendizaje  automático  para  sepsis.

Resultados/discusión:  Aunque  los  algoritmos  de  aprendizaje  automático  tienen  mejores  capaci-

dades predictivas,  su  efectividad  en  el entorno  clínico  es  limitada  ya  que  los estudios  muestran

resultados  mixtos  porque  el  personal  médico  a  menudo  no  interviene.  Para superar  una

respuesta intervencionista  deficiente,  los  médicos  deben  trabajar  con  el  departamento  de TI  de

la instalación  para  garantizar  la  integración  en  el  flujo  de trabajo  clínico  y  minimizar  la  fatiga

por alertas.  Los  algoritmos  deben  mejorar  la  productividad  de  los  equipos  clínicos,  no intentar

reemplazarlos  por  completo.

Conclusión:  Los  hospitales  pueden  emplear  medidas  de mejora  de  procesos  que  utilizan  de

manera efectiva  algoritmos  de  aprendizaje  automático  para  garantizar  la  integración  en  los

flujos de  trabajo  clínicos.  Los profesionales  de la  salud  pueden  utilizar  herramientas  de flujo

de trabajo  además  de las  capacidades  predictivas  del aprendizaje  automático  para  mejorar  las

decisiones clínicas  en  sepsis.

© 2022  FECA.  Publicado  por  Elsevier  España,  S.L.U.  Todos  los  derechos  reservados.

Introduction

Sepsis  is  characterized  as  an  overactive  inflammatory
response  by  the host’s  immune  system  to  an infection  that
can  lead  to  multiple  organ  failures  and  death.1 In the U.S.,
sepsis  afflicts  1.7  million  adults,  causing  270,000  deaths
each  year.2---4 Sepsis  is  implicated  in approximately  30---50%  of
all  hospital  deaths,4 with  yearly  expenditures  reaching  $24
billion1 in  the  U.S.  Early  detection  of  sepsis  could  decrease
the  number  of  deaths  by  92,000  annually  and  decrease  hospi-
tal  expenditures  by  1.5  billion  USD.5 Due  to  the high  burden
of  disease,  more  research  is  needed  to  raise  awareness  for
improving  sepsis  management.6

Previous  research  has  explored  improvements  in sepsis
management.  Studies  have  focused  on  a specific  area,  such
as  the  relationship  between  the timing  of  antibiotics  and
sepsis,  implementation  of  standardized  protocols,  or  the
role of  machine  learning  in sepsis  detection.  Few prior  stud-
ies  and  reviews  have  presented  a holistic understanding  of
the  relationship  between  machine  learning  and  existing  pro-
cess  improvement  measures.

This  study,  in addition  to discussing  machine  learning  and
existing  process  improvements  measures,  elaborates  on  the
disadvantages  and  the  barriers  to  integrating  machine  learn-
ing  into  the  clinic.  This  narrative  review  synthesizes  previous
studies  to educate  healthcare  professionals  on  effectively
managing  sepsis  by  leveraging  the benefits  of machine  learn-
ing.  This  study  will educate  healthcare  professionals  to

improve  compliance  with  quality  measures  created  by  the
Centers  for  Medicare  and  Medicaid  Services  (CMS).7

Methods

Search criteria

This  study  used  the PubMed  database.  Search  terms
include  sepsis  antibiotics, sepsis  process  improvement,  sep-

sis  machine  learning.  Our  search  criteria  included  previous
studies  published  between  January  1,  2017, and  February
1,  2022.  Additional  articles  were  identified  through  manual
searches  in the references  of  articles  found  in the initial
PubMed  search.  Articles  that  did  not  have  the  published
text  in English  were  excluded.  Articles  were  excluded  if they
were  too  focused  on  a  particular  demographic  (e.g.  pediatric
ICU),  focused  on  quality  improvement  metrics  with  mini-
mal  clinical  impact  or  discussion,  or  summarized  previous
studies  without  adding  meaningful  comparisons  or  discus-
sion.  Articles  were  also  excluded  if they  did  not focus  on
improvements  or  deteriorations  in sepsis  detection.  Refer-
ences  of  high-impact  studies  were  included  if they provided
substantial  contribution  to  the study  and  helped  supplement
discussion.

Fig.  1  shows  the  flow  diagram  for  this search.  Quantita-
tive  data  was  extracted  from  17  studies,  including  outcomes,
area  under  the receiver  operating  characteristic  (AUROC),
and  time  to  antibiotic  administration.
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Figure  1

Results/discussion

Early antibiotic  administration  in  the  prevention  of

sepsis

Despite  the high  burden  of disease  associated  with  sepsis,1---4

many  sepsis-associated  deaths  are preventable.  One  in
8  sepsis-associated  deaths were  deemed  preventable.4

Preventable  sepsis  deaths  were  caused  by delays  in  recogni-
tion,  antibiotic  administration,  and  source  control.  Process
improvement  measures  aim  to decrease  these  preventable
deaths  by  reducing  the  delay  between  recognition  and
antibiotic  administration.4 Numerous  studies  have  empha-
sized  that  the  appropriate  timing  of  antibiotics  plays  an
integral  role  in  preventing  sepsis-associated  deaths  or
subsequent  morbidities.3,8---14 Except  for previous  studies
conducted  with  a  small  sample  size,15 recently  published
studies8,11,13,16,17 (see  Table  1) found  a  positive  association
between  delay  in antibiotic  administration  and  sepsis-
associated  deaths.

