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Abstract  

Emergency  and  critical  care  medicine  requires  the  rapid  synthesis  of  heterogeneous  clinical  data  under  extreme  time  con-

 straints.  Early  artificial  intelligence  tools  lacked  the  flexibility  to  manage  real-world  patient  heterogeneity.  Large  language

 models  (LLMs)  offer  a  paradigm  shift  by  demonstrating  advanced  natural  language  understanding,  cross  -task  generalization,

 and  context-sensitive  reasoning,  thereby  bridging  the  gap  between  fragmented  algorithms  and  holistic  clinical  decision

 support.  The  effective  deployment  of  these  models  is  grounded  in  four  methodological  pillars:  domain  adaptation,  knowledge

 integration,  multimodal  and  temporal  modeling,  and  transparency.  Domain  adaptation  and  knowledge  integration  specifi-

 cally  empower  the  context-sensitive  reasoning  required  for  high-stakes  intensive  care.  This  theoretical  framework  enables

 their  application  across  clinical  decision  support,  documentation  optimization,  medical  education,  and  clinical  research.

 Integrating  continuous  physiological  waveforms  with  multi-omics  data  facilitates  dynamic  risk  stratification  for  complex

 conditions  like  sepsis,  while  natural  language  -to-structured  quer  y  language  capabilities  accelerate  clinical  data  extraction  and

 quality  improvement.  The  transition  of  LLMs  from  experimental  settings  to  routine  clinical  deployment  remains  constrained

 by  model  hallucinations,  multimodal  integration  barriers,  and  unresolved  ethical  governance.  Sustainable  implementation

 requires  a  human-in-the  -loop  copilot  design,  rigorous  multicenter  prospective  validation,  and  transparent  regulator  y  frame  -

 works.  Addressing  these  challenges  is  essential  to  ensure  that  technological  innovations  safely  translate  into  measurable

 improvements  in  patient  sur  vival  and  clinical  outcomes. 

Keywords Large  language  models,  Emergenc  y  and  critical  care  medicine,  Clinical  decision  support  ,  Multimodal  integration,  Artificial  intelligence,

 Precision  medicine  

Highlights  

• LLMs  offer  a  paradigm  shift  in  emergenc  y  and  critical  care  medicine  (ECCM)  by  providing  context-sensitive  reasoning  and  cross  -task
 generalization  to  manage  heterogeneous,  time  -constrained  patient  data. 

• The  effective  deployment  of  LLMs  in  high-acuity  clinical  environments  is  grounded  in  four  methodological  pillars:  domain  adapta-
 tion,  knowledge  integration,  multimodal  and  temporal  modeling,  and  transparenc  y. 
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• Current  LLM  applications  in  ECCM  are  clustered  into  four  primar  y  domains:  clinical  decision  support  ,  clinical  documentation  and
 administrative  workflow  optimization,  medical  education,  and  clinical  research. 

• Integrating  multimodal  and  time  -dependent  data—such  as  continuous  physiological  waveforms  and  multi-omics  profiles—enables
 LLMs  to  transition  from  retrospective  documentation  tools  into  proactive,  dynamic  decision-support  systems. 

• Transitioning  LLMs  to  routine  clinical  use  requires  overcoming  model  hallucinations  and  ethical  hurdles  through  a  human-in-the  -
 loop  copilot  design,  rigorous  multicenter  validation,  and  transparent  regulator  y  frameworks. 

Background  
Recent  advances  in  deep  learning  have  expanded  the  applications
 of  large  language  models  (LLMs)  in  medicine  [ 1– 3],  with  growing
 interest  in  critical  care  [ 4– 11].  Emergenc  y  and  critical  care
 medicine  (ECCM)  requires  managing  extreme  time  constraints,
 high  clinical  acuity,  and  precise  risk  mitigation  [ 12– 16].  Within
 intensive  care  units  (ICUs)  and  emergenc  y  departments  (EDs),
 clinicians  rapidly  synthesize  heterogeneous,  dynamically  evolving
 datasets,  including  laborator  y  results  [ 17,  18],  imaging  studies
 [ 19–  21],  continuous  physiological  waveforms  [ 22,  23],  and
 unstructured  text  [  24– 26].  These  data  directly  guide  inter  ventions
 for  life  -threatening  conditions  such  as  early  sepsis  recognition  [ 27,
 28],  ventilator  parameter  adjustment  in  acute  respirator  y  distress
 syndrome  (ARDS)  [ 29,  30],  and  trauma  triage  [ 31,  32].  Diagnostic
 delays  or  errors  in  these  scenarios  cause  irreversible  patient  harm,
 establishing  the  demand  for  timely,  integrative  clinical  reasoning
 as  a  longstanding  driver  of  artificial  intelligence  (AI)  applications
 in  acute  care  [  33– 35].
 

Early  AI  generations  in  ECCM  proved  ill-suited  for  real-world
 clinical  complexities  [ 36].  Rule  -based  decision-support  systems
 could  execute  formulaic  workflows  but  lacked  the  flexibility
 to  account  for  patient  heterogeneity  [ 37,  38]. Subsequent
 task-specific  predictive  models,  such  as  sepsis  early  warning
 algorithms  [ 39– 42],  improved  performance  in  narrow  use  cases
 yet  remained  largely  siloed  [ 43,  44].
 

