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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
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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

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

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

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

Patients with little data are hard to classify

Natural Language Processing increases precision
in some disease phenotypes — but not all



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 Average Importance
calculation of a “loyalty cohort” which is a set of P . A
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Blue is the original regression equation; red is after retraining.



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 T e
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Use supervised algorithms to extract

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

Normalization
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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

True Positive Rate
883885

True Positive Rate
§ 888853
True Positive Rate
885

lllllllllllllllllllllllllllllllllllllllllllllllllll

Step 2: Random

Accuracy improvement Corruption Denoising/

J Am Med Inform Assoc. 2018 Jan 1;25(1):54-60. dei: 10.1093jamia/ocx 111

Enabling phenotypic big data with PheNorm.
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Keser and Komap computed phenotype pipeline

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

Knowledge Graph Derived from EHR Al/ML Generated Probabilistic Models Computed Medical Conditions in i2b2
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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

Validation Scores by Model
working properly

PheNorm_NLP 1

A validation strategy is constantly in motion
with the Digital Twin, assuring that there is as
little “drift” in accuracy as possible
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Enclave enables Digital Twin to empower Studies in
Learning Healthcare System and Protect the Patient Data

Hospital Digital and loT
systems continuously
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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




—-

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
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Atlases provide a visual guide for Radiology
Decision Support, such as determining Perinatal
Hypoxic Ischemic
Encephalopathy
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.
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ADC map

ADC map from 4 infants:
Each statistically compared
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visual guide to pathology e e £y
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Quantitative analysis <‘Qi§”
tools + large data sets

Z-map cut off at : 2
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Sandbox for hosting Digital Twin

GitLab

Network Boundary of Trusted Research Environment

Investigators

\

o Investigator-
Specific
Calculations

o Investigator-
O Specific

Calculations

a Computable
o Phenotypes

Calculations

Clinical Data Hub

EHR Data

V]

Research Prepared Data

LLM Derived Outcomes

« Computed Phenotypes

Multimodal Integration

Indexed Notes

Repository

Unstructured Data Hub

Indexed VCF

Genomics Data Hub

Indexed

}
i Quantitative
Imaging
| Y

Image Data Hub

Data

Harmonization

External Data
Integration (often
clinical trial data)
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Digital Twins allow us to engage with Clinical Trials in new
ways:

Real Patients — data collection S S S S e e S e s

Extend Clinical Trial with Digital Twins

Real Patients — case data collection

® 00 000 00 0000000 00000 00 0 00 00 00
ada oo OAodOoacs oA OAoadaoacs Do

Use Digital Twins for control arm of Clinical Trial

time
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Optimized approach to finding the right patients

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

MGB On-Premise

MGB Azure Tenant

A

Unlu, et al. NEJM Al. 2024;1(7)
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Chart Review supported by Large Language Models

a I|I" "
Discharge Summary Answer the following yes/no question. Does Model Outputs
the following discharge summary mention
uterine atony during the current delivery?

note: < note text =

Uterine atony

Uterine rupture

BRIEF RESUME OF HOSPITAL
COURSE

31 yo G4P4 admitted in

Answer the following yes/no question. Does
| the following discharge summary mention the
procedure curretage (D&C) during the

Placenta previa

active labor at 4042 whs. current delivery? Misoprostol
Progressed to 5VD of liveborn \ note: < note text = y .l
male infant. PP course Carboprost

complicated by PFH, uterine
atony, and total EBL of
approx. 2 L. Her hemaorrhage
resolved with DEC and
placement of a Bakri balloon.
Post-operatively, .

Extract the estimated blood loss (EBL) in
the following discharge summary. If you

cany't find the answer, please respond
"unanswerable"”.

note: < note text =
M A

—_————

Additional Prompts .