Previous  studies  underscore  the  importance  of early
antibiotic  administration  in improving  clinical  outcomes.  A
retrospective  cohort  study8 examining  10,811  emergency
room  patient  encounters  found  that  the mean  door-to-
antibiotic  time  was  166  min  and  the 1-year  mortality  was
19%.  Odds of  1-year  mortality  increased  by 10%  with  each
1-h  interval  increase  in  door-to-antibiotic  time.  Delays  in
antibiotics  have long-lasting  effects  on  mortality;  patients
who  survived  30  days  with  a  delay  in antibiotics  still  had
an  increased  risk  of mortality.8 A retrospective  study  with
48,934  hospital  encounters  found  that the  risk  of  mortal-
ity  (OR  ---  1.03  per  hour)  increased  for  each  hour  of  delay
in antibiotic  administration.13 An  observational  study3 con-
ducted  on 117  patients  determined  that for  each  hour delay
in  antibiotics  ordered  following  triage,  the  mortality  risk
increased  by 22%;  for  each  hour delay  in administering
antibiotics  following  triage,  the mortality  risk  increased
by  15%.  Furthermore,  a  retrospective  study11 stratifying
35,000  patients  based  on  the  severity  of  sepsis  (i.e.  sep-
sis,  severe  sepsis,  and septic  shock)  found  that  each  hour
delay  increased  the  risk  of  absolute  mortality,  with  odds  of
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Table  1  Summary  of  studies  showing  relationship  between  antibiotic  administration  and  mortality  associated  with  sepsis.

Author  Year Study  design  median  time  to

antibiotic

administration

(min)

Severity  based  on delay  in

administration

Reference

Peltan  2019  Retrospective

cohort

166  Odds  of  1-year  mortality  increased  by

10% with  each  1-h  interval  increase

8

Kim  2018  Observational

cohort

Triage  to  abx  was

144; ab  order  to

administration  96

For  each  hour  from  triage  to  abx

given,  mortality  risk  increased  by  15%

3

Liu  2017  Retrospective

study

126  OR  for  hospital  mortality  was  1.09  for

each hour  delay

11

Seymour  2017  Retrospective

cohort

216  OR  for  hospital  mortality  was  1.03

per hour  delay

13

Whiles  2017  Retrospective

cohort

177  each  hour  in abx  delay  resulted  in 8%

increased  risk  of  progressing  to  shock

17

mortality  increasing  the  most  in the severe  group  ---  sep-
tic  shock.  After  gathering  the  appropriate  amount  of  data,
quality  improvement  measures  to  improve  detection  of  sep-
sis  can  facilitate  timely  administration  of  antibiotics  and
reduce  sepsis-associated  deaths.9,13

However,  others  have  recommended  a more  nuanced
approach  to  antibiotic  administration  in sepsis.  While  delay-
ing  antibiotics  can  increase  the risk  of  mortality,  an
aggressive  antibiotic  treatment  course  can  result  in C.  diffi-

cile  infection,  acute  kidney  injury,  etc.9 Consequently,  the
administration  of antibiotics  should  correlate  with  the sever-
ity  and  probability  of  sepsis  for  each  patient.  Management
can  be improved  with  technologies,  such  as  machine  learn-
ing,  that  enhance  accuracy  in diagnosis  given  the  varied
presentation  of  sepsis.9

Sepsis  process  improvements

As  part  of  the Surviving  Sepsis  Campaign,  hospitals
have adopted  guidelines  and  checklists  to  improve  sepsis
management.18 Many  studies16,19---21 implemented  a  multi-
disciplinary  approach  and  process  improvement  measures,
such  as  flagging,  monitored  bed  allocation,  checklist  proto-
cols,  and  education  campaigns.  Many  process  improvement
measures  have  translated  to  better  outcomes,  including
increased  early  detection  of  sepsis,  leading  to  improved
30-day  survival,  and  cost  savings  stemming  from  decreased
length  of  stay  (LOS).16,19---21 The  paper-based  protocol  check-
list  ---  Emergency  Room  Nurse  Sepsis Identification  Tool
(ERNSIT)5 ---  led  to  significant  improvements  in  average
bundle  compliance  time  in  sepsis  mortality  (decreased  by
5.9%),  and  antibiotic  administration.  Nurse  protocols  have
improved  the  collection  of  lactate  and  antibiotic  admin-
istration  compared  to  baseline.5,21,22 3-h  sepsis  bundle
compliance  metrics  increased  from  30%  to  80%.21

However,  existing  process  improvement  measures  do not
always  yield  improvements  in  clinical  outcomes  and  are
often  associated  with  increased  costs.  A prospective  cluster
trial23 analyzing  multidisciplinary  process  improvements
(quality  improvement  teams,  audit, feedback,  educational
outreach,  and reminders)  found  that  the differences  in

mortality  rate and time  to  antibiotic  therapy  between
groups  could  not  be attributed  to  a  multifaceted  interven-
tion  campaign,  echoing  the  results  of a  study24 published
in  2015. Additionally,  many  studies  on  sepsis  improvement
indicate  that education  is  needed  to  maintain  change,
which  adds  additional  cost  to  the hospital.5,19,22,23,25