To  address  these  limitations,  LLMs  bridge  the  gap  between
 fragmented  AI  tools  and  holistic  clinical  decision  support  .  Pre  -

 trained  on  extensive  biomedical  corpora  encompassing  scientific
 literature,  clinical  practice  guidelines,  structured  electronic  health
 records  (EHRs),  ICU/ED  documentation,  and  text-associated
 multimodal  data,  LLMs  exhibit  core  capabilities  critical  to  ECCM.
 They  demonstrate  advanced  natural  language  understanding  that
 enables  robust  summarization  [ 45],  clinical  reasoning  [ 11],  and
 question-answering  [ 10].  They  also  support  cross  -task  general-
 ization,  allowing  a  single  system  to  manage  diverse  workflows
 from  triage  and  diagnosis  to  risk  prediction  [ 46].  Crucially,  they
 perform  context-sensitive  reasoning  aligned  with  real-world
 clinical  practice  patterns  [ 47,  48].  Domain  adaptation  strategies
 further  refine  model  interpretation  of  specialized  terminolog  y
 [ 49–  52],  and  retrieval-augmented  generation  (RAG)  grounds
 outputs  in  evidence  -based  guidelines,  mitigating  hallucinations
 risks  [ 53,  54].
 

LLMs  also  facilitate  multimodal  and  temporal  data  integration.
 Beyond  text  processing,  advanced  architectures  increasingly
 incorporate  numerical  data  such  as  laborator  y  trajectories,
 image  -derived  features  from  chest  radiographs  and  computed
 tomography,  continuous  physiological  signals,  and  omics  data
 like  transcriptomic  profiles  in  sepsis  [ 55– 57].  This  integration
 builds  dynamic,  patient-centric  representations,  transitioning
 

LLMs  from  retrospective  documentation  tools  to  prospective
 decision-support  systems.  Early  applications  span  triage  outcome
 prediction,  anticipator  y  alerts  for  patient  deterioration,  auto  -
 mated  real-time  clinical  documentation,  patient  communication
 support  ,  medical  education  simulation,  and  accelerated  cohort
 identification  for  clinical  research  ( Figure  1).  Collectively,  these
 functions  address  the  ECCM  requirements  for  timely  decision-
 making  and  comprehensive  patient  assessment  [ 58].
 

Critical  challenges  remain.  Genuine  multimodal  fusion  is  largely
 experimental  [ 59].  Current  interpretability  and  transparenc  y  lev-
 els  cannot  support  full  clinical  accountability,  and  ethical  dilem-
 mas  remain  unresolved  [  60– 63].  Regulator  y  frameworks  ensuring
 the  safe,  validated,  and  equitable  deployment  of  LLMs  in  ECCM  are
 still  in  early  developmental  stages  [ 64–  66].
 

While  existing  reviews  examined  LLM  applications  across
 various  medical  specialties,  they  lack  systematic  evaluation  of
 the  unique  ECCM  environment  .  Acute  care  requires  continuous
 multimodal  physiological  monitoring  and  high-stakes  clinical
 decisions  for  rapidly  evolving  patient  conditions.  This  review  pro  -
 vides  a  comprehensive  synthesis  of  LLM  applications  specifically
 designed  for  the  ECCM  context  . 

Review 

Literature  search  strateg  y  

We  conducted  a  comprehensive  literature  search  to  identify
 studies  on  LLM  applications  in  ECCM.  PubMed,  Web  of  Science,
 Embase,  and  Google  Scholar  databases  were  searched  from
 Januar  y  2023  through  December  2025  using  combinations  of  the
 following  terms:  “large  language  model”,  “LLM”,  “GPT”,  “trans  -
 former  ”,  “artificial  intelligence”,  “natural  language  processing”,
 “emergenc  y  medicine”,  “emergenc  y  department”,  “critical  care”,
 “intensive  care  unit”,  “ICU”,  “triage”,  “clinical  decision  support”,
 “sepsis”,  “ARDS”,  “trauma”,  and  “resuscitation”.
 

Inclusion  criteria  were  defined  as  follows:  first  ,  studies
 should  evaluate  LLM  applications  (including  models  based  on
 transformer  architectures)  in  emergenc  y  or  critical  care  settings;
 second,  publications  must  appear  in  peer-reviewed  journals;
 third,  studies  must  provide  empirical  data  or  systematic  analysis
 relevant  to  ECCM  practice.  Studies  employing  transformer-
 based  architectures  that  partially  fulfill  the  relevant  application
 purposes  were  also  considered.  Exclusion  criteria  included
 editorials  and  commentaries  without  original  data,  conference
 abstracts  without  full-text  availability,  and  studies  focusing
 exclusively  on  specialties  outside  ECCM.  Reference  lists  of
 included  articles  were  manually  screened  to  identify  additional
 relevant  publications.
 

This  search  strateg  y  identified  a  substantial  number  of
 potentially  relevant  articles.  Following  application  of  the  inclusion
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Figure  1  Illustration  of  a  comprehensive  framework  of  large  language  model  (LLM)  applications  in  emergency  and  critical  care,  covering  the  entire
 workflow  from  diverse  data  sources  that  undergo  data  preprocessing.  It  then  extends  to  model  development  with  core  components:  domain  adaptation,
 knowledge  integration,  multimodal  and  temporal  modeling,  and  transparency  and  interpretability.  Additionally,  the  framework  outlines  various
 application  scenarios  in  emergency  and  critical  care:  clinical  decision  support  ,  multimodal  integration,  documentation  and  administration,  education
 and  training,  and  research  and  quality  improvement  

and  exclusion  criteria,  primar  y  studies  meeting  all  criteria  were
 selected  and  are  summarized  in  Table  1.  The  remaining  articles
 informed  the  background,  theoretical  framework  ,  and  discussion
 sections  of  this  review.
 

