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ABSTRACT

Introduction Traditional survey-based surveillance is
costly, limited in its ability to distinguish diabetes types
and time-consuming, resulting in reporting delays. The
Diabetes in Children, Adolescents and Young Adults
(DICAYA) Network seeks to advance diabetes surveillance
efforts in youth and young adults through the use of large-
volume electronic health record (EHR) data. The network
has two primary aims, namely: (1) to refine and validate
EHR-based computable phenotype algorithms for accurate
identification of type 1 and type 2 diabetes among youth
and young adults and (2) to estimate the incidence and
prevalence of type 1 and type 2 diabetes among youth
and young adults and trends therein. The network aims

to augment diabetes surveillance capacity in the USA and
assess performance of EHR-based surveillance. This paper
describes the DiCAYA Network and how these aims will be
achieved.

Methods and analysis The DiCAYA Network is spread
across eight geographically diverse US-based centres and
a coordinating centre. Three centres conduct diabetes
surveillance in youth aged 0—17 years only (component A),
three centres conduct surveillance in young adults aged
18-44 years only (component B) and two centres conduct
surveillance in components A and B. The network will
assess the validity of computable phenotype definitions to
determine diabetes status and type based on sensitivity,
specificity, positive predictive value and negative predictive
value of the phenotypes against the gold standard of
manually abstracted medical charts. Prevalence and
incidence rates will be presented as unadjusted estimates
and as race/ethnicity, sex and age-adjusted estimates
using Poisson regression.

Ethics and dissemination The DiCAYA Network is well
positioned to advance diabetes surveillance methods.

The network will disseminate EHR-based surveillance
methodology that can be broadly adopted and will report
diabetes prevalence and incidence for key demographic
subgroups of youth and young adults in a large set of
regions across the USA.

STRENGTHS AND LIMITATIONS OF THIS STUDY

= Electronic health record-based surveillance systems
offer a potential opportunity to obtain more efficient
and timely information on disease prevalence and
incidence than is obtained from traditional disease
surveillance.

= The Diabetes in Children, Adolescents and Young
Adults (DiCAYA) Network’s large and diverse popu-
lation will facilitate the estimation of diabetes prev-
alence and incidence by diabetes subtype for key
demographic subgroups of youth and young adults
in a large set of regions across the USA.

= The diversity of clinical centres in the DiCAYA
Network allows for the development and dissemina-
tion of surveillance methodology that is generalis-
able to a variety of settings with access to electronic
health record data.

= Because electronic health record data are limited to
individuals affiliated with the reporting health sys-
tems and these populations may differ from the gen-
eral population, the DiCAYA Network is testing bias
adjustment and denominator selection approaches.

= A limitation of using electronic health record data
for surveillance is that the data were collected for
a different purpose (ie, clinical care and billing) and
thus lack the rigour and standardisation of tradition-
al research data.

INTRODUCTION

More than 529 million people worldwide and
37million people in the USA have diabetes.'™
Among children and adolescents in the USA,
diabetes is now the third most common
chronic disease.” Although prevalence and
incidence have recently stabilised in the adult
population, diabetes continues to increase
among youth, with patterns varying by race
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and ethnicity.”® People with early-onset diabetes face
higher risk of chronic kidney disease, myocardial infarc-
tion and stroke at younger ages than those who develop
diabetes later in life.'”"” Surveillance of diabetes is thus
a critical function for public health authorities, in under-
standing the changing epidemiology of diabetes, guiding
prevention strategies, allocating resources to atrisk
communities and informing health policies for different
age groups.

Achieving timely and valid estimates of diabetes is chal-
lenging. National estimates of diabetes in adults in the
USA are based on surveys, but survey-based methods have
been challenged by declining response rates and growing
concerns regarding non-response bias.'* These methods
can also be limited in their ability to identify diabetes type
and to produce reliable estimates in children and adoles-
cents."”” For example, the prevalence of diabetes by type
using the National Health and Nutrition Examination
Survey data is based on age of diagnosis and insulin use,
an approach that is susceptible to type misclassification as
patterns and treatment of type 1 and type 2 diabetes (T1D
and T2D) change.'” Therefore, data on trends in inci-
dence and prevalence of diabetes by type among young
adults are poorly understood. Among youth, survey-based
approaches also generate less accurate estimates given
the lower disease burden in this age group.'’