Machine learning  in  sepsis  detection

The  COVID-19  pandemic  increased  awareness  of informa-
tional  and  communication  technologies  (ICTs)  to leverage
databases,  platforms,  etc.  to  deliver  healthcare.26 Machine
learning  and  algorithms  hold  great  promise  in  supporting
detection  of  sepsis  early  as  clinicians  may  misdiagnose  sepsis
amidst  a myriad  of  underlying  conditions.27---29 When  com-
pared  with  traditional  process  improvement  methods,  one
machine  learning  algorithm  developed  at the  University
of  California  San  Francisco  (UCSF)  showed  better predic-
tive  capabilities  than Sequential  Organ  Failure  Assessment
(SOFA),  Systemic  Inflammatory  Response  Syndrome  (SIRS)
criteria,  and  Modified  Early  Warning  Score  (MEWS),  allowing
earlier  detection  of sepsis.30 A randomized  control  trial30

evaluating  the  UCSF  algorithm  connected  to  the electronic
health  record  (EHR)  to predict  severe  sepsis  in 2  ICUs,
incorporated  multiple  inputs  (blood  pressure,  heart  rate,
temperature,  respiratory  rate,  SpO2,  age,  posivitive  labs,
pH,  WBC,  glucose,  etc.).  Results  showed  improved  outcomes
following  implementation:  LOS  decreased  from  15.8  to  9.83
days  and  the in-hospital  mortality  rate  decreased  from  21.3%
to  8.96%.30 Other  prospective  and  implementation  studies
have  stratified  septic  patients  classified  into  low,  medium,
and  high-risk  groups, revealing  a  difference  in LOS,  30-day
mortality,  and  30-day  patient  admission.31,32

Most  of  the  literature  shows  that  machine  learning  has
focused  on  retrospective  detection  of  sepsis.33 For  sepsis
prediction,  AUROC ranged  from  0.68  to  0.99  in ICU;  0.96  to
0.98  in the hospital;  0.87  to  0.97  in the emergency  room.33

Table 2  summarizes  the AUROC  from  recent studies.28---31,34---41

Although machine  learning  can  outperform  traditional  clini-
cal  judgment  in anticipating  sepsis,34,38 more  research  must
be  conducted  on  evaluating  interventional  performance  to
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Table  2  Summary  of  recent  studies  using  machine  learning  to  detect  sepsis.

Author  Year  Study  design  Demographics  AUROC  Reference

Taneja 2021  Prospective

observational

cohort

933  in training  set;  467

in testing  test

AUROC  of  0.83  30

Misra  2021  Retrospective  45,425  patients  Random  Forest  model  had  AUROC  Of

0.9483

35

Wardi  2021  Observational

cohort

183,573  patients  AUROC  of  0.83  at  12  h be  36

van

Doorn

2020  Retrospective

cohort

1,244  in development

set; 100  in validation  set

AUROC  of  0.85  37

Kok 2020  Retrospective 2,932  patients AUROC  of  0.98 38

Bedoya  2020  Retrospective 42,949  patients  in

training  set;  39,786

patients  in  validation  set

AUROC  of  0.88  after  4  h 39

Le  2019  Retrospective  9,486  patients  AUROC  of  0.916  for  discrimination

between  severe  sepsis  and  control  at

time  of  onset

27

Scherpf  2019  Retrospective  46,520  patients  AUROC  of  0.81  at  3  h  prior  to  onset  40

Nemati  2018  Observational

cohort

27,000  patients  in

training  cohort;  42,000

patients  in  validation

cohort

AUROC  of  0.85,  0.85,  0.84,  0.83  at  4,

6, 8,  12  h, respectively

28

Delahanty  2018  Retrospective  1,839,503  in  training;

920,026  in testing

AUROC  of  .97  at  24  h  and  AUROC  0.93

in 1  h

33

Shimabukuro  2017  Randomized

control  trial

75  patients  in  control;  67

in  experimental

AUROC  of  0.880  29

Horng  2017  Retrospective  230,936  patients

included  (14%  had  sepsis)

AUROC  of  0.86  at  4  h  34

improve  gaps  between  sepsis  alert  notification  and  clinical
response.29,33

Drawbacks  of machine  learning

Although  machine  learning  algorithms  can  accurately  pre-
dict  sepsis,  their  effectiveness  in the clinical  setting  is
limited  with  studies  showing  mixed  results.25,42---44 Some  arti-
ficial  intelligence  (AI)  algorithms  are  not  programmed  to
detect  all  clinically  relevant  features  seen  by  clinicians,  and
many  providers  do  not always  respond to  the  notifications.42

The  University  of  Pennsylvania  Health  System  deployed  the
Early Warning  System (EWS)  2.0  in  acute  care  hospitals.
Despite  the  accurate  prediction  of  sepsis,  EWS 2.0  did not
significantly  improve  clinical  outcomes.  Although  machine
learning  can  detect  clinical  events  much  earlier than  tra-
ditional  clinical  judgment,  the  medical  staff  often  fails  to
intervene  (e.g.  administer  antibiotics).  Low  levels  of  inter-
vention  could  stem  from  uncertainty  on  handling  patients
who  have  triggered  an alert  but  show no  signs of  instability.43