Theoretical  framework  of  AI  architectures

 in  critical  care 

The  deployment  of  LLMs  in  emergenc  y  and  critical  care  requires  a
 theoretical  framework  that  links  advanced  computational  archi-
 tectures  with  the  unique  demands  of  high-acuity  clinical  envi-
 ronments.  Unlike  routine  contexts,  critical  care  involves  hetero  -
 geneous  data  streams,  rapidly  evolving  physiologic  changes,  and
 urgent  decisions  that  must  be  timely  and  evidence  based.  Drawing
 upon  and  synthesizing  insights  from  prior  research  in  medical  AI,
 clinical  informatics,  and  healthcare  natural  language  processing,
 we  identify  four  methodological  pillars  that  are  particularly  critical
 for  ECCM  applications:  domain  adaptation,  knowledge  integra-
 tion,  multimodal  and  temporal  modeling,  and  transparenc  y  and
 interpretability  [ 67].  These  pillars  are  not  novel  constructs  but
 rather  represent  a  synthesis  of  established  concepts,  reframed  and
 prioritized  for  the  specific  demands  of  acute  care  environments.
 Table  2  provides  definitions  and  clinical  relevance  of  each  pillar
 for  readers  less  familiar  with  LLM  terminolog  y.  Collectively,  these
 pillars  establish  a  foundation  for  the  safe  and  effective  application
 of  LLMs  in  critical  care.  The  unique  requirements  of  ECCM  that
 motivate  this  framework  are  detailed  in  Table  3,  while  accessible
 definitions  of  each  pillar  are  provided  in  Table  2.
 

Domain  adaptation  

LLMs  trained  on  general-purpose  corpora  demonstrate  strong
 linguistic  fluenc  y  but  often  lack  precision  when  applied  to  the
 

specialized  terminolog  y,  abbreviations,  and  clinical  reasoning
 conventions  of  intensive  care  practice  [ 68,  69].  Domain  adaptation
 through  both  fine  -tuning  and  instruction  tuning  is  therefore
 essential.  Fine  -tuning  on  ICU  and  ED  notes  enables  the  model  to
 recognize  domain-specific  terminolog  y  while  adjusting  contextual
 outputs  to  critically  ill  patient  populations.  Instruction  tuning  [ 70]
 further  aligns  model  behavior  with  the  structured  quer  y–response
 style  of  clinicians  who  expect  concise,  guideline  -concordant
 recommendations.  Incorporating  structured  indices  such  as
 Sequential  Organ  Failure  A  ssessment  (SOFA)  or  Acute  Physiolog  y
 and  Chronic  Health  Evaluation  II  scores  enhances  task  specificity,
 enabling  reliable  risk  stratification  and  prioritization  of  care.
 Thus,  domain  adaptation  provides  the  linguistic  accurac  y  and
 contextual  relevance  required  for  LLMs  to  function  effectively  in
 high-stakes  clinical  discourse  [ 71–  73].
 

Knowledge  integration 

While  LLMs  can  generate  clinically  plausible  text  ,  their  ten-
 denc  y  toward  factual  errors  necessitates  grounding  outputs  in
 authoritative  knowledge  sources  [ 74–  77].  Knowledge  integration
 can  be  achieved  through  several  complementar  y  strategies.
 RAG  connects  the  model  to  curated  repositories  [ 78]  including
 clinical  guidelines,  institutional  protocols,  and  current  literature,
 thereby  ensuring  evidence  -based  recommendations.  Embedding
 structured  logic  derived  from  pathways  such  as  advanced  life
 support  algorithms  or  sepsis  bundles  further  constrains  model
 outputs  to  align  with  standardized  practice.  Hybrid  symbolic–
 neural  architectures  [  79– 81]  combine  probabilistic  reasoning  with
 explicit  clinical  rules,  such  as  contraindications  to  nephrotoxic
 agents  in  patients  with  renal  dysfunction,  thereby  enhancing  both
 flexibility  and  reliability.  By  merging  tacit  statistical  inference  with
 codified  medical  knowledge,  LLMs  can  engage  clinicians  fluently
 while  adhering  to  established  standards  of  care  [ 46,  82].
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Table  2  Definitions  and  clinical  relevance  of  the  four  methodological  pillars  for  large  language  model  (LLM)  deployment  in  emergency  and  critical  care
 medicine  (ECCM)
 

Methodological  pillar Definition Clinical  relevance  in  ECCM Representative  techniques 

Domain  adaptation The  process  of  adjusting  a
 general-purpose  LLM  to  perform
 optimally  within  a  specific  clinical
 domain 

Enables  recognition  of  intensive
 care  unit  (ICU)/emergency
 department  (ED)–specific
 terminolog  y,  abbreviations,  and
 clinical  reasoning  patterns 

Fine  -tuning  on  clinical  notes,
 instruction  tuning,  reinforcement
 learning  from  human  feedback
 (RLHF) 

Knowledge  integration  Grounding  LLM  outputs  in  external
 authoritative  knowledge  sources 

Ensures  that  recommendations
 align  with  current  clinical
 guidelines,  reduces  hallucination
 risk  

Retrieval-augmented  generation
 (RAG),  knowledge  graph
 embedding,  hybrid
 symbolic–neural  architectures 

Multimodal  and  temporal  modeling  Integration  of  diverse  data  types
 (text  ,  images,  signals,  laborator  y
 values)  with  temporal  sequence
 modeling 

Enables  synthesis  of  chest  X-ray
 findings  with  ventilator  waveforms,
 laborator  y  trends,  and  clinical
 notes  for  holistic  patient
 assessment 

Vision-language  models,  temporal
 transformers,  cross  -modal
 attention  mechanisms 

Transparency  and  interpretability  The  capacity  of  a  model  to  explain
 its  reasoning  process  in  terms
 understandable  to  clinicians 

Supports  clinical  accountability,
 facilitates  error  detection,  enables
 appropriate  trust  calibration 