WX XXX

Dilation & curettage

Estimated blood loss 2 liters

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”
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Echocardiogram in
L im‘ System Prompt Question
Heart Failure in
Problem list and
diuretic in last 2 yrs.
PCP Or Cardiologist
office visit in last 2
yIs.
Alive and <
Age >=18 and <=90 Final Prompt
v Doss the paticat have ose o moee of the following beart failure symptoens: dyspnes, sh of beeath,
Organ transplant fatigue, orthopnea, lower extremity edema, paroxysmal noctumal dyspnea”
amyloid, VAD, 1. {'content: "She is currently wearing a Holter monitor. Pulmosary history: 73 y.o. female referred for
chronic kidney disease mlmofﬂmdhwhSkhsnnwdwﬂhmmubkfaMm(dmdw
stage4inp‘roblem]ist XXXX) states post radiotherapy and 2 "_ ﬁ' nxx'/XXXX).lldaotberlpy
or encounter codes and adjuvant tamoxifen, -ml mned&hnlhmon d
diastolic heart failure, mild mitral regurgitation. Hashommo(mhweambemmmmmh
v as climbing stairs. In the past year preceding initial pul y evaluation, she bas d sh
lish and of breath lting from only | ion. She required a few mi ufmtlom:hhabmﬂh
Eng ; after walking into the office from the parking lot. Denices wheezing, chest t ", "source’:
Spanish speaking Mmmcx)ooctxxxxxmmxxmxxxxxx -noteid- XXXXXXXXXXX tx'}
Yes -~ 2. {'content’: ‘Chromic diastolic heart failure She notes persi dyspnca on ion as well as

Last SBP >= 90

incremental weight gain from 145 pounds 10 156 pounds. | am concerned this may be related 10 water

mwmmlmpmh«uﬂ-lorm:fuImhlow-doocmngdmlybmummmh
her condition. If so she would neod to be on long-term daily diwrctics. E hyp Her Vector
bome blood p log is acceptable. She will continue oa her valsartan and metoprolol. We will Database Note
nlkewdunguhdly.kﬂmhlboﬂ6umﬂhs(mndXX/XXfXXXX)..W:
data PMRNXX XXX XXX potes/prm-XXXXXXXXXXX-noteid- XXXXXXXXXXX txt' Chunks
Last EF <50 and 3. ('content: *She tells me that since her PCP stopped metoprolol (duc to thowght that it was
not all on 4 pillars contributing to her dyspaca), she has noticed a mild tremar in ber hands sad arms, | advised ber to
# follow up with PCP regarding this. She has a litle pain to ber left ankle, which is worse upon
paipation and mildly swollen (though she feels this has improved today), she is unsure if she injured
Last EF >=50 and this at some poant. Review of Systems Constitutional: Positive fnrmnlnsdﬁupe Cardiovascular:
: Pwmfadywmamquwnfmchulm & cy cgular heartb Retrieve 3 relevant
not all on SGL2i ity 3 R il s e i g
¢ Respimtory: Negative. Ne;lwefoteou# Musculoskeletal: Positive for joint pain. Allo\het <
systems reviewed and are negative.', ‘source”: "datay PMRN XXX XXX XX XX X/notes/penrn-
‘ GDMT E].igible ‘ XOOCXXXXXXX-notcad-X XXX XX XXXXX '}
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Performance PPV

Positive Predictive Value (Precision)

* *
100% 1
75%
[b)
o)
48]
—
C
8 50%
el (=]
0
o
25%
0% -
i ] ] L} i 1 [} i L] ] ] [ i
Symptomatic Active Dialysis Congenital Ventricular Pregnant Hypertrophic Group 1 Histary Amyloid End-of-life Severe AS Type 1 DM
HF Chemo Heart Assist ar cardiomyopathy PAH of ar heart care or or Al
@E M Device breastfeeding plan for disease hospice
NE] transplant
Al DOL: 10.1056/Ai0a2400181
I recTiFer [ study Staff
ORIGINAL ARTICLE
Retrieval-Augmented Generation-Enabled GPT-4
for Clinical Trial Screening
E—

Ozan Unlu @, M.D.,'*>* Jiyeon Shin @, ALLM.,* Charlotte J. Mailly @, B.A.,'* Michael F. Oates @,'*
Michela R. Tucci @, M.P.H.," Matthew Varugheese @, M.S.,! Kavishwar Wagholikar ®, M.BB.S., Ph.D. '

Fei Wang @, M.Sc.,'* Benjamin M, Scirica @, M.D., M.P.H.,'** Alexander J. Blood @, M.D., M.Sc.,'** and
Samuel J. Aronson @, ALM., MA®




Registry Creation with Agentic Al 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

Invalid Annotations:

Process:

Run Annotation

\b(stage\s*(I1] 11| 2)(?:[b]?))?\ Validation Pipeline

s*(melanoma | (?:malignant
)?melanoma)\b

* Corresponding regex (rule ID)

* Note | D demonstrating the error
* Optional reason for invalidation
given by LLM

(Python or Java, use
remote or local LLM
instance)

For each annotation:
Prompt: is the identified
melanoma staging correct?
provide reason if not, etc...