To address the limitations of traditional disease surveil-
lance approaches, the Centers for Disease Control and
Prevention (CDC) developed specialised surveillance
efforts, including the SEARCH for Diabetes in Youth
(SEARCH) study in 2000 and the Diabetes in Young
Adults study in 2017 to establish diabetes registries using
active case-finding surveillance efforts from networks of
health systems.'® '’ These initiatives have provided crit-
ical findings on the epidemiology of diabetes by type in
children and young adults. SEARCH teams also piloted
and validated new methods for improving the timeliness,
efficiency and sustainability of surveillance of youth-onset
diabetes using electronic health records (EHRs).'® Other
federally funded consortiums, including the Surveil-
lance, Prevention and ManagEment of Diabetes Mellitus
Study' and the Veterans Affairs Diabetes Epidemiology
Cohort,”” have developed EHR-based approaches for
identifying adults with diabetes, though the methods did
not differentiate by diabetes subtype. Findings of these
and other studies™ suggested that EHR-based surveil-
lance had promise, but further refinement of methods
across broader geographical areas was needed.

In 2020, CDC and the National Institutes of Diabetes
and Digestive and Kidney Diseases jointly funded the
Diabetes in Children, Adolescents and Young Adults
(DiCAYA) Network through 2025. The DiCAYA Network
aims to advance the efficiency, flexibility, sustainability
and transportability of diabetes surveillance efforts in
youth and young adults through the use of large-volume
EHR data. The DiCAYA Network was competed through
an open request for proposals process involving scientific
review from CDC. Geographically diverse sites around

the USA were selected to work together as a network to
jointly develop and evaluate innovative approaches to
surveillance of diabetes in the target populations. The
premise behind DiCAYA was that EHR-based surveillance
holds promise for being relatively low cost, as no addi-
tional efforts for prospective data collection are required.
Importantly, EHR systems can provide timely surveillance
data, as data are collected in real time as people interact
with the healthcare system, and case identification can
be automated. EHR systems also offer large population
sizes that overcome the sample size challenges of moni-
toring relatively rare diseases. The DiCAYA Network will
conduct network-wide diabetes surveillance and test
bias-adjustment methods, with the goal of informing
future EHR-based surveillance strategies at the national
level. The network will disseminate EHR-based surveil-
lance methodology that can be broadly adopted and will
report diabetes prevalence and incidence in youth and
young adults by subtype, race/ethnicity, sex and age.
This paper describes the DiCAYA Network, its structure
and the methods that will be used to conduct EHR-based
diabetes surveillance in youth and young adults in the
USA. The protocol represents the work of multiple public
health researchers and practitioners, all of whom aim to
collectively advance surveillance of diabetes using EHR
systems, applying methods that can be replicated by other
institutions.

METHODS/DESIGN

Network overview

The DiCAYA Network is spread across eight US-based
centres and a Coordinating Centre (CoC), with three
centres conducting surveillance in youth aged 0-17 years
only (component A), three centres conducting surveil-
lance in young adults aged 18-44 years only (component
B) and two centres conducting surveillance in both youth
and young adults (components A and B) (figure 1).
Component A sites include OneFlorida+ (OFL), PEDSnet
and University of South Carolina (UofSC). Component
B sites include Geisinger, Indiana University along with
the Regenstrief Institute (IU/Regenstrief) and Kaiser
Permanente Southern California (KPSC). Two centres
are both component A and B sites, Lurie Children’s
Hospital (Lurie Children’s) and University of Colorado
Denver (CO). The CoC is housed at New York University
(NYU) Langone Health, with researchers at NYU Long
Island School of Medicine and NYU Grossman School
of Medicine. The Network is composed of three types of
centres—geographical-based centres (CO and UofSC),
membership-based centres (KPSC) and health system
centres (PEDSnet, Geisinger, IU/Regenstrief, Lurie Chil-
dren’s and OFL). Geographical-based centres represent
well-delineated geographical and administrative areas
and are designed to cover the entire states of Colorado
and South Carolina. The membership-based centre,
KPSC, is an integrated healthcare delivery system that
combines health coverage and care delivery. Members of
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the health plan prepay for and access all aspects of health-
care from the same system, while health system centres
represent healthcare delivery systems that deliver care
to patients, with a range of payers (including the unin-
sured), who may not receive all aspects of their care from
a single healthcare delivery system. Membership-based
and health system centres access data from their given
EHR data repository or from existing National Patient-
Centered Outcomes Research Network (PCORnet)
clinical research networks (CRNs). Geographical-based
centres receive and integrate independent EHR data
streams from all major health systems, with augmentation
of records from medical claims data within their respec-
tive states (see table 1). Collectively, these centres cover
approximately 36million patients, although the exact
patient numbers will only be available when overlap in
patient population across centres is determined.