Chain-of-thought  prompting,
 attention  visualization,  uncertainty
 quantification,  rationale  generation 

This  table  provides  accessible  explanations  for  readers  unfamiliar  with  technical  LLM  terminolog  y 

Table  3  Emergency  and  critical  care  medicine  (ECCM)–specific  requirements  and  corresponding  large  language  model  (LLM)  capabilities  

ECCM-specific  requirements Distinction  from  general  medical
 applications 

Required  LLM  capabilities 

Real-time  decision  support Response  latency  must  be  seconds,  not  minutes Low-latency  inference,  streaming  output  ,  edge
 deployment  optimization 

Continuous  physiological  signal  integration  Must  process  electrocardiogram  (ECG),  arterial
 waveforms,  ventilator  data  in  real  time  

Temporal  sequence  modeling,  signal-to-text
 alignment  ,  multimodal  fusion  

High-stakes  early  warning  False  negatives  may  result  in  patient  death;
 false  positives  cause  alert  fatigue  

Uncertainty  quantification,  high-sensitivity
 thresholds,  calibrated  confidence  scores 

Rapid  clinical  deterioration  Patient  states  evolve  within  minutes  to  hours Dynamic  context  updating,  trajector  y
 prediction,  state  -transition  modeling  

Multidisciplinar  y  coordination  Information  must  be  synthesized  across
 multiple  specialty  teams 

Cross  -domain  knowledge  integration,
 structured  handoff  generation 

Resource  -constrained  environments Intensive  care  units  (ICUs)/emergency
 departments  (EDs)  often  operate  at  capacity
 limits 

Prioritization  algorithms,  resource  allocation
 support 

This  table  contrasts  the  unique  demands  of  emergency  and  critical  care  medicine  with  general  medical  applications  and  identifies  the  LLM  architectural  features
 necessar  y  to  address  each  requirement  

Multimodal  and  temporal  modeling  

The  ICU  generates  vast  and  rapidly  evolving  data,  including
 structured  laborator  y  values,  continuous  physiologic  waveforms,
 unstructured  documentation,  and  bedside  imaging  [ 83– 87].  To
 capture  this  complexity,  LLM  architectures  must  evolve  beyond
 text-only  paradigms  toward  multimodal  and  temporally  aware
 frameworks.  Multimodal  integration  enables  concurrent  interpre  -
 tation  of  textual  data,  numeric  values,  temporal  laborator  y  trajec-
 tories,  and  imaging  reports,  producing  a  holistic  representation
 of  patient  status.  Temporal  modeling,  incorporating  sequential
 dependencies  and  dynamic  embeddings,  supports  prediction  of
 disease  trajectories  such  as  impending  hemodynamic  collapse  or
 respirator  y  failure  hours  before  onset  [ 88– 92].  By  synthesizing
 multimodal  and  time  -dependent  signals,  LLMs  can  advance
 from  retrospective  documentation  tools  to  proactive  clinical
 

decision-support  systems  that  anticipate  risk  and  inform  timely
 inter  ventions  [ 93–  95]. 

Transparency  and  interpretability 

In  critical  care,  where  diagnostic  and  therapeutic  decisions  carr  y
 substantial  clinical  implications,  trust  in  AI  tools  depends  on
 their  ability  to  explain  reasoning  processes.  Transparenc  y  and
 interpretability  are  therefore  ethical  and  practical  prerequisites
 [ 96].  Beyond  providing  conclusions,  LLMs  should  deliver  explicit  ,
 evidence  -based  rationales  that  reference  pertinent  laborator  y
 abnormalities,  vital  sign  trends,  or  clinical  guidelines  [ 97– 99].
 Techniques  such  as  chain-of-thought  reasoning  and  structured
 rationale  generation  can  expose  these  decision  pathways  to
 clinicians  [ 100].  Equally  important  is  uncertainty  quantifica-
 tion:  models  must  communicate  the  degree  of  confidence  in
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predictions  and  defer  to  clinician  judgment  when  evidence  is
 insufficient  [ 101].  Prioritizing  clarity  and  evidential  grounding
 not  only  promotes  clinician  trust  but  also  addresses  regulator  y
 and  medico  -legal  expectations  for  safe  and  accountable  AI
 deployment  in  critical  care.
 

The  application  of  LLMs  in  ECCM  

Current  LLM  applications  in  ECCM  cluster  into  four  primar  y
 domains:  clinical  decision  support  ,  clinical  documentation
 and  administrative  workflow  optimization,  medical  education
 and  training,  and  clinical  research  and  quality  improvement  .
 Multimodal  data  integration  ser  ves  as  a  cross  -cutting  method-
 olog  y  enhancing  capabilities  across  all  domains  rather  than  a
 standalone  categor  y  ( Table  1).
 

Clinical  decision  support 

LLMs  function  as  dynamic  aids  to  frontline  decision-making,
 across  triage,  diagnosis,  risk  stratification,  therapeutic  planning,
 and  multimodal  data  synthesis  [ 102].  Tolerance  for  latenc  y  varies
 drastically  among  these  tasks.  Triage  and  sepsis  prediction
 typically  allow  response  times  measured  in  minutes  to  hours,
 supported  by  feasibility  studies  [ 42,  103].  Conversely,  real-time
 cardiac  arrest  detection  and  ventilator  asynchrony  identification
 demand  responses  within  seconds  or  milliseconds  to  remain
 clinically  meaningful,  as  delays  directly  impact  patient  outcomes
 [ 104,  105].  This  distinction  dictates  LLM  architecture  choices,  such
 as  cloud-based  versus  edge  deployment  ,  determining  successful
 real-world  implementation.
 

