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The Learning Healthcare System can be enabled by the 
Digital Twin

The Digital Twin in healthcare has its roots originating in mechanical engineering.

The creation of the Digital Twins allows a focus on a calculated in-silico representation 
of an individual who exists in the real world.

The Digital Twin results from high-fidelity computation based upon data from 
interactions with the patient such as clinical visits and laboratory testing.

Calculating a Digital Twin is crucial for Closed-loop systems in the Learning Healthcare 
System



EHR Data Quality Problem

Just because patients have a diagnosis 
code in the EHR, it doesn’t mean they 
have the medical condition.

Clinicians typically enter ICD diagnosis 
codes as “rule-out” codes for certain 
medical conditions like diabetes mellitus.  
They are often necessary to order a test to 
determine if a patient has Diabetes.

This results in “low precision” of ICD EHR 
diagnosis codes.  Electronic queries will 
poorly estimate the number of patients 
with the disease.

For example, the number of patients who 
have type 2 diabetes mellitus can be 
overestimated by 50% or more.

Code for 
(type 2) 
Diabetes

ICD-10
E11

Patients who                 
have Diabetes 

Patients who DO NOT 
have Diabetes

50%

50%

Wei W-Q, et al. J Am Med Inform Assoc 2016;23:e20–e27.



Recall and 
Precision

Recall and Precision measure how well the patient’s 
condition was captured by the algorithm.

Precision measures “of all items labeled by the 
algorithm as positive, how many were actually 
positive?”

Recall measures “of all the actual positive cases, how 
many did the algorithm correctly identify?

There are tradeoffs between recall and precision. An 
algorithm with better recall produces more cases, but  
can produce more false positives. A more precise 
algorithm results in fewer but ‘better’ cases but can 
miss other true positives. 



ICD used for 
public health in 
USA

1. Many ICD codes are sensitive but not very precise 
(do not have high positive predictive values)

2. Higher precision of ICD codes increases with the 
number of ICD codes, but:

3. Patients with many visits/notes have an increased 
chance of incorrect/incidental ICD codes

4. Patients with little data are hard to classify

5. Natural Language Processing increases precision 
in some disease phenotypes – but not all
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The Digital Twin is also important for population studies

Codes assigned for billing and other forms of accounting can be highly inaccurate 
because they follow the nuances of the business of medicine and are not intended for 
population science.

The Digital Twins get calculated in a step prior to population analysis because 
calculations are often nonlinear and need to be validated with high resolution data 
such as the medical chart before they are used.

Digital Twins include a full set of computational phenotypes for disease covariates 
and comparators that can be applied to the individuals in population science.
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To produce a Digital Twin:
 1) Assure data completeness is sufficient

Creation of a Digital Twin is done through 
calculation of a “loyalty cohort” which is a set of 
patients where most of their care is received in the 
hospital system that is used for calculation of the 
twin

Uses parameters such as:
 # of routine care visits
 # of visits with the same doctor
 having a medical exam
 # or medication prescriptions
 having a colonoscopy
 getting a blood test for diabetes (HbA1c)
 etc., etc., etc.

Contribution of each feature, on average across the three sites. 

Blue is the original regression equation; red is after retraining.

Klann, Jeffrey & Henderson, Darren & Morris, Michele & Estiri, Hossein & Weber, Griffin & Visweswaran, Shyam & Murphy, 
Shawn. (2023). A broadly applicable approach to enrich electronic-health-record cohorts by identifying patients with complete 
data: a multisite evaluation. Journal of the American Medical Informatics Association : JAMIA. 30. 10.1093/jamia/ocad166. 
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To produce a Digital Twin
 2) Calculate a large array of phenotypes per individual

Use computation to create large sets of 
phenotypes for every individual within the 
loyalty cohort

Use supervised algorithms to extract 
conditions in the patient that are unique to a 
study and have Gold Standards to rely upon

The use of semi-supervised algorithms allow 
adjustments to be made for each hospital 
environment automatically and reduce the 
need to a-priori require many chart reviews as 
required by the use of  supervised algorithms
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Keser and Komap computed phenotype pipeline

T2DM

insulin

metformin

obesity

glipizide

retinopathy

hypertension

smoker

Feature Weight

Primary features

Type 2 diabetes 0.5804

Utilization ICD Dates -0.3662

Additional top features

metformin 0.0846

Hypertension 0.0615

Insulin pump user 0.0409

Diabetic retinopathy 0.0403

Smoker -0.0228

BMI 30 plus -0.0255

Age 65 plus -0.0366

Female -0.0613

AI/ML Generated Probabilistic Models Computed Medical Conditions in i2b2Knowledge Graph Derived from EHR