The DiCAYA Network has two primary aims, including
(1) to refine and validate EHR-based computable pheno-
type algorithms for accurate identification of incident
and prevalent TID and T2D among two age groups,
youth (<18 years of age) and young adults (18 to <45
years of age), according to age, sex, race/ethnicity and
geography and (2) to estimate the incidence and prev-
alence of TID and T2D among youth and young adults
and trends therein between 2018 and 2024, according
to age, sex, race/ethnicity and geography. The protocol
for achieving aims 1 and 2 is described in detail below.
Ultimately, the network aims to augment diabetes surveil-
lance capacity in the USA and assess performance of

. Colorado (A & B) . Indiana (B) D Lurie (A & B)

OneFlorida+ (A)
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z
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G e

- PEDSnet (A)

South Carolina (A)
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Map of counties included in the DICAYA network by clinical centre. DiICAYA, Diabetes in Children, Adolescents and

EHR-based surveillance with respect to appropriate
surveillance performance metrics (eg, simplicity, data
quality, completeness, acceptability, accuracy, representa-
tiveness and timeliness).?

Development of computable phenotype definitions

Aim 1 encapsulates the foundational research needed
for the DiCAYA Network to assess the validity of a set of
computable phenotype definitions, derived from data
that can be processed from EHR systems, to determine
diabetes status and type among youth and young adults.
The performance of the computable phenotype defini-
tions will be assessed by measuring sensitivity, specificity,
positive predictive value (PPV) and negative predictive
value (NPV) of the phenotypes against the gold stan-
dard of a sample of manually abstracted medical charts.
Performance will be assessed for a number of comput-
able phenotype definitions from the literature that can
be implemented with the available EHR data, leading to
refinement and ultimately the identification of one or
more valid computable phenotypes. This process will be
harmonised across centres, facilitated by a standardised
REDCap (Research Electronic Data Capture) abstraction
form and manual of procedures.

Applying computable phenotype definitions proceeds
through a sequence of steps, based on previously
published methods'® (figure 2). All individuals with
any indication in the EHR of possible diabetes in each
centre’s source populations (termed ‘wide net’) are
identified by applying the following criteria during the
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Table 1 Centre descriptions
Centre Geographical No of
source coverage counties
Centre name Component* Populationt Data streams (State) covered
University of South A 1.1 million Two large health systems (Medical University SC 46/46
Carolina of South Carolina; Prisma Health) and network
for providers/institutions including three
independent hospitals, one private paediatric
endocrinology practice, three federally qualified
health centres.
University of Colorado A 1.3 million Seven health systems: CO 64/64
Denver (CO) » The Children’s Hospital of Colorado
» Valley Wide Health Systems
» Intermountain Health
» Denver Health and Hospital Authority
» The Barbara Davis Centre
» University of Colorado Hospital
» Centura Health
One data warehouse: Health Data Compass
Colorado All Payers Claims database
PEDSnet A 6.5million Subset of PEDSnet*® institutions, a PCORnet ~ DE 3/3
Clinical Research Network*’ FL 7/67
» Children’s Hospital of Philadelphia
» Cincinnati Children’s Hospital Medical NJ 4/21
Centre OH 18/88
» The Children’s Hospital of Coloradozt PA 5/67
» Nationwide Children’s Hospital
» Nemours Children’s Health System (both WA 2/39
Delaware and Floridat systems) co 11/64
» Seattle Children’s Hospital
> Ann & Robert H. Lurie Children’s Hospital of 'L 6/102
Chicagot
University of Florida A 12.0million  OneFlorida+Clinical Research Consortium,*®a  FL 67/67
(OFL) PCORnet Clinical Research Network*’
Lurie Children’s A 2.0million Several Clinical Research Networks from IL 6/102
Hospital (Lurie PCORnet*’: Lurie Children’s Hospital (of the
Children’s) PEDSnet CRN),
and sites in lllinois from the CAPriCORN CRN®'
REACHnet CRN®2 LA 5/64
TX 10/254
CA 9/58
INSIGHT CRN®354 NJ 1/21
NY 7/62
ADVANCE CRN®* OR 1/36
CA 1/58
Johns Hopkins University (of the PaTH CRN)*®  DC 11
MD 11/23
University of Colorado B 2.2million See component A for details CO 64/64
Denver (CO)
Kaiser Permanente of B 4.6 million EHR system (Epic), medical claims and CA 7/58
Southern California administrative data
Geisinger Clinic B 351628 EHR system (Epic) PA 38/67
(Geisinger) Local PCORnet*”
CDM
PaTH CRN
Continued
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Table 1 Continued
Centre Geographical No of
source coverage counties
Centre name Component* Populationt Data streams (State) covered
Indiana University— B 2.1 million Indiana Network for Patient Care clinical data  IN 11/92
Purdue University repository
at Indianapolis (IU/
Regenstrief)
Lurie Children’s B 4.0million See component A for details. Multiple states  52/679
Hospital (Lurie
Children’s)

*A: ages 0-17 years, B: ages 18-44 years.