This  uncertainty  and poor impression  stems  from  a  lack
of  interpretability  in  machine  learning  platforms.45,46 An
observational  study  on  EWS  2.0  implementation  revealed
that  most  healthcare  providers  had  poor impressions  of
alerts  and  early  morning  monitoring;  only  30%  of nurses
and  9%  of  physicians  said  that  the  alert  system  improved
management.46 Clinicians  were  the group  that  found it  least
helpful  in improving  sepsis  management.  Clinicians  may

distrust  machine  learning  if its  algorithms  supersede  clinical
judgment  without  proper  explanation.46 Future  usability
necessitates  clear  communication  and transparency
between  clinicians  and  developers  to  achieve  buy-in.45 With-
out  adequate  explanation  and education,  clinicians  continue
to  view  machine  learning  platforms  as  ‘‘black  box  models’’
with  limited  clinical  use  despite  high  AUROC scores.46

Since  usability  is  critical  to  the effectiveness  of  the  mon-
itoring  systems,  clinicians  should  be able  to  use  the  system
without  much  difficulty.44 An  add-on  EHR  may  inevitably
lead  to  lower  customizability  which  could  compromise
optimal  performance.  Clinicians  need  to  work  with  the facil-
ity’s  IT department  to  ensure  the product  meets  clinical
expectations.44 Improvements  could  use  machine  learning’s
customizable  input  features  and no  fixed  set  target  (unsu-
pervised)  to  identify  patterns  to  determine  patients  with
a  high  probability  of  sepsis.47 However,  adjusting  and  cus-
tomizing  input  features  for each department  might  improve
precision  but  conflict  with  interoperability.44,47

Designing  a system  to avoid  alert  fatigue

Many  providers  fail to  respond  to  electronically-based  noti-
fications  due  to alert  fatigue.48,49 Instead  of  remaining
with  the traditional  EHR,  hospital  systems  should  adopt  a
user-centered  design  (UCD).49 A  UCD  develops  an  interface
that  adapts  to  clinical  practice  and improves  task  effi-
ciency.  Intuitive  design  and  human  factors  help  improve  user
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satisfaction  and ensure  prompt  response  to alerts.  Ruminski
et  al.  found  that the rate  of  sepsis  decreased  significan-
tly  with  the  display  of  a  visual  monitor.50 Color  coding  and
screen  position  in the user’s  visual  field  has also  been shown
to  improve  provider  satisfaction.49 Studies  that  use  a visual
monitor  to  display  predictive  analytics  reduced  the rate  of
sepsis  by  more  than  50%.  Following  the  implementation  of
an  LCD  monitor  that  continuously  displayed  predictive  ana-
lytics,  the  rate  of sepsis  in  a surgical  trauma  ICU  decreased
by  more  than  50%.50

Clinicians  and  department  end-users  should  play
a  significant  role  in the development  of  the visual
interface.44,47,48 Adjusting  and  customizing  input  features
for  each  department  might  improve  precision  but  conflict
with  interoperability.47 An  add-on  EHR  may  inevitably  lead
to  lower  customizability.44 Clinicians  need to  work  with
the  facility’s  IT department  to  ensure  the product  meets
clinical  expectations  while  remaining  compatible  with  the
system.44,47

Utilizing  machine  learning  and interfaces  to

improve sepsis  management

Although  the  field  of AI shows  tremendous  benefit  in
predicting  sepsis,  solely  relying  on  machine  learning  usu-
ally  does  not translate  to  improved  outcomes  in  sepsis
management.25,42---44 However,  current  evidence  shows  that
machine  learning  capabilities  have  surpassed  the predic-
tive  ability  of clinical  judgment  in  early  identification
of sepsis.27---29 Clinicians  should  aim  to  achieve  a balance
between  relying  solely  on  machine  learning  or  remaining
attached  to traditional  paper-based  systems.

Proper  sepsis  management  should combine  streamlined
workflow  protocols  with  the  predictive  capabilities  of algo-
rithms.  Algorithms  should enhance  the  productivity  of
clinical  teams,  and not  replace  them.  Algorithms  and  elec-
tronic  interfaces  should reinforce  clinical  decisions  and
maintain  streamlined  workflows.  Electronic  interfaces  could
improve  pain  points  identified  during  process  improvement.
For  example,  written  handoffs  between  shifts  lead to  incon-
sistencies  while  electronic  printouts  and  displays  reduce
errors  and  increase  consistency  across  shift  changes.51 After
implementation  of  the  electronic  handoff tool,  accuracy
user  satisfaction  increases,  without  the need  for  continued
education.51

Change  management  includes  defining  protocol,  edu-
cating  staff,  creating  awareness  and  excitement.25 Change
management  can  assist  in sustaining  improvement.  Nurses
receive  real-time  notifications  from  algorithms.  Although
most  studies  showed  limited  improvement  in  clinical  out-
comes,  an  interventional  study25 incorporating  change
management  decreased  sepsis-associated  death  by  53%
and  the  30-day  readmission  rate  decreased  by  6%.
Change  management  in sepsis-detection  software  can  stan-
dardize  handoffs  by  increasing  clarity  of  responsibility
between  shifts,  improving  completeness,  and  lowering
inaccuracies.51

Although  the  cost  to  design  and implement  could  be a
barrier  to  implementation  in  hospitals,44 the burden  of  dis-
ease  for  sepsis  is  too high  to  ignore.  As  mentioned  earlier,
in  the  US, sepsis  causes  270,0002 deaths  each  year, with

yearly  expenditures  reaching  $24  billion.1 Since  most of
these  deaths  are  preventable,4 hospital  systems  can save  the
lives  of  thousands  of  patients  by  implementing  key  changes
to  sepsis  workflow  processes.