Ollama + Llama3

Outcome: Query-ready staging facts for Multiple Cancer Types

=)

l

24



Cancer staging for multiple cancer types

Terms -~

P
]

A,
/ = | Camputed Phenctypes

- cancers

Melanoma
Breast cance
Prostate cance
Gastroesophagea cancers
Colorectal cancer
Anal cancer
Hepatocellular carcinoya
Pancreatic cancer
Small intestine cancer
Lung cancer (any histology)
Lung non-small cell carcinoma(NSCLC)
Lung small cell cancer (SCLC)
Large cell neuroendocrine carcin
Mesothelioma

Ovarian cancer

Endometrial cancer

Cervical cancer

Vulvovaginal cancer

- hMelanoma

=)

\

- Melanams Staging
= 5l Clinical Stage

Stage group O

Stage group 1A
Stage group 1B
Stage group 1A
Stage group 1B
Stage group

Slage group IV

= ol Pathological Stage

Stage group 0
Stage graup 1&
Stage group 1B
Stage group 1A
Etage group B
Etage group G
Etage group A
Etage group 1B
Stage group G
Stage group D
Stage group 1Y

s
ar

Ary Category = (L)

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

Gl Neuroendocrine cancer
Non-Hodgkin's lymphoma

Soft tissue sarcoma

Bone cancer

Brain cancer (any histology)
Lymphoma (any histologic type)
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Orchestrated Development of Digital Twin

Molecular Cellular Tissue Organ  System Patient Population
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Opportunities for Condition Specific Data D

correspondence

Digital twins for predictive oncology will be a
paradigm shift for precision cancer care

To the Editor — In medicine, digital
twin models use real-time data to adjust
treatment, monitor response and track
lifestyle modifications. Similarly, cancer
patient digital twins (CPDTs) use emerging
computing and biotechnologies to build

in silico individual representations that
dynamically reflect molecular, physiological
and lifestyle status across different
treatments and time. We propose a CPDT
framework with a continuous life cycle for
shared decision-making (Fig. 1).

The proposed CPDT framework
integrates individual-level data, such as
proteome and clinical characteristics,
with other factors like cli I trials and
population studies to create a multiscale
and multimodal data set for model training,
To ensure rapid and comprehensive
data integration, data must be captured
under FAIR (Findabil i
Interoperability, Reusabil
and across diverse populations to make sure
that all patients equally benefit"

A revolutionary concept of the proposed
CPDT will be its ability to bridge size and
time scales of biological organization to
address changes spanning the full patient
experience, from the molecular level over
nanoseconds to the population levels across
decades. As a patient’s physical state evolves,
their CPDT must incorporate observational
data to represent the patient’s current
state and reliably forecast future state
transitions. A range of multiscale models
exist for various cancer-related processes.
The envisioned CPDT will need to connect

ing
s for simulation, model inference,
data assimilation and high-performance
computing to build and test real-time,
dynamic models at scale’. Throughout
its development and once it is complete,
techni tion and rigorous software
engineering best practices will be critical
to ensuring that the future CPDT system is
trustworthy”.

Extending current, focused pilot studies
that use mathematical models to predict and
plan therapy’, it is envisioned that clinical
teams will use future CPDTs to perform
virtual experiments, by simulating the model
forward in scenarios without treatment,
under the current standard of care and
under treatment variations. Each simulation
will predict a trajectory for the patient’s
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Fig. 1| The Cancer Patient Digital Twin life cycle. The CPDT is envisioned to have a real-time, dynamic

life cycle with multiscale/multimodal

model d inference.