TPopulation from which the wide net was drawn for the 2018 index year.

FIn the primary analysis, data from these institutions will not be included in the PEDSnet, but they may be included in PEDSnet in
subsequent secondary DICAYA analyses in which PEDSnet is its entirety as a bloc.

CA, California; CAPriCORN CRN, Chicago Area Patient-Centered Outcomes Research Clinical Research Network; DC, District of
Columbia; DE, Delaware; DiCAYA, Diabetes in Children, Adolescents and Young Adults; EHR, electronic health record; FL, Florida; LA,
Louisiana; MD, Maryland; NJ, New Jersey; NY, New York; OFL, OneFlorida+; OH, Ohio; OR, Oregon; PA, Pennsylvania; PaTH CRN,

A Path Towards a Learning Health System Clinical Research Network; PCORnet, The National Patient-Centered Clinical Research
Network; REACHnet, Research Action for Health Network; SC, South Carolina; TX, Texas; WA, Washington.

time window (the index surveillance year for state-based
and membership-based centres, index surveillance year
and prior 2 years for health system-based centres) in the
respective age group (0-17, 18-44 years): (1) 21 haemo-
globin A1¢>6.5%; (2) 21 fasting glucose 2126 mg/dL; (3)
=1 random plasma glucose>200mg/dL; (4) =1 diabetes-
related diagnosis code from an inpatient or outpa-
tient encounter (online supplemental file 1) or (5) =1
prescribed, administered or dispensed medication that is
typically indicated for the treatment of diabetes (online
supplemental file 2). The wide net was designed to have
maximum sensitivity, to avoid missing any true diabetes
cases.'®

Next, the primary computable phenotype for presumed
diabetes will be applied to the wide net population. The
computable phenotype is defined as those with at least
one diabetes diagnosis code (International Classification
of Disease (ICD)-10-CM: EO08-E11, E13) (online supple-
mental file 1) within the given time windows, based on a
method that has been previously used in a cohort of indi-
viduals with youth-onset diabetes.”> While an individual
could have a code for gestational diabetes in the EHR, a
code for gestational diabetes would not be sufficient to
be classified as presumed diabetes. Consistent with prior
literature, diabetes type (type 1, type 2, other) will be
defined based on the proportion of diabetes type-specific
diagnosis codes (type 1, type 2 or other) among total
diabetes codes, using plurality to assign type.” In ties,
type 1 is given preference over type 2, and type 2 is given
preference over others.

To calculate diabetes incidence rates, computable
phenotypes to distinguish newly diagnosed diabetes
cases from existing cases will also be defined and vali-
dated. New diabetes cases will be defined as those who
met the presumed diabetes case definition (ie, those who
had at least one diagnosis code for diabetes) for the first
time in the index surveillance year (ie, no prior diabetes

diagnosis). We will assess whether also to require a record
of an earlier healthcare encounter, from before the date
of diabetes diagnosis, when determining incidence in the
healthcare systems or geographical surveillance areas. We
will make this assessment using sensitivity analyses, chart
reviews and data available from the EHR (eg, each indi-
vidual’s first-ever encounter date; each individual’s first
diabetes diagnosis code date; and each individual’s last
healthcare encounter date before the first diabetes diag-
nosis date).

All working computable phenotype definitions will be
iteratively refined over the course of the project based on
results of the validation and refinement study analyses.
We will conduct a manual chart review on a subset of
patients who meet the wide net criteria. Sensitivity, spec-
ificity, PPV and NPV for the working computable pheno-
types will be calculated among the wide net patients for
whom true diabetes status has been determined through
the chart review. Given that the wide net includes individ-
uals with any evidence of diabetes (ie, medication, labo-
ratory measures and diagnoses), we will have the ability
to compare multiple phenotype algorithms (including
those that use medication or laboratory-based criteria)
to wide net patients with completed chart reviews.
Sensitivity will be calculated as the true positives (classi-
fied as having diabetes by chart review and by comput-
able phenotype) divided by all those classified as having
diabetes by manual review (including true positives and
false negatives or those classified as having diabetes by
manual review but not by computable phenotype). Spec-
ificity will be calculated as the true negatives (classified as
not having diabetes by chart review and by computable
phenotype) divided by all those classified as not having
diabetes by manual review (including true negatives and
false positives, or those classified as having diabetes by
computable phenotype but not by manual review). PPV
will be calculated as the true positives divided by all those
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Total population

