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This is 1st Generation AI

• A rule-based system to simulate a human’s decision making

• Can not handle ambiguity

• Can not adapt to solve complex problems





Next Generation AI
Piliuk K. Artificial intelligence in emergency medicine. A systematic literature review. Int J Med Inform. 2023 Dec;180:105274. doi: 
10.1016/j.ijmedinf.2023.105274. Epub 2023 Oct 31. PMID: 37944275





• Common issues that are typical for the majority of the 
contributions
• High specialization and lack of generalization

• Among the 116 selected studies only 16 are not focusing on a specific 
disease, and only one of them is devoted to the diagnosis prediction

• Universal benchmarks and data privacy issues
• Both general and specific quantitative solutions suffer from the lack of 

commonly accepted data benchmarks, which can be used to consistently 
evaluate the performance of different algorithms

• Data quality
• Through data heterogeneity, we understand a variety of patient-specific 

information that can be used for modeling purposes.

• Preference for ML methods



The architecture is composed of the 
following steps:
• Data Layer (Input Sources)

• Preprocessing & Feature Engineering

• Training and Validation

• Classification

• Integration layer

• Compliance and Security



Theoretical Background of ER-TRIAGE 



Types of ML algorithms

• Deep Learning algorithms 
• Automatically learn feature hierarchies

• Require a large amount of data to make predictions

• Take significantly more time to train than traditional ML algorithms.

•  In supervised learning, a decision tree is a method of 
classification and regression structured like a flowchart. 
• It recursively partitions the data into subsets based on the feature 

value that minimizes the impurity of the resulting subsets. 

• Ensemble learning is an ML method that combines multiple 
algorithms to increase accuracy and decrease variance



• Limitations of the articles in the review
• The limited scope of the data may not fully capture the variability and complexity of patient 

populations and clinical practices in different healthcare environments. 
• The exclusion of ED visits with missing data during the preprocessing stage was noted as a 

significant limitation by researchers 
• This exclusion of a large amount of data could have potentially affected the generalizability of 

the model. 
• Numerous datasets were derived from a single teaching hospital, also raising concerns about 

the generalizability of the prediction model to other hospital settings
• All the authors of the articles in this review acknowledged that their study was based on 

retrospective data.
• This absence of prospective validation is noteworthy since it may impact the applicability of the 

model to real-time clinical settings. 
• There are limitations to the potential influence of the ML models on physicians’ behavior in a 

real-world scenario. 
• When comparing the performance of ML models to that of healthcare professionals, no 

account for individual nurse demographics such as years of nursing and triage experience.

• Implications for future research
• Future research could explore the long-term impact of AI on patient outcomes
• The acceptance of AI among healthcare professionals
• The development of standardized guidelines for AI implementation in emergency care settings

Cureus 16(5): e59906. DOI 10.7759/cureus.59906



For our model

• We started from zero
• Two centers with different characteristics

• Urban – Rural
• High volume – medium volume

• Prospective data input
• Concise flow chart
• Multiple established parameters
• Pre-defined training program for triage personnel
• Triage personnel are “blind” to the AI processes running in the 

background
• No time pressure



Data Layer 

• Clinical Input

• Patient demographics: age, gender

• Vital signs: NEWS 2

• Symptoms: ICPC2, HEART, ROSIER

• History: OPQRST, SAMPLE

• Structured Input

•  User-friendly interface

• HL7/FHIR compatible data feeds

• Triage assessment

• Sensors / Diagnostic equipment Integration





Clear end points

• From the ED
• Triage personnel Priority level assignment

• ED outcome
• Death

• Admission

• Discharge

• From admissions
• Working diagnosis on admission

• Final diagnosis on discharge

• Days in hospital

• In hospital deaths



7 Steps to More Effective Parenting
• Catch Kids Being Good
• Set Limits and Be Consistent
• Make Time for Your Kids
• Be a Good Role Model
• Make Communication a Priority
• Be Flexible and Willing to Adjust Your 

Parenting Style
• Know Your Own Needs and Limitations as 

a Parent





Today

• We have the algorithm

• The system has been debugged

• We have the hardware

• We have trained our personnel on the triage process 

• We have a friendly user interface

• We have a rule-based system in place 

• We have run simulated triage scenarios with our triage staff



Next steps

• Run simulated scenarios with and without the system 

• Partial real-life implementation

• Full real-life implementation 



For questions and collaboration
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