Limitations

This  study  examines  content  and  data  from  articles  in
PubMed  due  to  ease  of  retrievability.  Most  of  the  selected
articles  are retrospective  observational  studies  because  few
prospective  and randomized  controlled  trials  have  evaluated
the  efficacy  of machine  learning  integration.  Although  the
selection  contains  articles  with  retrospective  and  prospec-
tive  studies,  the large  proportion  of  restrospective  studies
could  bias  results.  This  study only includes  articles  that  have
a  medium  that  is  publishable  in English  based on  the  lan-
guage  proficiency  of the authors  and  difficulty  acquiring
non-English  text.

Conclusion

Our  study  brings  attention  to  the high  burden  of  disease
in sepsis.  A review  of  recently  published  studies  show  that
sepsis-associated  deaths  are  largely  preventable.  Although
our  study  does not present  novel  findings,  it  provides  a
comprehensive  review  of the emerging  trends  in sepsis
management.  The  current  literature  suggests  that  health-
care  providers  should  aim  to  achieve  a balance  between
dependency  on  machine  learning  algorithms  and process
improvement  measures.  Clinicians  should  utilize  predictive
analytics  to  enhance  clinical  decisions  and  help  maintain
sepsis  workflow  protocols.

The  review  of  the literature  helps shed light  on a  need  to
develop  management  systems  that  effectively  detect  sepsis
while  not  compromising  the clinical  response.  After  evaluat-
ing  multiple  studies,  this  study  also  provides  suggestions  to
improve  clinical  response  to  predictive  alerts.  Hospital  sys-
tems  and  patient  support  groups  can  advocate  for  greater
awareness  in preventing  sepsis-associated  deaths  and  cham-
pion  efforts  that  effectively  reduce  the  associated  burden
of  disease.

Funding

This  research  did not  receive  any  specific  grant  funding  from
agencies  in  the  public,  commercial,  or  not-for-profit  sectors.

Ethical approval

IRB approval  was  not required  for  this study.

Conflict  of interest

Sarma  Velamuri,  MD  is  the  co-founder  and CEO  of  Luminare,
Inc.,  a company  dedicated  to  saving  patient  lives by  improv-
ing  sepsis  workflow.  Liam  Ferreira  is  a medical  student
holding  an intern  position  at Luminare.  Unlike Dr.  Velamuri,
David  McCants,  MD  is  not affiliated  with  Luminare,  Inc.  with
no  financial  or  proprietary  conflicts  of  interests.

309



L.D.  Ferreira,  D. McCants  and S.  Velamuri

References

1. Ibrahim ZM, Wu H, Hamoud A, Stappen L,  Dobson RJB, Agarossi
A. On classifying sepsis heterogeneity in the ICU: insight using
machine learning. J  Am Med Informatics Assoc. 2020;27:437---43,
http://dx.doi.org/10.1093/jamia/ocz211.

2. Bray C, Kennedy C. Improving timely sepsis care using the
surviving sepsis campaign one-hour bundle in a rural emer-
gency department. J  Am Assoc Nurse Pract. 2020;33:246---53,
http://dx.doi.org/10.1097/JXX.0000000000000436.

3. Kim RY, Ng AM, Persaud AK, et  al. Antibiotic timing
and outcomes in sepsis. Am J Med Sci. 2018;355:524---9,
http://dx.doi.org/10.1016/j.amjms.2018.02.007.

4. Rhee C, Jones TM, Hamad Y, et  al. Prevalence underly-
ing causes, and preventability of  sepsis-associated mortality
in US Acute Care Hospitals. JAMA Netw Open. 2019;2:1---14,
http://dx.doi.org/10.1001/jamanetworkopen.2018.7571.

5. Threatt DL. Improving sepsis bundle implementation
times: a nursing process improvement approach. J
Nurs Care Qual. 2020;35:135---9, http://dx.doi.org/10.
1097/NCQ.0000000000000430.

6. Long D, Capan M, Mascioli S, Weldon D, Arnold R, Miller K.
Evaluation of  user-interface alert displays for clinical decision
support systems for sepsis. Crit Care Nurse. 2018;38:46---54,
http://dx.doi.org/10.4037/ccn2018352.

7. Barbash IJ, Davis B, Kahn JM. National perfor-
mance on the Medicare SEP-1 Sepsis Quality Measure.
Crit Care Med. 2019;47:1026---32, http://dx.doi.org/
10.1097/CCM.0000000000003613.

8. Peltan ID, Brown SM, Bledsoe JR, et al. ED door-
to-antibiotic time and long-term mortality in
sepsis. Chest. 2019;155:938---46, http://dx.doi.org/
10.1016/j.chest.2019.02.008.

9. Klompas M,  Calandra T, Singer M.  Antibiotics for sep-
sis --- finding the equilibrium. JAMA. 2018;320:1433,
http://dx.doi.org/10.1001/jama.2018.12179.