Step 1: Apply wide net
definition of one of five
criteria

Possible diabetes
cases

Step 2: Apply Type
Insensitive CP

Presumed
diabetes cases

Step 3: Apply CP to
Determine DM Type

| ]
Other
Type

Type 1 Type 2

Step 4: Apply CP to
Distinguish Incident vs.
Prevalent

Figure 2 Computable phenotype (CP) for diabetes (DM)
flow chart.

classified as having diabetes by computable phenotype
(including true positives and false positives). Finally, NPV
will be calculated as the true negatives divided by all those
classified as not having diabetes by computable pheno-
type (including true negative and false negatives). These
performance measures will be calculated overall and by
subgroup (age, sex and race/ethnicity).

In preparation for the validation and refinement study,
the network calculated the necessary sample sizes for the
chart reviews using separate component A and compo-
nent B detectable effect sizes for differences in sensi-
tivity estimates across computable phenotypes, defining
the overall detectable effect as the maximum of the two
detectable effect sizes. The use of the wide net for valida-
tion reduces the number of charts that we would have to
manually review to identify a sufficient number of true
diabetes cases for measurement of sensitivity. In order to
compare computable phenotypes from the literature, a

correlation of 0.707 (R*=0.5) between phenotypes was
assumed.”*® To achieve an overall 80% power to detect
small differences in sensitivity and specificity, the network
will perform manual chart review on approximately 2600
wide net patients per component. This sample will be
allocated across centres using a minimum of 400 individ-
uals per centre, with the remaining sample proportional
to the size of the centre’s wide net population, up to a
maximum of 750 individuals. Samples will be selected
using stratified random sampling, with oversampling by
race/ethnicity to achieve 10% Asian and Pacific Islander
and 20% black individuals in the total sample (table 2) to
facilitate evaluation of validity by race. Validity will also be
assessed by age, sex and ethnicity.

To accomplish aim 2, estimation of incidence and
prevalence of T1D and T2D among youth and young
adults, the computable phenotypes developed in aim
1 will first be applied to each centre’s EHR sample
to define the numerators. Details on the EHR data
used at each centre are outlined in table 1. Next,
denominators for prevalence and incidence estimates
will be defined using different methods based on
type of centre. For geographical-based centres that
draw from all major health systems in their respective
states, the state civilian, non-institutionalised popu-
lation will serve as the denominator, as determined
using the 2020 US census data and the CDC National
Center for Health Statistics’ race-bridged post-census
estimates of resident US population. Denominators
for health system centres will be generated in two
ways: (1) using utilisation data and (2) using US
census population-based data. To capture the health
system utilisation denominators, these centres will
first define the number of unique patients with at
least one health system encounter during a 3-year
window that includes the index year and the two
previous years, a time window selected based on
national estimates of frequency of healthcare utili-
sation in the target age groups.”” Based on patients’
latest addresses at the start of the index year, health
system centres will generate the coverage for each
county represented in their utilisation data, defined
as the number of unique patients divided by the
appropriate population size for the county (including
in subpopulations by sex, race/ethnicity and age).
The network will evaluate different inclusion criteria
for counties under surveillance, including coverage
level and geographical contiguity/propinquity to the
health system. Population-based denominators for
the selected counties will be defined using an average
of 3 years (index year and two prior years). Finally,
for the membership-based centre, the number of
members of the health plan as of 1 January of the
index year, determined through administrative data-
bases, will serve as the denominator.

For all centres, relevant inclusion and exclusion
criteria will be applied to ensure that the denomina-
tors represent the atrisk population defined in the
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Table 2 Chart review sampling assignments for the computable phenotype refinement analysis

