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Abstract
Digital twin is a new concept that is rapidly gaining recognition especially in the medical field. Indeed, being a virtual 
representation of real-world entities and processes, a digital twin can be used to accurately represent the patients’ disease, 
clarify the treatment target, and realize personalized and precise therapies. However, despite being a revolutionary concept, 
the diffusion of digital twins in type 1 diabetes (T1D) is still limited. In this systematic review, we analyzed structure, 
operating conditions, and characteristics of digital twins being developed for T1D. Our search covered published documents 
until March 2024: 220 publications were identified, 37 of which were duplicated entries; in addition, 173 publications were 
removed after inspection of titles, abstracts, and keywords; and finally, 11 publications were fully reviewed, of which 8 were 
deemed eligible for inclusion. We found that all eight methodologies are not comprehensive multi-scale virtual replicas of 
the individual with T1D, but they all focus on describing glucose-insulin metabolism, aiming to simulate glucose concentration 
resultant from therapeutic interventions. In this review, we will compare and analyze different factors characterizing these 
digital twins, such as operating principles (mathematical model, twinning procedure, validation and assessment) and the key 
aspects for practical adoption (inclusion of physical activity, data required for twinning, open-source availability). We will 
conclude the paper listing which, in our opinion, are the current limitations and future directives of digital twins in T1D, 
hoping that this article can be helpful to researchers working on diabetes technologies to further develop the use of such an 
important instrument.
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Introduction

Digital Twin: Definition and Characteristics

Digital twin is a new concept that nowadays is widely used, 
especially in the medical field. However, despite its occa-
sional adoption since 2002 under other names, eg, “virtual 
twin,” the first official appearance was in 2010 in docu-
ments released by the National Aeronautics and Space 
Administration (NASA), in which a digital twin was 
described as “an integrated multi-physics, multi-scale, prob-
abilistic ultra-realistic simulation of a vehicle or system that 
uses the best available physical models, sensor updates, fleet 
history, etc, to mirror the life of its flying twin.”1,2

Probably, one of the most effective definitions of digital 
twin is the one released by the Digital Twin Consortium: “a 
digital twin is a virtual representation of real-world entities 
and processes, synchronized at a specified frequency and 
fidelity.”3 Therefore, a digital twin is more than just model, 
as it has to be very precise and accurate in describing the 
physical object being twinned, it should be based on past and 
real-time data related to the entity to be described, and it 
should be able to adjust its behavior as new data become 

available.4 As correctly highlighted by Wang and colleagues, 
“a digital twin is not simply a digital clone of the physical 
system. Instead, it’s an intelligent counterpart.”5

The previous definition can be completed by the key 
properties of digital twins:6-8

•• Connected: it requires a network of sensors to get data 
and integrate and communicate these data through 
various integration technologies;

•• Homogeneous: requiring data, it is both consequence 
and enabler of data homogenization and the decou-
pling of the information from its physical artifact 
(anonymization);

•• Reprogrammable and smart: through sensors, artifi-
cial intelligence, and predictive analytics;

https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/dst
mailto:facchine@dei.unipd.it


2	 Journal of Diabetes Science and Technology 00(0)

•• Maker of digital traces: it leaves traces that can be 
used by engineers, eg, to diagnose where the problem 
occurred;

•• Modular: it should be possible to identify poorly per-
formant modules and replace them with better fitting 
ones.

Digital Twin in Medicine and Type 1 Diabetes

Starting from the description provided above and the main 
features/characteristics, it is straightforward to acknowledge 
that the digital twin represents a potential revolution in the 
field of medicine, as a digital twin of the human body or of a 
part of it can provide robust, precise, and effective medical 
services at limited cost, without any intervention on the indi-
viduals, except the need of collecting data.9 Even more 
important in the field of medicine, a digital twin can be used 
to accurately represent the patients’ disease, clarify the treat-
ment target, and realize personalized and precise therapies. 
However, despite being a revolutionary concept, the diffu-
sion of digital twins in medicine is still limited. According to 
Botin-Sanabria et al,10 only 1% of the industrial application 
digital twin–based are in the medicine/health care field. 
According to the authors, the main reasons for such a limited 
diffusion are that gathering and/or using clinical-related data 
is more critical than in other engineering fields because of 
data privacy problems, complexity in creating reliable and 
detailed human models, medical liability, timely feedback, 
and vocabulary ambiguity in electronic medical records.