10. Kumar A, Roberts D,  Wood KE,  et al. Duration of
hypotension before initiation of  effective antimicro-
bial therapy is the critical determinant of  survival in
human septic shock. Crit Care Med. 2006;34:1589---96,
http://dx.doi.org/10.1097/01.CCM.0000217961.75225.E9.

11. Liu VX, Fielding-Singh V,  Greene JD, et al. The timing
of early antibiotics and hospital mortality in sep-
sis. Am J  Respir Crit Care Med. 2017;196:856---63,
http://dx.doi.org/10.1164/rccm.201609-1848OC.

12. Ferrer R, Martin-Loeches I, Phillips G, et al. Empiric antibi-
otic treatment reduces mortality in severe sepsis and septic
shock from the first hour: results from a guideline-based perfor-
mance improvement program. Crit Care Med. 2014;42:1749---55,
http://dx.doi.org/10.1097/CCM.0000000000000330.

13. Seymour CW, Kahn JM, Martin-Gill C, et  al. Delays
from first medical contact to antibiotic adminis-
tration for sepsis. Crit Care Med. 2017;45:759---65,
http://dx.doi.org/10.1097/CCM.0000000000002264.

14. Zhang D, Micek ST, Kollef MH. Time to appropri-
ate antibiotic therapy is an independent determinant
of postinfection ICU and hospital lengths of  stay in
patients with sepsis. Crit Care Med. 2015;43:2133---40,
http://dx.doi.org/10.1097/CCM.0000000000001140.

15. Sterling SA, Miller WR, Pryor J, Puskarich MA, Jones AE.
The impact of timing of antibiotics on outcomes in severe
sepsis and septic shock. Crit Care Med. 2015;43:1907---15,
http://dx.doi.org/10.1097/CCM.0000000000001142.

16. Thursky K, Lingaratnam S, Jayarajan J,  et al. Imple-
mentation of  a whole of  hospital sepsis clinical path-
way in a cancer hospital: impact on  sepsis manage-
ment, outcomes and costs. BMJ Open Qual. 2018;7:1---13,
http://dx.doi.org/10.1136/bmjoq-2018-000355.

17. Whiles BB, Deis AS, Simpson SQ. Increased time to initial antimi-
crobial administration is associated with progression to septic
shock  in severe sepsis patients. Crit Care Med. 2017;45:623---9,
http://dx.doi.org/10.1097/CCM.0000000000002262.

18. Gripp L, Raffoul M, Milner KA. Implementation of
the surviving sepsis campaign one-hour bundle in a
short stay  unit: a quality improvement project. Inten-
sive Crit Care Nurs. 2021;63:103004, http://dx.doi.
org/10.1016/j.iccn.2020.103004.

19. McColl T, Gatien M, Calder L, et  al. Implementation of an emer-
gency department sepsis bundle and system redesign: a process
improvement initiative. Can J  Emerg Med. 2017;19:112---21,
http://dx.doi.org/10.1017/cem.2016.351.

20. Grek A, Booth S, Festic E, et al. Sepsis and shock
response team: impact of  a multidisciplinary approach
to implementing surviving sepsis campaign guidelines and
surviving the process. Am J Med Qual. 2017;32:500---7,
http://dx.doi.org/10.1177/1062860616676887.

21. Moore WR, Vermuelen A, Taylor R, Kihara D, Wahome
E. Improving 3-hour sepsis bundled care outcomes:
implementation of  a nurse-driven sepsis protocol in the
emergency department. J Emerg Nurs. 2019;45:690---8,
http://dx.doi.org/10.1016/j.jen.2019.05.005.

22. Kleinpell R. Promoting early identification of sepsis in hospital-
ized patients with nurse-led protocols. Crit Care. 2017;21:10---2,
http://dx.doi.org/10.1186/s13054-016-1590-0.

23. Bloos F,  Rüddel H, Thomas-Rüddel D, et  al. Effect
of a multifaceted educational intervention for anti-
infectious measures on sepsis mortality: a cluster
randomized trial. Intensive Care Med. 2017;43:1602---12,
http://dx.doi.org/10.1007/s00134-017-4782-4.

24. Bruce HR, Maiden J, Fedullo PF,  Kim SC. Impact of
nurse-initiated ED sepsis protocol on compliance with
sepsis bundles time to initial antibiotic administration,
and in-hospital mortality. J  Emerg Nurs. 2015;41:130---7,
http://dx.doi.org/10.1016/j.jen.2014.12.007.

25. Manaktala S,  Claypool SR. Evaluating the impact of a comput-
erized surveillance algorithm and decision support system on
sepsis mortality. J  Am  Med Informatics Assoc. 2017;24:88---95,
http://dx.doi.org/10.1093/jamia/ocw056.

26. Yang S, Fichman P, Zhu X, Sanfilippo M,  Li S, Fleischmann KR. The
use of ICT during COVID-19. Proc Assoc Inf Sci Technol. 2020;57,
http://dx.doi.org/10.1002/pra2.297.

27. Fohner AE, Greene JD, Lawson BL, et  al. Assessing clinical het-
erogeneity in sepsis through treatment patterns and machine
learning. J  Am Med  Informatics Assoc. 2019;26:1466---77,
http://dx.doi.org/10.1093/jamia/ocz106.

28. Le S, Hoffman J, Barton C, et  al. Pediatric severe sepsis
prediction using machine learning. Front Pediatr. 2019;7:1---8,
http://dx.doi.org/10.3389/fped.2019.00413.