Triage  and  risk  stratification  Emergenc  y  triage  is  a  highly
 viable  LLM  application  due  to  its  reliance  on  the  rapid  synthesis
 of  unstructured  clinical  information.  A  systematic  evaluation
 found  that  Generative  Pre  -trained  Transformer  (GPT)-4  achieved
 74.7%  accurac  y  in  assigning  emergenc  y  severity  index  levels,
 compared  to  85.2%  for  trained  nurses  [ 106].  While  not  matching
 expert  performance,  LLMs  consistently  processed  free  -text  chief
 complaints  and  generated  recommendations  within  seconds.
 Models  trained  on  free  -text  records  successfully  predict  admission
 needs  and  injur  y  classifications  across  multilingual  datasets,
 supporting  equitable  triage  [ 107– 109].  Hybrid  approaches
 combining  LLM  reasoning  with  structured  machine  learning
 classifiers  outperformed  LLM-only  systems  with  area  under  the
 cur  ve  (AUC)  of  0.89  versus  0.82  [ 108].  In  paired  comparisons,
 GPT-4  correctly  identified  the  more  acute  patient  in  88.4%  of
 cases,  demonstrating  utility  during  ED  surge  conditions  [ 110].
 Implementation  studies  demonstrate  clinical  translation.  An  LLM-
 based  decision-support  system  reduced  triage  -to  -physician  time
 by  23%  and  improved  undertriage  detection  by  15%  [ 111].
 

Diagnostic  support  Diagnostic  support  exhibits  contextual  vari-
 ability.  A  randomized  trial  found  no  significant  improvement  in
 clinician  reasoning  when  assisted  by  LLMs  despite  the  model  out-
 performing  clinicians  on  standalone  accurac  y  benchmarks  [ 112].
 Conversely,  specialized  models  optimized  for  high-complexity  ICU
 data,  such  as  DeepSeek-R1,  halved  response  times  and  enhanced
 resident  diagnostic  accurac  y  [ 46].  In  ED  settings,  GPT-4  achieved
 87.1%  diagnostic  accurac  y  compared  to  residents’  78.3%,  demon-
 strating  strong  performance  in  identifying  rare  conditions  [ 113].
 An  LLM  system  developed  for  syncope  recognition  achieved  91.2%
 

sensitivity  and  88.7%  specificity  in  differentiating  cardiac  from
 non-cardiac  etiologies  [ 114].  These  findings  indicate  that  while
 generalized  diagnostic  replacement  remains  premature,  LLMs  tai-
 lored  to  intensive  care  datasets  provide  tangible  value  in  complex
 clinical  scenarios.
 

Therapeutic  guidance  Specific  workflows,  including  antibiotic
 recommendations,  ventilator  y  support  ,  and  continuous  renal
 replacement  therapy  (CRRT)  counseling,  benefit  from  LLM
 decision  aids,  though  human  oversight  remains  vital  to  mitigate
 factual  errors  [ 104,  115].  Successful  implementations  function
 as  copilot  models,  framing  clinical  decisions  with  synthesized
 evidence  while  leaving  final  diagnostic  authority  for  the  treating
 clinician.  For  antibiotic  recommendations,  LLMs  like  ChatGPT-
 o1  achieve  71.7%  accurac  y  in  appropriate  drug  selection  but
 struggle  with  difficult-to  -treat  microbes  [ 116,  117].  A  multi-
 agent  LLM  system  integrating  specialized  agents  achieved  89.4%
 concordance  with  infectious  disease  specialist  recommendations
 for  empiric  antibiotic  selection  in  sepsis  [ 118].  Regarding  organ
 support  therapy,  LLMs  showed  poor  direct  classification  of
 flow  star  vation  asynchronies  (accurac  y  ≤62.7%)  but  excelled
 at  generating  effective  neural  network  code  achieving  90.2%
 accurac  y  [ 104].  Multimodal  LLM  models  predict  cardiopulmonar  y
 bypass  -associated  acute  kidney  injur  y  with  an  AUC  of  0.92  [ 119],
 and  ChatGPT-4  aids  CRRT  alarm  troubleshooting  with  90%–94%
 accurac  y  [ 120].  In  advanced  cardiac  life  support  ,  LLMs  achieved
 91.4%  accurac  y  in  algorithm  selection  but  provided  inconsistent
 drug  dosing  recommendations  (78.3%  accurac  y)  [ 121].
 

Risk  stratification  and  outcome  prediction  LLMs  demonstrate
 strong  risk  stratification  capabilities  through  multimodal  data
 integration.  The  COMPOSER-LLM  system  achieved  an  AUC  of
 0.92  for  6-h  sepsis  prediction,  reducing  the  time  to  antibi-
 otic  administration  by  32%  [ 103].  LLM-generated  syndromic
 classifications  from  admission  notes  of  63  704  sepsis  patients
 predicted  mortality  more  accurately  than  traditional  SOFA  scores
 (AUC  0.79  vs  0.71)  [ 122].  Transformer  architectures  robustly
 predict  ARDS,  delirium,  and  stroke  -associated  complications,
 often  generating  warnings  days  before  clinical  recognition  [ 118,
 123,  124].  Applying  transformer  architecture  to  intraoperative
 temporal  dynamics  achieved  an  AUC  of  0.84  for  postoperative
 delirium  prediction,  alerting  clinicians  48  h  before  diagnosis  [ 105].
 Domain-specific  models  outperform  general-purpose  LLMs  in
 mortality  prediction  (AUC  0.86  vs  0.74)  [ 48].  For  cardiac  arrest  ,
 GPT-4  predicted  outcomes  with  an  AUC  of  0.81,  comparable
 to  validated  clinical  scores  but  possessing  the  advantage  of
 incorporating  unstructured  notes  [ 125].  Automatic  detection  of
 in-hospital  cardiac  arrest  from  clinical  notes  achieved  94.2%
 sensitivity  and  91.8%  specificity  across  five  hospitals.  Multimodal
 approaches  consistently  outperform  unimodal  systems,  with
 models  integrating  continuous  physiologic  monitoring  achieving
 an  AUC  of  0.91  versus  0.78  for  patient  decompensation  prediction
 [ 112].
 