How does a digital twin in medicine work? Without any 
loss of generality, we can describe it directly by declining the 
digital twin concept into type 1 diabetes (T1D), as presented 
at the Diabetes Technology Meeting 2023,11 which is sche-
matized in Figure 1. Digital twins in T1D require a computer 
model that serves as a “blueprint” to represent a patient with 
T1D. Then, by combining data from various sources, such as 

electronic medical records, genetic information, wearable 
devices (eg, continuous glucose monitoring—CGM—sen-
sors, insulin smart pens, insulin pumps, closed-loop control 
systems, etc), and food diaries (properly processed to com-
ply to the peculiar model input), it is possible to generate the 
digital twin of the T1D individual resorting to a suitable 
twinning procedure that allows personalizing such a blue-
print to the patient. Then, the T1D digital twin can be used to 
simulate/predict different scenarios, such as how a particular 
drug/lifestyle or changes in the treatment regimen might 
affect glucose control, personalize T1D therapy, and train 
artificial intelligence models.

To better understand the diffusion of the development and 
use of digital twins in type 1 diabetes (DT-T1D), we con-
ducted a systematic review to map research in this area.

Methods

Study Design

The primary objective of this review was to identify and 
evaluate currently available methodologies for DT-T1D, 
aiming to understand their operational mechanisms and 
delineate their main characteristics along with their strengths 
and limitations. To achieve this goal, we conducted an exten-
sive literature search encompassing various scholarly data-
bases, including PubMed, Web of Science, IEEE Xplore, and 
Scopus. These databases were selected for their comprehen-
sive coverage of peer-reviewed journal articles and confer-
ence proceedings in the fields of medicine, engineering, and 
computer science, which are pertinent to DT-T1D research.

Search Strategy

The search strategy adopted the following query: (“digital 
twin” OR “replay”) AND “type 1 diabetes.” This query was 

Figure 1.  DT-T1D general schema.
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designed to capture studies that specifically address DT-T1D 
by including also the “replay” keyword to ensure coverage of 
relevant literature exploring simulation-based approaches 
for T1D close to the digital twin concept and rationale. The 
selected timeframe for the search spanned the last 20 years, 
from April 1, 2004, to March 31, 2024, to encompass a sub-
stantial body of literature while focusing on recent advance-
ments and developments in DT-T1D methodologies. Finally, 
we decided to exclude papers written in languages other than 
English, non–peer-reviewed papers, conference abstracts, 
and papers presenting decision support systems for T1D that 
use a digital twin framework as a core component.

Results

The screening process is summarized in the PRISMA 
(Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses)12 flow diagram shown in Figure 2.

Comprehensively, 220 publications were identified, 37 of 
which were duplicated entries. In addition, 173 publications 
were removed after inspection of titles, abstracts, and key-
words. Consequently, 11 publications were fully reviewed, 
of which 8 were deemed eligible for inclusion. Particularly, 
we excluded the following three works: (1) Patek et al,13 (2) 
Diaz et al,14 and (3) Silfvergren et al.15 Briefly, we excluded 
(1) because it represents an old version of an already included 
work (ie, the method of Hughes et al16), (2) because it pre-
sented a decision support system for T1D that uses the digital 
twin framework as one of its core components, and (3) 

because it involved healthy people and people with type 2 
diabetes rather than people with T1D.

The eight DT-T1D methodologies selected through the 
procedure are not comprehensive multi-scale, from cellular 
to whole organism complexity, virtual replicas of the indi-
vidual with T1D. Instead, these methodologies are the tools 
that focus on describing the dynamics of glucose-insulin 
metabolism, aiming to simulate plasma glucose concentra-
tion resultant from therapeutic interventions, such as altera-
tions in carbohydrate intake during meals, insulin dosage 
administered throughout the day, and physical activity.

Below, we compared and analyzed different factors 
which, following our expertise, condense both the operating 
principles and the key aspects for practical adoption of the 
included studies.

Comparison of Considered Digital Twins in  
Type 1 Diabetes Operating Principles

As summarized in Table 1 and analyzed below in details, we 
described each work in terms of four factors that condense 
their operating principles:

•• the mathematical model used to represent the sub-
ject’s digital twin;

•• the adopted twinning procedure;
•• the procedure used to validate the proposed DT-T1D;
•• the presence of results aimed to compare the proposed 

DT-T1D vs other state-of-the-art methods.