Total Asian/PI Black Hispanic Other Unknown White
Component A
PEDSnet 705 (27.1%) 92 (36.4%) 141 (25.7%) 162 (27%) 35@27.1%) 35(27.1%) 240 (25.5%)
OFL 588 (22.6%) 59 (23.3%) 118 (21.5%) 135(22.5%) 29 (22.5%) 29 (22.5%) 218 (23.1%)
Lurie Children’s 426 (16.4%) 43 (17%) 85 (15.5%) 98 (16.4%) 21(16.3%) 21(16.3%) 158 (16.8%)
UofSC 421 (16.2%) 13 (6.1%) 113 (20.6%) 97 (16.2%) 21 (16.3%) 21(16.3%) 156 (16.5%)
Colorado 462 (17.8%) 46 (18.2%) 92 (16.8%) 107 (17.9%) 23 (17.8%) 23(17.8%) 171 (18.1%)
Total 2602 (100%) 253 (100%) 549 (100%) 599 (100%) 129 (100%) 129 (100%) 943 (100%)
Component B
Geisinger 469 (18%) 47 (18.1%) 94 (18.1%) 150 (18%) 5(19.2%) 19 (18.1%) 154 (17.9%)
Lurie Children’s 543 (20.9%) 54 (20.8%) 109 (21%) 174 (20.9%) 5 (19.2%) 22 (21%) 179 (20.9%)
Indiana 499 (19.2%) 50 (19.2%) 99 (19%) 160 (19.2%) 5 (19.2%) 20 (19%) 165 (19.2%)
Kaiser Permanente 652 (25%) 65 (25%) 130 (25%) 209 (25.1%) 7 (26.9%) 26 (24.8%) 215 (25.1%)
Southern California
Colorado 440 (16.9%) 44 (16.9%) 88 (16.9%) 141 (16.9%) 4 (15.4%) 18 (17.1%) 145 (16.9%)
Total 2603 (100%) 260 (100%) 520 (100%) 834 (100%) 26 (100%) 105 (100%) 858 (100%)

OFL, OneFlorida+; UofSC, University of South Carolina.

numerator. Preliminary analyses compared the popu-
lation living in the DiCAYA counties to the rest of the
US by age, sex, race, ethnicity and socioeconomic
status (SES). Initial results show that distributions by
age and sex are comparable, but non-Hispanic black
and Hispanic people were overrepresented, and
non-Hispanic white persons were under-represented
(table 3).

Unadjusted prevalence and incidence rates overall and
for demographic or geographical subgroups will be esti-
mated as the ratio of the numerator divided by the appro-
priate denominator. The prevalence will be expressed as
the number of diabetes cases per 1000 individuals in a
defined period. Incidence rates will be expressed as the
number of newly diagnosed cases in a calendar year per
100000 individuals. Incidence estimates will be provided
for calendar years 2018 through 2024, and prevalence
estimates will be provided for select calendar years from
2018 to 2024. Skew-corrected inverted score tests for bino-
mial distribution will be used to compare two rates and
compute 95% Cls. The prevalence and incidence rates
will be presented as unadjusted estimates and as race/
ethnicity, sex and age-adjusted estimates using Poisson
regression. Analyses will be run separately for compo-
nents A and B.

Bias correction and estimation

A key limitation to using EHR data for population health
surveillance is the potential for patient populations to
be non-representative of the general target population
of inference. For example, EHRs have greater coverage
among women and children, and those who frequent
health systems tend to be more ill than the general popu-
lation.'” In the analysis of non-probability samples such
as EHRs, two main methodological frameworks may be

used to estimate population quantities.%_go In the quasi-
randomisation framework, pseudoinclusion probabil-
ities are estimated based on covariates available for all
population units and used to correct for selection bias.
In contrast, in the superpopulation modelling approach,
a statistical model is assumed for the outcome of interest
in the non-probability sample and applied to the target
population. Both quasi-randomisation and superpop-
ulation modelling rely to varying degrees on auxiliary
data from external surveys or administrative sources.
Multilevel regression with poststratification (MLRP)
is a variation on superpopulation modelling that has
often been used in political science. Using MLRP with a
highly non-representative survey sample from the Xbox
gaming platform, Wang et al’' were able to predict the
2012 US presidential election.”’ Although MLRP may be
conducted in a frequentist or in a Bayesian setting, the
latter may be well suited to handle issues of data sparsity.
The DiCAYA Network will implement MLRP to produce
estimates of incidence and prevalence. In sensitivity
analysis, we will explore existing Bayesian hierarchical
models that have been used in survey samples”™* and
will compare them to common survey methods such
as raking and poststratification™ that help correct for
non-representativeness.