Advanced computing will be used to create Pl

statistical, ic and Al

models. CPDT predictions based on virtual experiments will be integrated into medical workflows for

patient decision making and continuous learning,

cancer under one of these options. At each
clinical encounter, the previous forecast for
the chosen treatment will be compared to
the patient’s newest measurements to assess
the performance of the digital twin. The new
measurements will then be assimilated to
update the patient’s CPDT, and the process
will begin anew. CPDTs must be seamlessly
integrated into medical workflows to achieve
cli 1 utility by enabling the doctor and
patient to explore treatment options with
intuitive visualizations. Dashboards need

to be optimized so as not to burden the
clinician or interfere with patients’ care

experiences.
When fully realized, CPDTs will usher
ina new age in medicine by increasing the
probability that the optimal treatment will
be chosen each time. The optimality criteria
will be chosen to include the patient’s care
goals as well as objective dlinical endpoints.
Equal and equitable CPDT performance
across diverse populations is crucial to
their successful integration into clinical
practice. CPDTs are susceptible to hiases
when learning from potentially biased data,

reflecting existing healthcare systems that
are rife with inequalities”. Tight controls
and rigorous standards are thus necessary to
ensure CPDTs do not reinforce pre-existing
biases™’

CPDTs start with a patient model
template that is based on retrospective
data and a continuous learning process.
Continuous learning maximizes predictive
capacity while accounting for uncertainty
and variability in measurements, missing
data and incomplete mechanistic knowledge.
The systematic accumulation of CPDTs
fram real-world deployment will enable
cohorts of hundreds or thousands of CPDTs
that may be used for in silico clinical trials
and population studies. Although key
technologies and data are rapidly evolving,
significant hurdles remain (Table 1).

An example of a CPDT could involve a
patient with acute myeloid leukemia (AML)
who received a hematopoietic stem-cell
transplant from an matched donor. For
patients whose disease relapses, the best
treatment plan may involve combinations
of drugs and immunotherapies at multiple
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ABSTRACT

Introduction: The objective of this study was to
examine changes in hemoglobin Alc (HbAlc),
anti-diabetic medication use, insulin resistance,
and other ambulatory glucose profile metrics
between baseline and after 90 days of partici-
pation in the Twin Precsion Nutrition (TPN)
Program enabled by Digital Twin Technology.

Methods: This was a retrospective study of
patients with type 2 diabetes who participated
in the TPN Program and had at least 3 months
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of follow-up. The TPN machine learning algo-
rithm used daily continuous glucose monitor
(CGM) and food intake data to provide guide-
lines that would enable individual patients to
avoid foods that cause blood glucose spikes and
to replace them with foods that do not produce
spikes. Physicians with access to daily CGM data
titrated medications and monitored patient
conditions.

Results: Of the 89 patients who initially
enrolled in the TPN Program, 64 patients
remained in the program and adhered to it for
at least 90 days; all analyses were performed on
these 64 patients. At the 90-day follow-up
assessment, mean (£ standard  deviation)
HbAlc had decreased from 8.8 + 2.2% at base-
line by 1.9 to 6.9 + 1.1%, mean weight had
decreased from 79.0 + 16.2kg at baseline to
74.2 + 14.7 kg, and mean fasting blood glucose
had fallen from 151.2 + 45.0 mg/dl at baseline
to 129.1 = 36.7 mg/dl. Homeostatic model
assessment of insulin resistance (HOMA-IR) had
decreased by 56.9% from 7.4 £ 3.5t0 3.2 +£ 2.8,
At the 90-day follow-up assessment, all 12
patients who were on insulin had stopped tak-
ing this medication; 38 of the 56 patients taking
metformin had stopped metformin; 26 of the 28
patients on dipeptidyl peptidase-4 (DPP-4)
inhibitors discontinued DPP-4 inhibitors; all 13
patients on alpha-glucosidase inhibitors dis-
continued these inhibitors; all 34 patients on
sulfonylureas were able to stop taking these
medications; two patients stopped taking
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Providing therapies milored to each patient is the vision of precision medicine, enabled by the increasing ability to capture extensive data
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a roadmap Body level
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Digital twins, customized simulation madels pioneered in industry, are beginning to be deployed in medicine and healthcare, with
some major successes, for instance in cardiovascular diagnostics and in insulin pump cantrol. Perscnalized computational models
are also assisting in applications ranging from drug development to treatment optimization. More advanced medical digital twins

will be essential te making precision medicine a reality. Because the immune system plays an important rele in such a wide range of O rga n " .
diseases and health conditions, frem fighting pathogens te auteimmune disorders, digital twins of the immune system will have an B v B8P/Body Temp DlagnOSIS
espedially high impact. However, their development presents major challenges, stemming from the inherent complexity of the |eve| { o 200

immune system and the difficulty of measuring many aspects of a patient’s immune state in viv. This perspective outlines a
roadmap for meeting these challenges and building a protatype of an immune digital twin. It is structured as a four-stage process
that proceeds from a specification of a concrete use case to model constructions, personalization, and continued improvement.