Figure 2.  PRISMA flow diagram of the article selection process.
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Model.  Trivially, a fundamental aspect that characterizes a 
specific DT-T1D framework is the mathematical model 
employed to represent the glucose-insulin dynamics of peo-
ple with T1D and obtain their digital twin. We found that 
three out of eight (37.5%) DT-T1D methods16,17,25 used a 
composite model of glucose-insulin kinetics with the Berg-
man’s minimal model18 at its core, two out eight methodolo-
gies (25.0%)23,31 used the model of Dalla Man et al,24 one out 

of eight works (12.5%)33 used the Resalat et al’s32 model, 
and two out of eight works (25.0%)29,30 used a custom 
description of T1D physiology.

Twinning procedure.  Regarding the employed approach to run 
the twinning procedure, this aspect is tied to the model used 
to create the digital twin. Indeed, the chosen model identifi-
cation technique is not universal and it is selected to be 

Table 1.  Summary of Factors That Describe the Operating Principles of Included DT-T1D Methodologies.

DT-T1D 
method Model Twinning procedure Validation process

Comparison 
with other 

methodologies

Cappon 
et al17

Composite model of 
previous works18-21

Identification of a subset of most 
relevant model parameters via Markov 
Chain Monte Carlo

Tested the ability to replay 
ground-truth data generated 
using the UVa/Padova T1D 
Simulator (version 201822) when 
the meal/insulin regimen used 
for twinning is altered

Compared with 
Hughes et al16

Colmegna 
et al23

Model of UVa/Padova 
Simulator (version 
201424)

Identification of a subset of most 
relevant model parameters along with 
a variability component that captures 
daily variations in insulin sensitivity via 
Maximum A Posteriori regression

Tested the ability to replay 
ground-truth data generated 
using the UVa/Padova T1D 
Simulator (version 201424) when 
the meal/insulin regimen used 
for twinning is altered

No

Deichmann 
et al25

Composite model of 
previous works,18,26,27 
and a custom model of 
physical activity effect

Identification of a subset of most 
relevant model parameters via 
Maximum Likelihood (least squares) 
regression

Tested the ability to replay 
ground-truth data generated 
using the UVa/Padova T1D 
Simulator (version 200728) when 
the meal/insulin regimen used 
for twinning is altered

No

Goodwin 
et al29

Transfer functions of 
meal and insulin to 
glucose summed to 
an envelope of low-
order-model responses 
capturing model 
uncertainty

Identification of transfer function 
poles and gains as those minimizing a 
custom cost function

Tested the ability to predict 
single-meal scenarios in a 
controlled clinical trial setup

No

Haidar 
et al30

Haidar et al30 Model parameters identified via Markov 
Chain Monte Carlo

No. Just tested the ability to fit a 
set of real glucose traces

No

Hughes 
et al16

Composite model of 
previous works,18,19 
and a custom model of 
meal absorption

Two steps: (1) Identification of a subset 
of most relevant model parameters 
via Maximum Likelihood (least 
squares) regression and (2) model 
residual error is fit by deconvolution 
to explain and represent unmodeled 
phenomena

Tested the ability to replay 
ground-truth data generated 
using the UVa/Padova T1D 
Simulator (version 201822) when 
the meal/insulin regimen used 
for twinning is altered

No

Visentin 
et al31

UVa/Padova T1D 
Simulator (version 
201424)

Model parameters identified via 
Maximum A Posteriori regression

No. Just tested the ability to fit a 
set of real glucose traces

No

Young 
et al16

Resalat et al32 Before exercising, the patient is 
matched to a virtual patient of an 
existing virtual population32. The 
digital twin is the virtual patient with 
the closest simulated glucose trace in 
the 4 hours preceding each exercise 
session

No No

DT-T1D methods are reported in an alphabetical order.
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compatible with the peculiar model structure and deal with 
potential model identifiability issues. We found that two out 
of eight (25.0%) DT-T1D used Markov Chain Monte Carlo–
based techniques,17,30 two out of eight (25.0%) opted for a 
Maximum A Posteriori regression algorithm,23,31 three out of 
eight (37.5%) used a Maximum Likelihood (least squares) 
regression approach,16,25,29 whereas the method of Young 
et al33 twinned each patient by simply matching him/her to 
the virtual patient of an existing virtual population32 who 
exhibits the most similar glucose trace in a specific before-
exercise time window.