AI/ML methods to calculate probabilistic models for 1000+ medical conditions

Accurate 
phenotypes for 

millions of 
patients

Hong C, et al. NPJ Digit Med. 2021 Oct 27;4(1):151 Liao KP, et al. JAMIA. 2019 Nov 1;26(11):1255-1262
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To produce a Digital Twin
 3) Check for accuracy on an ongoing basis

Chart reviews and direct patient confirmation is 
performed in a subset of individuals to ensure 
that  the process of creating the Digital Twins is 
working properly

A validation strategy is constantly in motion 
with the Digital Twin, assuring that there is as 
little “drift” in accuracy as possible

Bias is measured through subgroup analysis

Estiri H, Strasser ZH, Rashidian S, Klann JG, Wagholikar KB, McCoy TH, Murphy SN. An objective framework for evaluating 
unrecognized bias in medical AI models predicting COVID-19 outcomes. J Am Med Inform Assoc. 2022 Jul 12;29(8):1334-1341. 
doi: 10.1093/jamia/ocac070. PMID: 35511151; PMCID: PMC9277645.
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Enclave enables Digital Twin to empower Studies in 
Learning Healthcare System and Protect the Patient Data

Hospital Digital and IoT 
systems continuously 
output Patient Data

Digital Twin of patient enables 
assessment of patient with high-
resolution data from hospital electronic 
health record and instrumentation

System drives Population Studies and Clinical Trial 
feasibility and enrollment Leading to 
Better Learning Healthcare System

FUTURE - Infusion of assessment of patient into 
clinical care

PATIENT STUDIES

Data 
Enclave



Machine Learned Phenotypes

• Abdominal hernia
• Acute bronchitis and 

bronchiolitis
• Acute pancreatitis
• Alcoholism
• Alzheimer's disease
• Aortic aneurysm
• Aplastic anemia
• Atrial fibrillation
• Atrioventricular block
• Autism spectrum disorders
• Basal cell carcinoma
• Bipolar Disease
• Bladder cancer
• Brain cancer
• Breast cancer
• Cerebral aneurysm
• Cholelithiasis
• Chronic pancreatitis
• Chronic sinusitis
• Coronary atherosclerosis
• Crohn's disease
• Deep vein thrombosis
• Depression
• Diverticulosis and 

diverticulitis
• Eating disorder

• Epilepsy
• Gastroesophageal reflux 

disease
• Gout
• Heart valve disorders
• Hyperlipidemia
• Hyperparathyroidism
• Hypertension
• Hypothyroidism
• Insomnia
• Intracranial hemorrhage
• Ischemic stroke
• Leukemia
• Lung cancer
• Melanoma
• Migraine headache
• Multiple sclerosis
• Myocardial infarction
• Neutropenia
• Non-Hodgkin lymphoma
• Obesity
• Obsessive compulsive 

disorder
• Obstructive sleep apnea
• Ovarian cancer
• Pancreatic cancer
• Parkinson's disease

• Peripheral vascular disease
• Pneumonia
• Polycystic ovaries
• Prostate cancer
• Pulmonary heart disease
• Renal cancer
• Renal failure
• Schizophrenia
• Substance addiction
• Suicidal ideation
• Suicide attempt or self-

inflicted injury
• Thyroid cancer
• Tobacco use disorder
• Type 1 diabetes
• Type 2 diabetes
• Ulcerative colitis
• Urinary calculus
• Uterine cancer



Enables pervasive use of Digital Twins for Research Studies
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Digital Twin helps Find “Normal” Brain MRI’s

Ou Y, Zöllei L, Retzepi K, Castro V, Bates SV, Pieper S, Andriole KP, Murphy SN, Gollub RL, Grant PE. Using clinically acquired MRI to 

construct age-specific ADC atlases: Quantifying spatiotemporal ADC changes from birth to 6-year old. Hum Brain Mapp. 2017 

Jun;38(6):3052-3068



Atlases provide a visual guide for Radiology 

Decision Support, such as determining Perinatal 

Hypoxic Ischemic 

Encephalopathy  

ADC map from 4 infants: 
Each statistically compared 
to age matched atlas yields 
visual guide to pathology

Quantitative analysis 

tools + large data sets 

= Great insights for 

practicing doctors
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Sandbox for hosting Digital Twin

OMOP
CDM v5.3

EAV
CDM

Multimodal Integration

Computed Phenotypes

Indexed Notes
Repository

Indexed VCF

EHR Data
Epic

Indexed 
Quantitative 
Imaging

API

API

API

ETL

External Data 
Integration (often 
clinical trial data)

ETL

LLM  Derived Outcomes 

Investigators

Computable 
Phenotypes 
Calculations

Data 
Harmonization

Genomics Data Hub

Unstructured Data Hub

Image Data Hub

Clinical Data Hub

Research Prepared Data
Investigator-
Specific 
Calculations

GitLab

Investigator-
Specific 
Calculations

Network Boundary of Trusted Research Environment

Query 
Visualization
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Digital Twins allow us to engage with Clinical Trials in new 
ways:

Real Patients – data collection

Real Patients – case data collection

Extend Clinical Trial with Digital Twins

Use Digital Twins for control arm of Clinical Trial

time
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Optimized approach to finding the right patients

Unlu, et al. NEJM AI. 2024;1(7)

Why can’t we just use LLMs?