29. Nemati S, Holder A, Razmi F, Stanley MD, Clifford GD, Buch-
man TG. An interpretable machine learning model for accurate
prediction of sepsis in the ICU. Crit Care Med. 2018;46:547---53,
http://dx.doi.org/10.1097/CCM.0000000000002936.

30. Shimabukuro DW, Barton CW, Feldman MD, Mataraso SJ, Das
R. Effect of  a machine learning-based severe sepsis predic-
tion algorithm on  patient survival and hospital length of stay:
a randomised clinical trial. BMJ Open Respir Res. 2017;4:1---8,
http://dx.doi.org/10.1136/bmjresp-2017-000234.

31. Taneja I, Damhorst GL, Lopez-Espina C, et  al. Diagnostic and
prognostic capabilities of a biomarker and EMR-based machine
learning algorithm for sepsis. Clin Transl Sci. 2021;14:1578---89,
http://dx.doi.org/10.1111/cts.13030.

32.  McCoy A, Das  R. Reducing patient mortality, length of  stay
and readmissions through machine learning-based sepsis pre-
diction in the emergency department, intensive care unit
and hospital floor units. BMJ Open Qual. 2017;6:e000158,
http://dx.doi.org/10.1136/bmjoq-2017-000158.

310

dx.doi.org/10.1093/jamia/ocz211
dx.doi.org/10.1097/JXX.0000000000000436
dx.doi.org/10.1016/j.amjms.2018.02.007
dx.doi.org/10.1001/jamanetworkopen.2018.7571
dx.doi.org/10.1097/NCQ.0000000000000430
dx.doi.org/10.1097/NCQ.0000000000000430
dx.doi.org/10.4037/ccn2018352
dx.doi.org/10.1097/CCM.0000000000003613
dx.doi.org/10.1097/CCM.0000000000003613
dx.doi.org/10.1016/j.chest.2019.02.008
dx.doi.org/10.1016/j.chest.2019.02.008
dx.doi.org/10.1001/jama.2018.12179
dx.doi.org/10.1097/01.CCM.0000217961.75225.E9
dx.doi.org/10.1164/rccm.201609-1848OC
dx.doi.org/10.1097/CCM.0000000000000330
dx.doi.org/10.1097/CCM.0000000000002264
dx.doi.org/10.1097/CCM.0000000000001140
dx.doi.org/10.1097/CCM.0000000000001142
dx.doi.org/10.1136/bmjoq-2018-000355
dx.doi.org/10.1097/CCM.0000000000002262
dx.doi.org/10.1016/j.iccn.2020.103004
dx.doi.org/10.1016/j.iccn.2020.103004
dx.doi.org/10.1017/cem.2016.351
dx.doi.org/10.1177/1062860616676887
dx.doi.org/10.1016/j.jen.2019.05.005
dx.doi.org/10.1186/s13054-016-1590-0
dx.doi.org/10.1007/s00134-017-4782-4
dx.doi.org/10.1016/j.jen.2014.12.007
dx.doi.org/10.1093/jamia/ocw056
dx.doi.org/10.1002/pra2.297
dx.doi.org/10.1093/jamia/ocz106
dx.doi.org/10.3389/fped.2019.00413
dx.doi.org/10.1097/CCM.0000000000002936
dx.doi.org/10.1136/bmjresp-2017-000234
dx.doi.org/10.1111/cts.13030
dx.doi.org/10.1136/bmjoq-2017-000158


Journal  of Healthcare  Quality  Research  38  (2023)  304---311

33. Fleuren LM, Klausch TLT, Zwager CL, et  al. Machine
learning for the prediction of sepsis: a system-
atic review and meta-analysis of  diagnostic test
accuracy. Intensive Care Med. 2020;46:383---400,
http://dx.doi.org/10.1007/s00134-019-05872-y.

34. Delahanty RJ, Alvarez JA, Flynn LM, Sherwin RL, Jones
SS. Development and evaluation of a  machine learn-
ing model for the early identification of patients
at risk for sepsis. Ann Emerg Med. 2019;73:334---44,
http://dx.doi.org/10.1016/j.annemergmed.2018.11.036.

35. Horng S, Sontag DA, Halpern Y, Jernite Y, Shapiro NI,
Nathanson LA. Creating an automated trigger for sep-
sis clinical decision support at emergency department
triage using machine learning. PLOS ONE. 2017;12:e0174708,
http://dx.doi.org/10.1371/journal.pone.0174708.

36. Misra D, Avula V, Wolk DM, et al. Early detection of  septic
shock onset using interpretable machine learners. J Clin Med.
2021;10:1---17, http://dx.doi.org/10.3390/jcm10020301.

37. Wardi G, Carlile M,  Holder A, Shashikumar S, Hayden SR,
Nemati S. Predicting progression to septic shock in the
emergency department using an externally generalizable
machine-learning algorithm. Ann Emerg Med. 2021;77:395---406,
http://dx.doi.org/10.1016/j.annemergmed.2020.11.007.

38. van Doorn WPTM, Stassen PM, Borggreve HF, et al.
A comparison of machine learning models ver-
sus clinical evaluation for mortality prediction in
patients with sepsis. PLOS ONE. 2021;16:1---15,
http://dx.doi.org/10.1371/journal.pone.0245157.