Validation process.  The validation procedure of a DT-T1D is 
far from trivial. The most common and accepted approach, 
which is adopted in four out of eight (50%) DT-T1D meth-
odologies,16,17,25,23 relies on the use on synthetic data sets 
generated using sophisticated simulators which integrate 
maximal models of T1D glucose-insulin physiology.24,26,34,35 
At first, these simulators are used to establish a starting 
point scenario, against which the fitting performance of the 
DT-T1D can be evaluated. Afterwards, the simulators are 
used to produce different scenarios, which serve as new ref-
erence points to test the DT-T1D’s ability to accurately rep-
licate them. This solution is the only one that allows 
obtaining the glycemic ground truth resulting from an alter-
ation of the original treatment regime. Following a different 
direction, we found that only one out of eight (12.5%) DT-
T1D validated their results using real data.29 Particularly, 
they used data collected in a two-week at-home study where 
subjects were asked to have standardized breakfasts but 
with different insulin therapy regimes. However, given the 
many factors that can perturbate glucose levels over these 
two weeks,29 limited to qualitatively evaluate whether the 
replayed glucose traces were “biologically consistent” with 
those observed during the trial. Finally, two out of eight 
(25.0%) methodologies31,30 just compared the quality of 
data fit and model parameter distributions obtained after 
twinning without actually challenging the system to repli-
cate different therapy regimes, whereas Young et al33 did 
not assessed the DT-T1D per se, but they only evaluated the 
performance of a decision support system for exercise man-
agement having the proposed DT-T1D as core component.

Comparison with other digital twins in type 1 diabetes method-
ologies.  Finally, a fundamental aspect in analyzing the per-
formance of a DT-T1D framework is comparing the reported 
results with those obtained from other similar approaches to 
demonstrate the novelty of the proposed methodology, its 
strength and weaknesses, and, ultimately, its potential 
impact. Of note, as summarized in Table 1, we found that 
only Cappon et al (ie, one out of eight [12.5%]) compared 
their DT-T1D framework against other state-of-the-art 
approaches, ie, the method of Hughes et al.16

Comparison of Key Factors for Practical Adoption 
of Digital Twins in Type 1 Diabetes

When reviewing new technologies for health care as 
DT-T1D, it is important to consider factors able to qualita-
tively evaluate their practical use. Indeed, useless to say, if a 
new methodology is hard to be replicated and/or it requires 
data that are difficult to be collected, such as plasma samples, 
to function, its potential for adoption within the health care 
system may be severely limited.

To this aim, as reported in Table 2 and discussed in detail 
below, for each included work, we identified four key aspects 
that, based on our experience, are desirable when using 
DT-T1D as tools to both evaluate and/or design new thera-
pies and methodologies for T1D management:

•• the possibility to represent and replay physical 
activity;

•• the possibility to represent and replay psychological/
social factors;

•• the data that are required to create the digital twin, ie, 
to run the twinning procedure;

•• the availability of the proposed work as an open-
sourced software package.

Possibility to represent and replay physical activity.  Physical 
activity has a major impact on glucose concentration thus 
requiring people with T1D extra attention in order to keep 
it in the normal euglycemic range before, during, and after 
activities. As such, adopting a DT-T1D that incorporates a 
model of physical activity capable of capturing and repli-
cating its impact on glucose levels certainly enhances its 
practical utility. However, we found that only two out of 
eight (25.0%)25,33 methodologies integrate this functional-
ity. Specifically, drawing from the research of Roy et al,36 
Breton et al,37 and Lenart et al25, Lenart and Parker38 used a 
physical activity model driven by accelerometer data counts 
to detect movements, correlate them with physical activity 
intensity, and trigger an increase in insulin sensitivity, glu-
cose uptake, and glucose production. In contrast, Young 
et al33 employed the model proposed by Resalat et al,32 
leveraging changes in heart rate relative to a baseline value 
to induce similar effects.