• Cost of computation on millions of patients

• Slow compared to computed phenotypes

• Complex eligibility criteria combine many 
phenotypes and require multiple processing steps

• Uncertain performance on low prevalence diseases

• General LLM issues: hallucinations, values

Combining computational phenotypes and LLMs:

• Use low-cost efficient computational phenotypes to 
quickly narrow population to an enriched cohort

• Refine the cohort using LLMs

• Use LLMs to improve the computed phenotypes



Chart Review supported by Large Language Models

Emily Alsentzer et al
Zero-shot Interpretable Phenotyping of Postpartum
Hemorrhage Using Large Language Models
Nature PJ Digit. Med. 6, 212 (2023). 
https://doi.org/10.1038/s41746-023-00957-x



LLM Enhanced interaction with “RAG” 
Memory



Figure 4. HF 
GDMT criteria



Performance Recall



Performance PPV
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Registry Creation with Agentic AI Processing 
(for truly Big Data)

Example: Extract cancer staging information in a timeline for each cancer patient

Method: Automate Process for using Regular Expressions to extract Staging information from 
Clinical/Pathology Notes

Process:

Outcome:  Query-ready staging facts for Multiple Cancer Types

Identify Relevant Notes
In RPDR database

Create Random Note 
Sample

Document Sample

examples = [
  {
    "string": "stage IIIb malignant 
melanoma",
    "match": [
      {"start": 0, "end": 30}
    ]
  },
  {
    "string": "stage III melanoma",
    "match": [
      {"start": 0, "end": 19}
    ]
  },
  {
    "string": "stage 2 melanoma",
    "match": [
      {"start": 0, "end": 17}
    ]
  }
]RPDR Notes

* Full text search
* Filter by note type, date,

patient cohort, etc.

Top N documents, 
order by SHA(note_id)
for deterministic order

Run Pattern 
Identification Pipeline 
(Python or Java, use 
remote or local LLM 

instance)

Prompt: please identify all phrases
containing melanoma stage values in

the clinical note  

Ollama + Llama3

\b(stage\s*(II|III|2)(?:[b]?))?\
s*(melanoma|(?:malignant 

)?melanoma)\b

examples = [
  {
    "string": "stage IIIb malignant 
melanoma",
    "match": [
      {"start": 0, "end": 30}
    ]
  },
  {
    "string": "stage III melanoma",
    "match": [
      {"start": 0, "end": 19}
    ]
  },
  {
    "string": "stage 2 melanoma",
    "match": [
      {"start": 0, "end": 17}
    ]
  }
]

Ollama + Llama3

Regexulator



25

Melanoma
Breast cancer
Prostate cancer
Gastroesophageal cancers
Colorectal cancer
Anal cancer
Hepatocellular carcinoma
Pancreatic cancer
Small intestine cancer
Lung cancer (any histology)
Lung non-small cell carcinoma (NSCLC)
Lung small cell cancer (SCLC)
Large cell neuroendocrine carcinoma
Mesothelioma
Ovarian cancer
Endometrial cancer
Cervical cancer 
Vulvovaginal cancer

Testicular cancer
Renal cell carcinoma
Renal pelvic and ureter urothelial carcinoma
Bladder urothelial carcinoma
Penile and urethral squamous cell 
carcinoma
Thyroid cancer
Glioma
Ductal carcinoma in situ
Lobular carcinoma in situ
Oropharynx cancer
Hypopharynx cancer
Laryngeal cancer
Oral cancer
Nasal cavity and paranasal sinuses
Salivary gland cancers
Nasopharynx cancer
Ocular melanoma
Basal cell carcinoma
Squamous cell carcinoma
Merkel cell
Meningiomas

Gastrointestinal stromal tumor (GIST)
CNS lymphoma
Thymic cancer
Acute leukemia (AML/ALL)
Myelodysplastic syndrome
Chronic myeloid leukemia
Myeloproliferative neoplasms (MPN)
Chronic myelomonocytic leukemia (CMML)
Multiple myeloma
Waldenstrom’s macroglobulinemia
Hodgkin’s lymphoma
Biliary tract cancers
GI Neuroendocrine cancer
Non-Hodgkin's lymphoma
Soft tissue sarcoma
Bone cancer
Brain cancer (any histology)
Lymphoma (any histologic type)

