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Abstract 
Medical schools are working to provide high-quality medical education (ME) that will support students 
in attaining better learning outcomes while ensuring an increased quality of care and improved patient 
safety. The use of Artificial Intelligence (AI) in ME is growing, with a specific focus on curriculum, learning 
support and assessment of learning. Further development of AI in ME needs more and richer data sets. 
We hypothesized that clinical data from the healthcare sector might enrich educational data by providing 
untapped big data sets with contextual relevance concerning the patient population and health system. 
The aim of this study was therefore to evaluate the value of using real clinical data in AI-driven medical 
education applications and explore use cases enabled by access to data from the healthcare sector. 
Over five million de-identified patient records from New York State hospitals were used in this study. 
Characterization of the clinical data identified new data at the population and patient levels. The 
identified use cases were an enriched medical education data warehouse, bridging the gap between 
academic and clinical practices, addressing new learning outcomes in a medical curriculum, more 
opportunities for AI research in medical education and the exploration of AI in continuing ME. 
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1 INTRODUCTION  
An article published in Lancet on June 22, 1991, remarked on how medical education would change by 
2021. "In 2021 a teaching hospital doctor will no more teach without training in medical education. It will 
be a seamless robe of integrated, interdigitated parts, reflecting a coherent educational philosophy, 
woven jointly by doctors experienced in teaching and by medical educators” (REF?). It also discussed 
how medical education will change after three decades and how the curriculum will change along with 
information revolution. In the dawn of the 4th industrial revolution, Artificial Intelligence (AI) is presented 
as one of the main drivers of change. 

Past years of research, development of AI in healthcare and medical education shows a path from 
knowledge-concentrated system to data-concentrated system. AI’s future role in medical education and 
healthcare remains unanswered as machines (computers) learn to detect patterns not intelligible by 
using biostatistics & these patterns can improve through various algorithms created by massive datasets 
available in healthcare and Medical Education. AI in Medical Education uses data warehouse (Learning 
Resources in the form of PDF, PPT, Video, Audio, examination & evaluations, CME performances, 
competency portfolios, curriculum portal, clinical patient outcomes, etc.) available in Medical education 
mainly aiming at improving curriculum, learner support and assessment. Hospital data are available in 
the forms of international classifications of diseases and clinical modification codes are often providing 
in-patient and out-patient epidemiological studies and disease surveillance. These administrative 
databases are increasingly used for studying clinical outcomes of medical care. However, they are 
hardly use in medical education. Connecting the hospital records with AI in medical education certainly 
will provide ample benefits. It is challenging to link these Hospital and medical educational data together 
by using taxonomies, which will then able to discover subtle population patterns and heterogeneities 
that are not possible with small-scale data. 

2 METHODOLOGY 

2.1  Access to clinical data 
Over 5 million of de-identified patient’s record from 2013-2016, validated in ICD-9-CM codes from New 
York State Department of Health Statewide Planning, and Research Cooperative System (SPARCS), 
has been used for this study.  
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2.2 Analysis of the clinical data 
By using natural language process (NLP), AI in the healthcare system can read rapidly expanding 
scientific literature and collate years of various electronic medical records (EMR). These EMR are 
translated into medical codes through the use of the classification structure through particular 
hierarchical medical code set consists of codes, descriptions, and definitions that are designed to 
categorize the type, classification, and specialization of health care providers, named as taxonomies. 
Health care provider must select the specific taxonomy code or code description that determines most 
closely describes their type/classification/specialization. Today we are using the International 
Classification of Diseases Clinical Modification (ICD-CM) 11 Revision in the current practice. ICD-CM 
maintained by the world health organization (WHO), which is the directing and coordinating authority for 
health within the United Nations system. It is designed initially as a healthcare classification system, 
providing a system of diagnostic codes for classifying diseases, including nuanced classifications of a 
wide variety of signs, symptoms, abnormal findings, complaints, social circumstances, and external 
causes of injury or disease. WHO used it worldwide for morbidity and mortality statistics, reimbursement 
systems, and automated decision support in healthcare. If AI can use these EMR details to medical 
education via codes, AI in medical education itself can boost its data warehouse and implement or 
modify the algorithms to brainstorm students' knowledge. Many research have been published regarding 
using these medical codes to medical education, and about the benefits, we can expect from it as these 
codes giving the information related to epidemiology, statistics, claim and administration that provide 
highly reliable population-based estimates of hospitalization rates which we can use to enrich AI-driven 
medical education. 