Multimodal  data  integration  as  an  enabling  technolog  y

 Multimodal  LLMs  advance  imaging  and  physiological  signal
 interpretation.  The  chest  X-ray  (CXR)–large  language  and  vision
 assistant  (LLaVA)  achieved  human-comparable  lesion  detection
 across  377  110  chest  radiographs  with  87.3%  diagnostic  accurac  y,
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outperforming  general-purpose  LLMs  (71.2%)  [ 118,  126].  Elec-
 trocardiogram  (ECG)–LM  achieved  89.7%  accurac  y  in  arrhythmia
 classification  while  enabling  natural  language  interaction  for  ECG
 interpretation.  GPT-4  classified  ED  imaging  report  actionability
 with  93.8%  accurac  y  [ 125].  At  the  molecular  level,  foundational
 models  like  Geneformer  establish  frameworks  for  integrating
 transcriptomic  data  with  clinical  phenotypes  [ 127].  Neutrophil
 transcriptomic  profiles  identify  sepsis  endotypes  with  30-day
 mortality  exceeding  40%  [ 125].
 

Documentation  and  administrative  workflow
 optimization 

ECCM  presents  unique  documentation  challenges  suited  for
 LLM  applications.  These  applications  encompass  real-time
 trauma  resuscitation  documentation  that  captures  verbal  orders
 and  inter  vention  timestamps,  critical  care  transport  handoff
 notes  synthesizing  patient  status  during  inter-facility  transfers,
 automated  code  documentation  generating  structured  records
 of  cardiac  arrest  events,  and  shift-to  -shift  ICU  handoffs  sum-
 marizing  overnight  events  for  incoming  teams.  Documentation
 automation  is  a  low-risk  ,  high-yield  initial  application.  AI-
 generated  summaries  achieve  concision  and  structural  quality
 comparable  to  human-authored  reports.  However,  insidious
 errors  require  human  verification,  such  as  “temporal  swap  -
 ping,”  where  the  model  confuses  a  patient’s  medical  histor  y
 with  their  current  presentation  [ 45,  128].  Tools  like  ICU-GPT
 improve  data  accessibility  through  natural-language  quer  ying
 of  hospital  databases,  lowering  technical  barriers  for  clinician-
 directed  analytics  [ 25].  Administrative  applications  demonstrate
 efficienc  y  gains.  Diagnosis  -related  group  (DRG)–large  language
 model  meta  AI  (LLaMA)  successfully  classifies  billing  groups
 with  acceptable  accurac  y,  streamlining  reimbursement  and
 resource  allocation  [ 129].  Automated  pipelines  accelerate
 systematic  review  screening  by  up  to  90%,  reducing  workload
 and  expanding  clinician  involvement  in  scholarship  [ 127].  Patient-
 facing  communication  is  an  emerging  domain.  Nurse–LLM  hybrid
 workflows  improve  patient  satisfaction  and  response  efficienc  y
 compared  with  nurse  -only  systems  [ 130].  Comprehensive  LLM
 Artificial  Intelligence  Responder  (CLAIR),  a  patient  communication
 assistant  ,  outperformed  GPT-4  in  relevance  and  appropriateness
 of  responses  to  portal  messages  [ 131].  Because  these  applications
 benefit  greatly  from  human  verification,  they  represent  “early
 adopter”  use  cases  for  safe  clinical  deployment  [ 132].
 

Medical  education  and  training  

Recent  empirical  studies  demonstrate  the  efficac  y  of  LLMs  in  ECCM
 education,  primarily  through  interactive  clinical  simulations  and
 personalized  theoretical  tutoring.  In  clinical  training,  LLM-driven
 platforms  generate  high-fidelity,  dynamically  evolving  patient  sce  -
 narios  that  ser  ve  as  scalable  alternatives  to  standardized  patients
 and  physical  mannequins.  LLMs  function  as  procedural  simula-
 tors,  personalized  tutors,  and  objective  evaluators—each  address  -
 ing  key  gaps  in  traditional  training  paradigms  [ 133– 135].  For  pro  -
 cedural  training,  AI-guided  bronchoscopy  systems  enable  faster
 completion  and  fewer  errors  than  expert-led  instruction  [ 136].
 Virtual  patients  powered  by  LLMs  have  consistently  been  rated  as
 authentic,  valuable,  and  cost-effective  alternatives  to  standard-
 ized  patients  [ 137].  Domain-specific  fine  -tuning  enhances  knowl-
 edge  assessment  .  For  example,  Eastern  A  ssociation  of  the  Surger  y
 

of  Trauma  (EAST)–GPT  outperformed  GPT-4  in  multiple  evalua-
 tion  dimensions,  demonstrating  the  advantage  of  aligning  model
 training  with  curricular  content  [ 138].  Similarly,  LLM-based  vir-
 tual  assistants  deliver  adaptive,  case  -based  learning  while  fos  -
 tering  interactive  engagement  [ 139].  LLM  applications  in  educa-
 tion  represent  a  low-risk  ,  high-impact  domain.  They  complement
 traditional  mentorship  models  by  handling  routine  tasks,  free  -
 ing  expert  clinicians  to  focus  on  high-value  interactions,  such  as
 nuanced  clinical  reasoning  discussions  and  professional  develop  -
 ment  mentoring.
 