Cancer staging for multiple cancer types



Orchestrated Development of Digital Twin
Molecular OrganTissueCellular System Patient Population

Infrastructure (On-Prem, Private, Public, Multicloud)

Data (Structrd./Unstructrd/Streaming)



Opportunities for Condition Specific Data Diversity

https://www.ncbi.nlm.nih.gov/pmc/articles/PM

C9097784/

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC75479

35/pdf/13300_2020_Article_931.pdf

https://www.ncbi.nlm.nih.gov/pmc/ar

ticles/PMC7774470/pdf/ehaa159.pdf

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9097784/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9097784/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7547935/pdf/13300_2020_Article_931.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7547935/pdf/13300_2020_Article_931.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7774470/pdf/ehaa159.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7774470/pdf/ehaa159.pdf


https://www.nature.com/articles/s41746-022-00610-z

Opportunities for Multiplanar Data Depth

https://www.nature.com/articles/s41746-022-00610-z
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• Ensure all data is in same time dimension
• Diverse concepts representable
• Progressively higher accuracy overlays in 

same structure
• Very fast lookup with indexes
• Memory for prior extraction by LLM
• Efficient use of context window

Star Schema
for FACTS

Graph DB
for Knowledge

Data Architectures for Integration across Datasets

• Explicit Relationships
• Context Preservation
• Hallucination Reduction
• Multi-Hop Reasoning
• Deterministic Retrieval
• Dynamic Schema
• Explainable AI



Trust in multi-modal Digital Twin unlocks discovery

Multi-modal Data
Merge structured EHR data with 
unstructured notes, imaging, 
genomics, etc. 

Gold Standards
Creation and validation of gold 
standards led by on staff clinicians 
and enabled by LLMs

Computed Phenotypes 
Statistically validated definitions 
accurately identify medical 
conditions

Clinical Context
Understanding metrics and 
measures taken in clinical 
workflows



01 03 04

SECTION 05Tools and resources for data analysis
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02 05

What Are We Afraid Of – Has AI introduced Greater Risk ?

MA Governor William 

Weld



Balancing Competing Priorities

Security & 

Privacy

Equitable 

Access

Scientific 

Utility

Diverse Research Institutions 

Citizen Scientists

Educators

Commercial Organizations

International Scientists
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Mitigating Bias in Digital Twins

Data quality improvement: Cleaning and standardizing EHR data to address missing values and coding 
inconsistencies

Diverse data collection: Ensuring that the data used to train algorithms is representative of the wider 
patient population.

Sensitivity analysis: Evaluating the robustness of the algorithm by testing different feature sets and 
parameter configurations to assure convergence

Fairness metrics: Incorporating metrics to assess the fairness of the algorithm across different demographic 
groups.

Regulation and Data Governance: Ensuring that those who curate and control data sets act in the wider 
public interest. 



Summary

Machine learning algorithms can be effectively and 
efficiently applied to a large populations to 
accurately phenotype patients to produce Digital 
Twins

Validation is critical to ensure the accuracy and 
precision of the unsupervised algorithms.

You need to think through all the steps and 
acknowledge the limits of your algorithms, 
especially when matching performance to 
workload



• Multi-modal Data Hosting
Castro VM, Gainer V, Wattanasin N, Benoit B, Cagan A, Ghosh B, Goryachev S, Metta R, Park 
H, Wang D, Mendis M, Rees M, Herrick C, Murphy SN. The Mass General Brigham Biobank 
Portal: an i2b2-based data repository linking disparate and high-dimensional patient data to 
support multimodal analytics. J Am Med Inform Assoc. 2022 Mar 15;29(4):643-651. doi: 
10.1093/jamia/ocab264. PMID: 34849976; PMCID: PMC8922162.

• Computational Phenotypes
Yu S, Ma Y, Gronsbell J, Cai T, Ananthakrishnan AN, Gainer VS, Churchill SE, Szolovits P, 
Murphy SN, Kohane IS, Liao KP, Cai T. Enabling phenotypic big data with PheNorm. J Am Med 
Inform Assoc. 2018 Jan 1;25(1):54-60. doi: 10.1093/jamia/ocx111. PMID: 29126253; PMCID: 
PMC6251688.

• LLMs
Alsentzer E, Rasmussen MJ, Fontoura R, Cull AL, Beaulieu-Jones B, Gray KJ, Bates DW, 
Kovacheva VP. Zero-shot interpretable phenotyping of postpartum hemorrhage using large 
language models. NPJ Digit Med. 2023 Nov 30;6(1):212. doi: 10.1038/s41746-023-00957-x. 
PMID: 38036723; PMCID: PMC10689487..
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