39. Kok C, Jahmunah V,  Oh SL, et al. Automated
prediction of sepsis using temporal convolutional
network. Comput Biol Med. 2020;127:103957,
http://dx.doi.org/10.1016/j.compbiomed.2020.103957.

40. Bedoya AD, Futoma J, Clement ME, et al. Machine
learning for early detection of sepsis: an  internal and
temporal validation study. JAMIA Open. 2020;3:252---60,
http://dx.doi.org/10.1093/jamiaopen/ooaa006.

41.  Scherpf M,  Gräßer F, Malberg H, Zaunseder S. Predict-
ing sepsis with a recurrent neural network using the
MIMIC III database. Comput Biol Med. 2019;113:103395,
http://dx.doi.org/10.1016/j.compbiomed.2019.103395.

42. Wu M, Du X, Gu R, Wei J. Artificial intelligence for clin-
ical decision support in sepsis. Front Med.  2021;8:1---9,
http://dx.doi.org/10.3389/fmed.2021.665464.

43. Giannini HM, Ginestra JC,  Chivers C, et  al. A machine
learning algorithm to predict severe sepsis and sep-
tic  shock: development, implementation, and impact
on clinical practice. Crit Care Med. 2019;47:1485---92,
http://dx.doi.org/10.1097/CCM.0000000000003891.

44. Gale BM, Hall KK. The use of patient monitoring sys-
tems to improve sepsis recognition and outcomes:
a systematic review. J Patient Saf. 2020;16:S8---11,
http://dx.doi.org/10.1097/PTS.0000000000000750.

45. Kausch SL, Moorman JR, Lake DE, Keim-Malpass J.
Physiological machine learning models for predic-
tion of  sepsis in hospitalized adults: an integrative
review. Intensive Crit Care Nurs. 2021;65:103035,
http://dx.doi.org/10.1016/j.iccn.2021.103035.

46. Ginestra JC, Giannini HM, Schweickert WD, et  al. Clin-
ician perception of a  machine learning-based early
warning system designed to predict severe sepsis
and septic shock. Crit Care Med.  2019;47:1477---84,
http://dx.doi.org/10.1097/CCM.0000000000003803.

47. Giacobbe DR, Signori A, Del Puente F, et al. Early
detection of  sepsis with machine learning tech-
niques: a brief clinical perspective. Front Med. 2021;8,
http://dx.doi.org/10.3389/fmed.2021.617486.

48. Douthit BJ,  Musser RC, Lytle KS, Richesson RL. A closer look
at the ‘‘right’’ format for clinical decision support: methods
for evaluating a storyboard bestpractice advisory. J  Pers Med.
2020;10:1---11, http://dx.doi.org/10.3390/jpm10040142.

49. Rincon TA,  Manos EL, Pierce JD. Telehealth intensive
care unit nurse surveillance of  sepsis. CIN - Com-
put Informatics Nurs. 2017;35:459---64, http://dx.doi.
org/10.1097/CIN.0000000000000355.

50. Ruminski CM,  Clark MT, Lake DE, et  al. Impact of  pre-
dictive analytics based on  continuous cardiorespiratory
monitoring in a surgical and trauma intensive care unit.
J Clin Monit Comput. 2019;33:703---11, http://dx.doi.
org/10.1007/s10877-018-0194-4.

51. Koo JK, Moyer L,  Castello MA, Arain Y.  Improving accuracy
of  handoff by implementing an electronic health record-
generated tool: an improvement project in an academic
neonatal intensive care unit. Pediatr Qual Saf. 2020;5:e329,
http://dx.doi.org/10.1097/pq9.0000000000000329.

311

dx.doi.org/10.1007/s00134-019-05872-y
dx.doi.org/10.1016/j.annemergmed.2018.11.036
dx.doi.org/10.1371/journal.pone.0174708
dx.doi.org/10.3390/jcm10020301
dx.doi.org/10.1016/j.annemergmed.2020.11.007
dx.doi.org/10.1371/journal.pone.0245157
dx.doi.org/10.1016/j.compbiomed.2020.103957
dx.doi.org/10.1093/jamiaopen/ooaa006
dx.doi.org/10.1016/j.compbiomed.2019.103395
dx.doi.org/10.3389/fmed.2021.665464
dx.doi.org/10.1097/CCM.0000000000003891
dx.doi.org/10.1097/PTS.0000000000000750
dx.doi.org/10.1016/j.iccn.2021.103035
dx.doi.org/10.1097/CCM.0000000000003803
dx.doi.org/10.3389/fmed.2021.617486
dx.doi.org/10.3390/jpm10040142
dx.doi.org/10.1097/CIN.0000000000000355
dx.doi.org/10.1097/CIN.0000000000000355
dx.doi.org/10.1007/s10877-018-0194-4
dx.doi.org/10.1007/s10877-018-0194-4
dx.doi.org/10.1097/pq9.0000000000000329

	Using machine learning for process improvement in sepsis management
	Introduction
	Methods
	Search criteria

	Results/discussion
	Early antibiotic administration in the prevention of sepsis
	Sepsis process improvements
	Machine learning in sepsis detection
	Drawbacks of machine learning
	Designing a system to avoid alert fatigue
	Utilizing machine learning and interfaces to improve sepsis management
	Limitations

	Conclusion
	Funding
	Ethical approval
	Conflict of interest
	References