Currently, there are three major versions of the DRG in use: basic DRGs, All Patient DRGs, and All 
Patient Refined DRGs. Medicare uses DRGs and measures the typical resource use of an in-patient 
stay. AP-DRGs are similar to DRGs; also include a more detailed DRG breakdown for non-Medicare 
patients, particularly newborns and children. The APR-DRG structure is similar to the AP-DRG but also 
measures the severity of illness and risk of mortality in addition to resource utilization.  

These data available is both structured and unstructured. The structured can be analyzed using basic 
algorithms to find interesting patterns. e.g., patient Diagnosis, Procedure, Demography, clinical 
outcomes, discharged details. On the other hand, unstructured data is analyzed using complex 
algorithms in order to find exciting patterns, e.g., Conversations, medical claim. 

2.3 Development of potential educational scenarios 

2.3.1 Tag DRG data to medical curriculum 
The curriculum from a medical school in Singapore was used to explore how to use the clinical data in 
AI-driven ME (Table 1). We tagged both DRG implicit data from NY State hospitals to the medical 
curriculum that systematized to Themes, Fundamentals, FU and LOS.  

Fig 1. Epidemiological and Surveillance data of Heart Failure (Extracted from NY state Hospitals database) 

Age 
Group Gender Ethnicity 

CCS 
diagnosis 

code 

CCS 
diagnosis 

description 

CCS 
Procedure 

code 

CCS 
Procedure 
Description 

APR 
Severity of 

Illness Code 
APR Risk 
of Morality 

18-29 F Black/ 
African 

108 Congestive 
Heart Failure 

216 Resp Intub/ 
Mech Ventil 

4 Severe 

50-69  White 108 Congestive 
HF 

0 No Proc 1 Moderate 

70 or 
Older 

M White 108 Congestive 
HF 

193 Diagnostic 
USS-Heart 

2 Moderate 

Table 1. Analysis of the Medical Curriculum Structure.  

Theme Fundamental Fundamental Unit (FU) Learning Outcome (LO) 

The scientific 
basis of medicine 

Structure and function of 
the human body in health 

Cardiovascular System Recognize the etiology, 
characteristics, complications, and 

prognosis of common presentations 
of Heart Failure 
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2.3.2 Designing structure of curriculum  
Foundation of medical educational program lean on three interrelated and constitutes pillars. (LO, 
Instructional methodology & Assessment and evaluation) This could achieve by designing LOs, 
Assessments using these clinical data.  

E.g.: List the conditions with highest re-admission rates (LO in Cardiovascular) 

Condition Case measures Rate 

Heart failure (HF) 387 24.4 

Acute Myocardial Infarction (AMI) 399 17.9 

3 RESULTS 

3.1 Clinical Data Set Characterization  

3.1.1 Population-level data 
We can use this clinical data as a public health monitoring/surveillance tool, where the emerging data is 
consistent with the general population health, epidemiology and claim. 

3.1.2 Patient-level data 
DRGs measure case mix for inpatient admissions. Six dimensions of case mix include some other 
technical innovations especially were included in the Ninth Revision, aimed at increasing its flexibility 
for use in a variety of situations. The severity of Illness. The extent of physiologic decompensation or 
organ system loss of function. 

Risk of Mortality. Likelihood of dying. 

Prognosis. The probable outcome of illness including the likelihood of improvement or deterioration in 
the severity of the illness, the likelihood for recurrence, and the probable life span. 

Treatment Difficulty. Patient management problems, which a particular illness presents to the health, 
care provider. Such management problems are associated with illnesses without a clear pattern of 
symptoms, illnesses requiring sophisticated and technically challenging procedures, and illnesses 
requiring close monitoring and supervision. 

Need for Intervention. Consequences in terms of severity of illness that lack of immediate or continuing 
care would produce.  

Resource Intensity. The relative volume and types of diagnostic, therapeutic, and bed services used in 
the management of a particular illness. 

Here is an example from NY database for 2016 where epidemiology, disease surveillance and claim 
data for certain diseases, provides knowledge about hospital management. These areas could be 
missed in curriculum teaching and students will only learn it once they have started there clinical years. 