Research  and  quality  improvement 

LLMs  address  the  longstanding  gap  between  clinicians’  medical
 expertise  and  limited  coding  proficienc  y.  Extracting  structured
 EHR  data—such  as  laborator  y  results,  diagnosis  codes,  or  treat-
 ment  timelines—traditionally  required  information  technolog  y
 (IT)  teams  to  write  structured  quer  y  language  (SQL)  queries,
 delaying  studies.  LLMs  enable  natural  language  -to  -SQL  conver-
 sion:  clinicians  can  simply  describe  data  needs  in  plain  language,
 and  the  model  generates  syntactically  correct  ,  clinically  relevant
 SQL  queries.  This  capability  eliminates  intermediate  technical
 support  ,  placing  direct  data  access  into  researchers’  hands
 [ 136,  140].  For  quality  improvement  ,  automated  sur  veillance
 systems  using  LLMs  identify  near-miss  events  and  documentation
 errors  more  effectively  than  manual  chart  review,  converting
 retrospective  audits  into  proactive  patient-safety  monitoring  [ 137,
 141].  Accelerating  research  workflows  and  embedding  real-time
 error  detection  aligns  directly  with  institutional  goals  of  advancing
 patient  care.
 

Challenges  and  strategic  responses 

Translating  LLMs  from  experimental  applications  to  routine  ECCM
 deployment  faces  significant  challenges  across  multiple  dimen-
 sions.  For  each  challenge,  we  identify  corresponding  strategic
 responses  that  may  enable  safe  and  effective  implementation
 ( Table  4).
 

Reliability  and  accuracy:  domain-specific  fine  -tuning
 and  validation  

While  domain-specific  models  show  strong  accurac  y  in  targeted
 tasks  [ 136],  general-purpose  LLMs  remain  prone  to  factual  errors
 and  hallucinations  [ 4,  46].  Even  when  outperforming  clinicians
 in  vignette  -based  diagnostics,  their  real-world  performance  is
 inconsistent  .  These  flaws  amplify  in  high-stakes  ECCM  settings:
 false  positives  risk  alert  fatigue,  while  false  negatives  may
 delay  recognition  of  clinical  deterioration,  potentially  resulting
 in  patient  death  [ 137,  138].  Beyond  discrimination  metrics
 like  AUC,  it  is  essential  to  evaluate  model  calibration,  as  the
 tendenc  y  of  LLMs  to  be  overconfident  can  result  in  probability
 estimates  that  do  not  accurately  reflect  true  event  rates,  thereby
 compromising  their  clinical  utility.  Future  validation  studies  must
 report  calibration  metrics,  including  the  Expected  Calibration
 Error,  alongside  discrimination  metrics  to  ensure  that  predicted
 risk  scores  are  reliable  for  clinical  decision-making  [ 142,  143].
 Progress  demands  developing  critical-care  -specific  LLMs  trained
 on  ICU  and  ED  datasets  encompassing  structured  variables
 and  clinical  outcomes.  Models  like  ICU-GPT  demonstrate  the
 performance  advantages  of  domain-specific  tuning. Future
 efforts  should  establish  standardized  ECCM  benchmarks,  scale
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Table  4  Challenges  and  strategic  responses  for  large  language  model  implementation  in  emergency  and  critical  care  medicine  

Challenge  domain Key  issues Strategic  responses 

Reliability  and  accuracy  Hallucination,  factual  errors,  inconsistent
 real-world  performance;  false  -positive/negative
 risks 

Domain-specific  fine  -tuning;  task-focused
 benchmarks;  prospective  multicenter
 validation 

Data  integration Partial  multimodal  integration;  limited
 physiologic  signal  and  omics  incorporation;
 siloed  outputs 

Multimodal  architectures  integrating  imaging,
 waveforms,  and  omics  data;  precision  medicine
 approaches 

Ethical,  legal,  and  governance  Unclear  accountability  for  artificial  intelligence
 (AI)  errors;  privacy  concerns;  regulator  y  gaps 

Explainability  features;  medico-legal
 frameworks;  regulator  y  partnerships 

Workflow  and  human  factors AI  “silo”  outputs;  automation  bias  or  disuse;
 workflow  disruption 

Human-in-the  -loop  copilot  design;  physician
 verification;  intuitive  interfaces  

Clinician  preparedness  Insufficient  AI  literacy;  risk  of  misunderstanding
 or  misapplying  outputs 

AI  literacy  in  medical  education;
 simulation-based  training  curricula  

development  through  federated  learning  approaches  to  preser  ve
 patient  privac  y,  and  mandate  prospective  multicenter  validation
 before  clinical  deployment  .
 

Data  integration  barriers:  multimodal  and  multi-omics
 architectures 

ECCM  requires  synthesizing  highly  heterogeneous  data  streams—
 structured  EHR  data,  physiologic  waveforms,  imaging,  and  omics
 layers.  While  multimodal  models  have  emerged,  integration
 remains  partial.  Most  systems  merge  text  and  imaging,  but  seam-
 less  incorporation  of  genomics,  proteomics,  and  metabolomics
 data  remains  experimental.  Without  comprehensive  interoper-
 ability,  models  underutilize  available  patient  information  [ 144].
 The  next  generation  of  clinical  LLMs  must  advance  beyond
 text–image  fusion  to  integrate  multi-omics  data,  including
 transcriptomics,  proteomics,  metabolomics,  and  genomics.  Such
 modeling  would  enable  phenotype  -guided  rather  than  one  -size  -
 fits  -all  approaches  to  patient  management  ,  aligning  directly  with
 precision  medicine  paradigms  and  potentially  unlocking  novel
 treatment  pathways  for  syndromes  such  as  sepsis  and  ARDS  [ 145].
 