The DiCAYA Network will implement MLRP to produce
estimates of incidence and prevalence. As sensitivity anal-
yses, the network will also apply additional bias-adjustment
methods, including propensity score weighting, poststrat-
ification, empirical Bayesian hierarchical modelling and
geospatial small-area estimation.” *® Through the bias
correction methods, the network will generate estimates
of prevalence and incidence rates of diabetes (type insen-
sitive (type 1, type 2 or other), type 1 and type 2) in youth
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Table 3 Comparison of population demographics within counties included in the DiCAYA Network versus all US counties

Component A: ages 0-17 years

Component B: ages 18-44 years

US total population,
2020 census

Population, DiCAYA

counties, US 2020 census

US total population,
2020 census

Population, DiCAYA
counties, US 2020 census

N % N % N % N %

Sex

Female 35627710 48.9 9433357 49.0 58406670 49.4 15526923 49.5

Male 37194403 51.1 9824535 51.0 59826165 50.6 15832605 50.5
Age group (years)

0-4 19301292 26.5 5183565 26.9

5-9 20237711 27.8 5361445 27.8

10-14 20754423 28.5 5443891 28.3

15-17 12528687 17.2 3268991 17.0

18-19 8432242 7.1 2040929 6.5

20-24 21594755 18.3 5303536 16.9

25-29 23231243 19.7 6348490 20.2

30-34 22838403 19.3 6372194 20.3

35-39 21828304 18.5 5910928 18.8

40-44 20307888 17.2 5383451 17.2
Race/ethnicity

Al 1445621 2.0 248509 1.3 1931016 1.6 478258 1.5

API 5011051 6.9 1847103 9.6 9219241 7.8 4125945 13.2

His 17463322 24.0 5155471 26.8 23975505 20.3 9308455 29.7

NHB 11123707 15.3 3733021 19.4 17001026 14.4 4172525 133

NHW 37778412 519 8273788 43.0 66106047 55.9 13274345 42.3

Total 72822113 19257892 118232835 31359528

Al, American Indian; API, Asian Pacific Islander; DICAYA, Diabetes in Children, Adolescents and Young Adults; NHB, non-Hispanic Black;

NHW, non-Hispanic White.

and young adults by various demographic characteristics,
including race/ethnicity, age and sex.

Patient and public involvement
Patients and the public were not involved in the develop-
ment of this protocol.

ETHICS AND DISSEMINATION

The DiCAYA Network is well positioned to lead a crit-
ical advancement in surveillance of diabetes and
diabetes types in youth and young adults. While valida-
tion studies are needed, EHR-based surveillance systems
offer an opportunity to mount more efficient systems
than methods used for traditional disease surveillance.
The use of existing data and potentially automated case
ascertainment (ie, computable phenotypes) make EHR-
based surveillance timely and flexible, critical features
of a public health surveillance system.*' DiCAYA’s large
and diverse population will facilitate the estimation of
diabetes prevalence and incidence by type for key demo-
graphic subgroups of youth and young adults in a large
set of geographical regions across the USA. Through
dissemination of the methods and results, we will inform

future strategies for conducting nationwide EHR-based
surveillance of diabetes.

Each DiCAYA centre and the CoC received approval
from their local institutional review boards for this
protocol. To facilitate network-wide analyses at the CoC,
each centre executed a data use agreement with the CoC
that permits the sharing of EHR data elements with the
CoC (online supplemental file 3). Data transfers between
centres and the CoC are conducted via a secure file
transfer protocol. The CoC manages these data centrally
on a secure central platform. Centres have access to their
own individual-level data and aggregate data from the
network.

There are a number of potential limitations to using
EHR data for population health surveillance. First, EHR
data are limited to individuals affiliated with the reporting
health systems, and these populations may differ from
the general population for a variety of reasons, including
services received, health insurance coverage and health
insurance types.”” EHRs include data on the subset of
the population that seeks care, potentially biasing EHRs
toward greater coverage of women, children and indi-
viduals who are more ill.*” Moreover, the fragmentation
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of healthcare in the USA implies that not all health
conditions of a given individual are reflected in the
EHR under study. DiCAYA’s geographical-based centres
are likely less vulnerable to this limitation, given their
state-wide coverage and use of multiple data sources.
The membership-based centre is also less vulnerable,
given that all aspects of each member’s healthcare and
services are captured in the EHR, and members have a
unique medical record number that does not change if
members leave and rejoin the health plan. DiCAYA will
deploy MLRP and Bayesian hierarchical modelling®® * to
minimise some of these biases. For a target population
of interest, MLRP can combine data in EHRs with rich
information from auxiliary sources like the census. MLRP
may be especially useful when it is reasonable to hypoth-
esise that selection into the EHR sample is not associ-
ated with missed outcomes from excluded individuals
after accounting for observed information (ie, missing at
random®). However, the performance of MLRP may be
sensitive to issues of model misspecification. A Bayesian
framework may be conducive to the more complex
scenario when the selection process is missing not at
random® and the underlying health status is plausibly
associated. Second, while the use of computable pheno-
types based on discrete and easily extractable EHR data
(eg, diagnoses codes, laboratory values and medications)
is essential for large-sscale and efficient surveillance,
this approach does not leverage potentially informative
free text clinician notes. Therefore, in developing our
computable phenotypes, we will assess their performance
as compared with manual chart review, and some sites
will explore the use of natural language processing of
free text data from the EHR to automate identification
of key variables for diagnosing diabetes cases. Third, our
proposed primary computable phenotype may result in
some misclassification of disease, particularly among indi-
viduals who were initially misdiagnosed (eg, diagnosed
as T2D before T1D was ultimately diagnosed or vice
versa). Sensitivity of computable phenotypes using diag-
noses alone (ie, not laboratory or medication evidence)
may also be limited. Prior work has demonstrated, for
example, that including laboratory results increases the
sensitivity of diabetes computable phenotypes.”™ We will
examine the extent of misclassification as well as the
sensitivity, specificity and PPV and NPVs of all working
computable phenotype definitions and anticipate that
the computable phenotypes will be iteratively refined over
time based on results of the validation analyses. Lastly, an
inherent limitation of using EHR data is that data were
collected for a different purpose (ie, clinical care, billing
and operations) and thus lack the rigour and standardisa-
tion of traditional research data.