Possibility to represent and replay psychological/social fac-
tors.  Psychological and social factors are well-known to 
influence glucose control, playing a significant role in the 
overall management of T1D. Unfortunately, our review 
revealed that none of the eight identified DT-T1D models 
incorporate these critical aspects. This gap highlights an 
important area for future research, suggesting that integrat-
ing psychological and social dimensions into DT-T1D could 
significantly enhance their effectiveness. Addressing this 
deficiency opens new perspectives and opportunities for 



6	 Journal of Diabetes Science and Technology 00(0)

improving the holistic management of T1D through more 
comprehensive and inclusive modeling approaches.

Required data for twinning.  As anticipated, the type of data 
necessary to run the twinning procedure and create the digital 
twin plays a fundamental role for the practical use of DT-T1D 
frameworks. Indeed, such data should be easily obtainable 
and as much as possible reliable in order to avoid generat-
ing wrong replicas of the individuals with T1D. Driven by 
this rationale, we found that most of the included method-
ologies—ie, six out of eight (75.0%)16,17,25,23,29,33—operate 
using easily accessible information, ie, glucose data col-
lected from CGM, meal logs, insulin recordings, and accel-
erometer/heart rate signals measured with a physical activity 
tracker, whereas the remaining two methodologies31,30 require 
to invasively collect plasma glucose and plasma insulin sam-
ples, limiting their broad practical adoption.

Open-source availability.  Finally, in our evaluation, we 
assessed if the DT-T1D systems under consideration were 
available as open-source software, as this aspect promotes 
transparency, accessibility for health care organizations 
with limited budgets, and customizability for tailoring 
them to specific needs and workflows. However, only two 
out of eight (25.0%) DT-T1D systems17,16 were found to 
be open-source. This limitation underscores the need for 
greater availability of open-source solutions in this 
domain.

Current use of Digital Twins in Type 1  
Diabetes Frameworks

The DT-T1D frameworks clearly represent powerful simula-
tion environments that can be used to leverage retrospective 
data to first obtain a cohort of digital twins that mimic the 
physiological variability of the observed population with 
T1D, and then set up in silico clinical trials (ISCTs) aimed to 
test “what would have potentially happened” if other alterna-
tive therapies “would have been adopted” instead of those 
originally reported. Following this direction, the DT-T1D of 
Cappon et al17 has been adopted in the literature to validate 
new insulin dosing strategies targeting hyperglycemic epi-
sodes,39 new meal insulin bolus calculators,40 and to assess 
the use of an interpretable glucose prediction algorithm 
based on LSTM (Long Short-Term Memory).41

Another possible application of DT-T1D is to use them as 
an active component of decision support systems for T1D 
management. For example, in Young et al,33 they proposed a 
new decision support system leveraging their DT-T1D for 
personalizing the management of glucose during and after 
physical exercise showing, in a dedicated ISCT, the potential 
improvement of glucose outcomes thanks to its use. Finally, 
one great possibility provided by DT-T1D is using it to tune 
the insulin therapy for specific individuals. This is facilitated 
by the increasing ease of gathering real-life data, making it 
ideal to exploit such large data sets for further assessment or 
even personalization of new therapies. This perspective was 

Table 2.  Summary of Key Factors to Facilitate the Practical Adoption of the Included DT-T1D Methodologies to Evaluate and/or 
Design Therapies for T1D Management.

DT-T1D method

Possibility to 
replay physical 

activity

Possibility to replay 
psychological/social  

factors
Required data  
for twinning Open-source availability

Cappon et al17 No No Glucose, Meal, 
Insulin

Yes.
MATLAB implementation: https://github.com/

gcappon/replay-bg Python implementation: 
https://github.com/gcappon/py_replay_bg

Colmegna et al23 No No Glucose, Meal, 
Insulin

No

Deichmann et al25 Yes No Glucose, 
Meal, Insulin, 
Accelerometry

Yes.
Python implementation: https://gitlab.com/csb.

ethz/t1d-exercise-model
Goodwin et al29 No No Glucose, Meal, 

Insulin
No

Haidar et al30 No No Plasma glucose, Meal, 
Plasma insulin

No

Hughes et al16 No No Glucose, Meal, 
Insulin

No

Visentin et al31 No No Plasma glucose, Meal, 
Plasma insulin

No

Young et al33 Yes No Glucose, Meal, 
Insulin, Heart Rate

No

DT-T1D methods are reported in an alphabetical order.

https://github.com/gcappon/replay-bg
https://github.com/gcappon/replay-bg
https://github.com/gcappon/py_replay_bg
https://gitlab.com/csb.ethz/t1d-exercise-model
https://gitlab.com/csb.ethz/t1d-exercise-model


Cappon and Facchinetti	 7

explored by Diaz et al,14 El Fathi et al,42 and Fabris et al,43 
where the authors proposed and validated, through simula-
tion, the adoption of the DT-T1D of Hughes et al,16 as the 
core element to automatically adapt the insulin treatment 
regimen of individuals with T1D using a closed-loop 
system.