Table 2- DRG for top 9 conditions in 2016 which allied with a number of the patients, Average charge 
and cost and sum of all charges (billing) and the average length of stay 
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3.2 Potential use of real clinical data in AI enabled medical education 
applications 

3.2.1 Enrich Medical Educational Data Warehouses  
Clinical data + Medical Education Data = Data warehouse to the training of AI in Medical Education 

New clinical data set will help to enhance the existing educational data by providing novel big data set. 
It can identify new algorithms and gaps amongst existing algorithms and shape up the AI in Medical 
education. 

3.2.2 Bridge the gap between academic and clinical practice 
At the end of their undergraduate studies, students who are graduating often have limited knowledge 
about medical management. EHRs (Electronic health records) in the healthcare context analyses clinical 
data by using ICD codes. So, it certainly has the potential to fill knowledge gaps about healthcare 
expenditures, the benefits, and risks of procedures, geographic variation and environmental health 
influences, the risk of mortality, the severity of illness. 

3.2.3 Analyze practice data to identify and prioritize 
When analyzing these data, we can identify the areas in healthcare where educational interventions 
could improve the quality of care and thereby revise the medical curriculum to address those 
insufficiencies accordingly. 

E.g., highest mortality rate expresses the poor outcome. (Table 3) 

 

Highest mortality rate APR-DRG Codes for 2016 will provide some essential details about the area in 
healthcare where should emphasis further to improve the quality of care for the patients. As there is a 
robust linkage between healthcare and medical education, by altering medical education content by 
implementing new strategies will undoubtedly shape up the deprived areas in the healthcare context 
ultimately. 

Poor outcome=less care 
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Table 3-Top 10 highest mortality rate data extracted from NY state database. 

 

3.2.4 Address novel learning outcomes in the undergraduate medical program 
Apart from epidemiological and statistical data, ICD provides the information on hospital expenditures 
including claim data and other administrative data in which AI can gather more practice-based data to 
the curriculum. 

E.g., Knowledge of hospital management (Table 2) 

By pouring more actual clinical data to curriculum, AI itself can form relations and implement or amend 
algorithms to align with healthcare and educational goals.            

3.2.5 Data for research on AI in medical education 
Clinical data is a staple resource for Medical research. Since this vast database is providing more data 
to AI-driven Medical education, it will provide more opportunities for researchers to gather information 
for their researches. 

Current health care research does not adequately identify the most effective treatment/ procedures in 
real-world settings. To deliver better clinical outcomes, we need to understand the complex interactions 
of everyday clinical choices made by thousands of clinicians and millions of patients. So, NY database 
allows us to efficiently access the experience and related outcomes of millions of clinical decisions which 
probably helps students/researchers to implement / Change the research areas, especially in 
comparative clinical effectiveness research. 

It can also provide a widespread global virtual Centre for evaluating the clinical data. 

3.2.6 Enable the use of AI in continuing medical education 
Changing the content and quality of the Medical curriculum is needed for continuing medical education 
along with new inventions and technology. AI plays an essential role in strengthening the curriculum by 
delivering profound clinical and tutorial knowledge via collaborating data from Medical education and 
actual clinical data. It makes the curriculum to build afresh and advance critical thinking and decision-
making of the students in their life long clinical reasoning pathway. 

If AI in medical education can provide information regarding epidemiology, statistics, claim, 
administration before their clinical postings, students can prepare early and uphold and seek more 
knowledge once they started their clinical s. Even shape more confident in learners when they face real-
life situations. 

AI itself can track learner's behavior, outcomes, and performances and assist learners to improve 
individually and guide them for their lifelong education. It assists them to choose available carrier 
choices. 

4 DISCUSSION 
The primary goal of AI in medical education is to produce physicians/ general practitioners who can 
deliver high quality healthcare services. In order to extend the goal of medical education, digital 
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technology and machine learning undertaking the remarkable effort. As its functionality depends on data 
warehouse and using real clinical data is essential to improve the AI in medical curriculum as medical 
education without any real proven data is no use, building such association between medical education 
and healthcare system is required. The patient data exist as medical codes for billing and reimbursement 
purpose in the healthcare system, contain abundant data relevant to epidemiology, statistic, claim, 
reimbursement, administrative, etc. and using those to enrich the AI in medical education is feasible by 
aligning ICD-9-CM codes with a well-organized medical curriculum. Our study has shown that there is 
an educational value in leveraging de-identified patient data. The potential areas of implementation are 
numerous, from the clinical years in the undergraduate studies to lifelong learning. This applies to all 
health professions and in interprofessional education. 
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