There are also some limitations inherent to the DiCAYA
Network, as constructed. First, the DiCAYA Network is
designed to provide prevalence and incidence estimates
on populations in care who have been screened, treated
and/or diagnosed with diabetes, potentially repre-
senting populations with higher SES than the general

population. This could result in prevalence estimates
that are lower than in the general population, given the
higher prevalence of diabetes* among individuals with
lower SES. Second, while DiCAYA has more geograph-
ical coverage than prior specialised surveillance or pilot
efforts, there remains limited coverage in the North-
east, Northwest, North Central and Midwest regions of
the USA. Conversely, in some parts of the USA, DiCAYA
centres serve overlapping geographies, potentially leading
to overlapping patient populations. For centres with over-
lapping geographies, we will conduct sensitivity analyses to
determine the impact of removing data from overlapping
centres. In addition, while SEARCH provided important
insights into the great burden of diabetes among Amer-
ican Indian youth," DiCAYA will be limited in its ability to
conduct surveillance in the American Indian population.
Finally, completeness of case ascertainment is a key char-
acteristic of surveillance that can be assessed when there
is a second, independent source of cases.*” In the DiCAYA
Network, only the state-based sites in South Carolina
(component A) and Colorado (components A/B), have
data sources required to assess completeness for a select
number of years, capitalising on their prior SEARCH
infrastructure and within-state network design to allow
for complete coverage of complementary healthcare util-
isation across hospital systems within the state over time.
A subset of DiCAYA’s health system centres gather data
from multiple health systems, through participation in
a health information exchange network or CRNs (eg,
INSIGHT CRN) that may facilitate more complete case
ascertainment than a single health centre serving part of
the population in a geographical area.*’

Despite these limitations, the DiCAYA Network
offers several important strengths. The diversity of
clinical centres that comprise the DiCAYA Network
allows for the development of surveillance method-
ology that is generalisable to a variety of settings with
access to EHR data. As of 2019, about three-quarters
of office-based physicians and nearly all non-federal
acute care hospitals in the USA had adopted a certified
EHR system.** The WHO reported that 47% of coun-
tries had national EHR systems, as of 2016.* By devel-
oping and validating computable phenotypes across a
range of settings in distinct geographies, DiCAYA will
publish automated approaches to case ascertainment
of T1D and T2D that can be replicated broadly, in the
USA and abroad. These EHR-based approaches can
be adapted by other healthcare systems and applied
to common data models*® (eg, PCORnet,47 Observa-
tional Medical Outcomes Partnership*), which would
facilitate rapid dissemination of the DiCAYA surveil-
lance protocol. Similarly, the methods for identifying
surveillance denominators from patient populations
will be applicable to a range of healthcare delivery
settings and chronic disease outcomes.

In addition to delivering surveillance estimates and
advancing surveillance methodology, the work of the
DiCAYA Network will identify large cohorts of youth
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and young adults with incident and prevalent diag-
nosed T1D and T2D on whom the network has access
to longitudinal EHR data. The deidentified data, code
and other materials used in this study are available for
use from the DiCAYA Network for ancillary studies or
in collaboration with DiCAYA Network sites, pending
review and approval by the network’s Publications and
Presentations Committee. The data available on these
cohorts can inform future research on risk factors for
diabetes onset and complications in these age groups.
Importantly, these demographically and geographi-
cally diverse cohorts can be used to conduct future
research on racial, ethnic and geographical dispari-
ties of diabetes in youth and young adults.
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