npj Digital Medicine (2022)5:64; https://doi.org/10.1038/541746-022-006102

INTRODUCTION

Today, nearly every industry that deals with camplex technologies
use sophisticated “digital twin” computer simulations to forecast
how individual pieces of equipment should perform under ever-
changing real-world conditions. For instance, a digital twin of a jet
engine receives continuously updated operational data streamed
over the “internet of things” while the engine is in flight. Any
deviation between the digital twin’s prediction and the actual
engine’s state can provide an early waming of a potential
problem, which can be resolved before it becomes critical/
catastrophic.

The medical analog is only in its infancy. Medical digital twins
could find many uses and take many forms. They could predict
disease trajectories in individual patients, allowing diagnosis
before the onset of serious symptoms. They could be used ta
optimize the timing of suggested medical care and to investigate
the effects of potential treatments in a patient-tallorad manner,
They could help identfy biomarkers or elucidate drug mechan-
isms of action. They could be data-driven or based on mechanistic
computational medels of biclogical function, or a combination of
both, Currently, digital twins of the human heart improve
diagnosis, prognosis, and therapies’”. Automated workflows for
generating cardiac digital twins could serve as a blueprint for the
generation of other types of medical digital twins. Another
example of an operational medical digital twin is the artificial
pancreas that aids Type | diabetic patients in insulin manage-
ment’, Of particular importance are digital twins that capture key
faatures of the immune system, with its ubiquitous influence on
human disease. Being able to predict an individual's immune
response to infection or injury could be lifesaving in many ways,
far instance in designing optimal individualized treatments”,

This perspective describes a high-level outline of a roadmap for
building an immune digital twin (DT), depicted in Fig. 1. It
advacaltes a parinership between the international not-for-profit
scientific community, the commercial sector, and government
funding agencies. Such an approach requires 2 collzborative
infrastructure and broad agreement on the nature of the final
product. For instance, the recently formed European-led DigiTwin
consortium, which includes academic, clinical, and industrial
partners from 32 countries, aims to create digital twins for every
European citizen for a range of conditions”, and could become a
maodel for some aspects of a global consortium for immune digital
twins.

DEVELOPMENT STAGES
The construction of an immune digital twin will broadly follow the
four-stage paradigm for industrial digital twin development (see
Fig. 2).

Stage 1: Define a specific application and construct an
appropriate generic template model

The crucial first step is to determine a specific application of a
personalized immune simulation model. Applications can be
“anline,” e.g, ta predict the efficacy of a particular treatment
based on frequent measurements of a patient’s condition, or
“offline,” eg. to develop novel drugs using simulated patient
populations. Defining the application helps to narrow down the
companents of the immune system to include in the model, and
to define the data available for model construction and operation,
resulting in a generic “specification” of the digital twin design

As there are many patient-specific immune system measure-
ments that are currently infeasible, the choice of application is
cruclal for success.
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Stepwise truction of an IDT

1. Identify the purpose ‘
of the IDT

2. Create a list of all required - 3. Create a conceptual map
components of the immune system (logic diagram)

4. Build and implement an J
executable generic model

8. Perform validation
based on input-output observations ‘

6. Determine input and « 5. Perform uncertainty «
output measurements quantification

t 7. Determine patient-specific »
parameter values

11. Collect individual patient data
for performance improvement

« 10. Perform uncertainty « 9. Calibrate the model to
quantification improve accuracy
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Data Architectures for Integration across Datasets
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Computed Phenotypes
Statistically validated definitions
accurately identify medical
conditions

o

~

Trust in multi-modal Digital Twin unlocks discovery

-
Multi-modal Data

Merge structured EHR data with
unstructured notes, imaging,

J

e
Clinical Context
Understanding metrics and
measures taken in clinical
workflows
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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.
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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
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