Conclusion

Digital twins in type 1 diabetes are emerging methodologies 
with the potential to revolutionize T1D management. By har-
nessing the power of digital replicas to simulate and predict 
individualized metabolic responses, these methodologies 
offer unprecedented insights into the complex interplay of 
factors influencing blood glucose dynamics. Through con-
tinuous monitoring, personalized modeling, and data-driven 
interventions, DT-T1D holds promise in optimizing treat-
ment strategies, enhancing patient outcomes, and advancing 
our understanding of diabetes pathophysiology.

In this systematic review, we analyzed eight DT-T1D 
frameworks, highlighting their main characteristics and limi-
tations. Particularly, alongside discussing their clear out-
standing contributions in the domain of diabetes technology, 
we identified four common challenges that future work must 
address.

First, most of the considered methodologies lack proper 
validation on real-world data, which is crucial for any 
technology, especially those tied to the health care domain 
where accuracy, reliability, and safety must be guaranteed. 
As mentioned above, in the context of DT-T1D, this is far 
from trivial as it would be necessary to set up clinical trials 
where data are collected under the same initial and sur-
rounding physiological conditions, which is not feasible in 
the real-world scenario. However, even if not possible, 
researchers must put their effort into envisioning new vali-
dation protocols and set up studies aimed at comparing, 
with a fair degree of error, the predictions or outcomes 
generated by DT-T1D with real-world data or clinical 
observations.

Second, there is a need for studies aimed at comparing the 
prediction accuracy of different DT-T1D and understanding 
their strengths, weaknesses, and unique contributions. 
Indeed, by benchmarking DT-T1D approaches against exist-
ing methods or similar models, researchers can demonstrate 

their novelty and effectiveness and help identify areas for 
improvement and innovation within the field.

In addition, physical exercise and psychological/social 
models are missing in most of the reviewed DT-T1D, despite 
their significant on glucose levels. Fostered by the recent 
proliferation of wearable devices like smartwatches that can 
track physical activity and stress, there is indeed a unique 
opportunity to leverage these data to incorporate such an 
important factor into DT-T1D.

Third, we found that code implementations of most of the 
considered methodologies are not available. The aim being 
promoting transparency, collaboration, and accessibility 
within the scientific community, making DT-T1D open-
source would allow researchers to scrutinize and validate the 
underlying algorithms, encourages continuous improve-
ment, and ensures broader accessibility for health care prac-
titioners and patients by also enabling customization and 
adaptation to diverse clinical settings, ultimately enhancing 
cost-effectiveness and scalability.

As a final note, it is important to remark that, as summa-
rized in Table 3, creating accurate DT-T1D requires address-
ing several critical patient factors. Indeed, pharmacoadherence, 
social determinants of health, and disease heterogeneity all 
introduce potential barriers that can impact the reliability and 
effectiveness of the twinning procedure of DT-T1D. 
Overcoming these challenges involves integrating compre-
hensive and precise data, along with developing adaptable 
models that can account for individual variations.

Abbreviations

CGM, continuous glucose monitoring; DT-T1D, digital twin in 
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Table 3.  Summary of Patient Factors That Might be Barriers to the Use of DT-T1D.

Patient factor Description Potential barrier

Pharmacoadherence Consistency with which patients follow their  
prescribed medication regimens

Non-adherence can lead to inaccurate twinning 
and, by product, wrong predictions

Social determinants of health Conditions in which people are born, grow, live,  
work, and age (eg, socioeconomic status)

These factors can influence health outcomes 
and access to health care

Heterogeneity of the disease Variation in disease manifestation and progression 
among different patients

This variability can complicate the creation of 
accurate digital twins
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