Ethical,  legal,  and  governance  issues:  transparent
 governance  and  regulation 

Using  LLMs  in  direct  patient  care  raises  critical  questions
 about  accountability,  privac  y,  and  informed  consent  .  Clear
 legal  frameworks  assigning  responsibility  for  misdiagnoses  or
 adverse  outcomes  arising  from  LLM-assisted  decision  support
 are  absent  .  Data-sharing  regulations—particularly  regarding
 genomic,  psychiatric,  or  other  sensitive  information—pose
 barriers  to  adoption  and  complicate  governance  [ 146,  147].
 The  deployment  of  LLMs  in  life  -critical  ECCM  settings  raises
 profound  ethical  and  medico  -legal  challenges  that  extend  beyond
 routine  clinical  AI  applications  [ 148].  Moreover,  LLMs  in  such
 settings  require  exceptionally  rigorous  validation—extending
 beyond  benchmark  accurac  y  to  robustness  across  diverse
 populations  and  edge  cases—yet  standardized  pathways  akin
 to  pharmaceutical  trials  are  lacking.  Because  errors  in  ECCM
 cause  irreversible  harm  rapidly,  structured  protocols  for  error
 disclosure,  adverse  -event  reporting,  and  continuous  monitoring
 are  necessar  y  alongside  technical  safeguards.  To  mitigate  these
 risks,  a  multilayered  safeguard  framework  is  proposed,  including
 

prospective  multicenter  trials,  human  verification  for  critical
 decisions,  real-time  performance  monitoring  with  degradation
 alerts,  established  incident  reporting,  and  transparent  com-
 munication  with  patients  about  AI’s  role  in  their  care.  Models
 must  incorporate  explainability  features—such  as  highlighting
 laborator  y  trends,  physiological  patterns,  or  guideline  refer-
 ences—that  make  predictions  interpretable  to  clinicians.  Parallel
 efforts  are  required  to  build  regulator  y  structures  that  address
 validation  standards,  liability  assignment  ,  and  documentation
 requirements.  Academic–industr  y–regulator  y  partnerships  will  be
 vital  to  ensure  that  adoption  proceeds  with  safety,  accountability,
 and  equity  at  the  forefront  [ 149].
 

Workflow  and  human  factors:  human-in-the  -loop
 copilot  design 

LLM  effectiveness  depends  heavily  on  clinician  acceptance  and
 integration  into  existing  workflows  [ 150,  151].  Current  systems
 often  create  “AI  silos,”  detaching  model  outputs  from  bedside
 tools.  Poorly  designed  interfaces  may  lead  clinicians  to  either
 over-rely  on  outputs  or  disregard  them  entirely,  undermining
 both  safety  and  potential  benefits.  Maintaining  human  oversight
 is  essential  to  safeguard  reliability  and  clinical  trust  .  Effective
 workflows  present  AI  outputs  for  clinician  verification  through
 “copilot”  interfaces  that  summarize  evidence  while  ensuring  that
 final  diagnostic  authority  remains  with  clinicians.  This  hybrid
 design  mitigates  hallucination  risks,  preser  ves  efficienc  y  gains,
 and  maintains  appropriate  human  accountability  for  clinical
 decisions  [ 101].
 

Clinician  preparedness:  education  and  cultural
 adoption 

Clinician  preparedness  remains  a  critical  bottleneck  ,  primarily
 rooted  in  insufficient  AI  literac  y  and  inadequate  targeted  training
 among  frontline  providers.  This  knowledge  gap  often  hinders
 their  ability  to  comprehend  LLM  outputs,  recognize  inherent
 limitations  such  as  reliance  on  training  data  biases  and  inability
 to  account  for  rare  clinical  nuances,  and  understand  contextual
 constraints  like  mismatches  between  model  inputs  and  real-time
 patient  conditions.  In  turn,  it  elevates  the  risk  of  misunderstanding
 the  validity  of  LLM  recommendations  or  misapplying  outputs
 to  clinical  decision.  Sustainable  adoption  requires  cultivating
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an  “AI-literate”  clinical  workforce.  Simulation-based  training
 should  ser  ve  as  both  a  testing  ground  for  LLM  applications  and
 a  medium  to  teach  clinicians  the  strengths,  weaknesses,  and
 ethical  implications  of  AI.  Embedding  AI  literac  y  in  medical  school
 curricula,  residenc  y  training  programs,  and  continuing  medical
 education  will  facilitate  sustainable  adoption  and  enhance
 acceptance  across  disciplines  [ 136,  137,  139].
 

Conclusions 
LLMs  offer  transformative  potential  for  critical  care  medicine
 through  advanced  diagnostic  support  ,  risk  prediction,  and
 multimodal  integration.  However,  their  clinical  translation  is
 currently  hindered  by  technical  limitations  such  as  persistent
 hallucinations  and  interpretability  deficits,  alongside  broader
 regulator  y  and  equity  concerns.  Notably,  the  paradox  wherein
 highly  capable  LLMs  fail  to  consistently  enhance  human  clinician
 performance  underscores  the  immense  complexity  of  integrating
 AI  into  high-acuity  workflows.  Moving  for  ward,  the  field  must
 prioritize  rigorous  scientific  validation  through  multicenter
 randomized  controlled  trials  and  adhere  strictly  to  AI-specific
 reporting  guidelines,  such  as  TRIPOD+AI  and  TRIPOD-LLM.  By
 combining  multidisciplinar  y  collaboration  with  robust  regulator  y
 frameworks,  LLMs  can  be  safely  harnessed  to  improve  patient
 outcomes,  optimize  healthcare  efficienc  y,  and  ensure  medical
 equity.
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