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ABSTRACT

Introduction Characterizing diabetes risk in the population
is important for population health assessment and diabetes
prevention planning. We aimed to externally validate an
existing 10-year population risk model for type 2 diabetes

in the USA and model the population benefit of diabetes
prevention approaches using population survey data.
Research design and methods The Diabetes Population
Risk Tool (DPORT), originally derived and validated in Canada,
was applied to an external validation cohort of 23 477 adults
from the 2009 National Health Interview Survey (NHIS).

We assessed predictive performance for discrimination
(C-statistic) and calibration plots against observed incident
diabetes cases identified from the NHIS 2009-2018 cycles.
We applied DPoRT to the 2018 NHIS cohort (n=21187) to
generate 10-year risk prediction estimates and characterize
the preventive benefit of three diabetes prevention scenarios:
(1) community-wide strategy; (2) high-risk strategy and (3)
combined approach.

Results DPoRT demonstrated good discrimination
(C-statistic=0.778 (males); 0.787 (females)) and good
calibration across the range of risk. We predicted a baseline
risk of 10.2% and 21 076 000 new cases of diabetes in the
USA from 2018 to 2028. The community-wide strategy and
high-risk strategy estimated diabetes risk reductions of 0.2%
and 0.3%, respectively. The combined approach estimated a
0.4% risk reduction and 843000 diabetes cases averted in
10vyears.

Conclusions DPoRT has transportability for predicting
population-level diabetes risk in the USA using routinely
collected survey data. We demonstrate the model’s
applicability for population health assessment and diabetes
prevention planning. Our modeling predicted that the
combination of community-wide and targeted prevention
approaches for those at highest risk are needed to reduce
diabetes burden in the USA.

INTRODUCTION

The prevalence of diabetes has increased over
the last several decades in all regions of the
world.!? In the USA, 14% of the adult popula-
tion was living with type 2 diabetes in 2017/18,”
with trends showing increases in diabetes inci-
dence between 1990 and 2017." The urgent
need for population-wide diabetes prevention is
reflected in the Affordable Care Act’s provisions,

1,2,3,4

WHAT IS ALREADY KNOWN ON THIS TOPIC

= The Diabetes Population Risk Tool (DPoRT) is a
population-based risk algorithm that was originally
validated in Canada to predict 10-year incidence of
physician-diagnosed type 2 diabetes using routinely
collected population survey data.

WHAT THIS STUDY ADDS

= DPORT accurately predicted diabetes risk in the US
population and the model estimated that combining
community-wide and high-risk prevention strategies
would prevent the most diabetes cases in 10years.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY
= DPoRT can reliably be used in the USA for population-

based diabetes risk assessment and for informing
population-level diabetes prevention.

expanding access to clinical and community
preventive services and the establishment of the
National Diabetes Prevention Program.”
Characterizing diabetes risk in the popula-
tion is important for informing the right mix
of preventive strategies, which range from indi-
vidualized interventions targeted to those with
high risk (eg, pharmacotherapy) to community-
wide public policy interventions to reduce key
risk factors in the whole population, such as
physical inactivity and obesity.” ! Population-
level risk algorithms are specifically designed
for estimating baseline risk for the whole popu-
lation and are useful for modeling the popula-
tion benefits from prevention strategies.® One
such tool is the Diabetes Population Risk Tool
(DPoRT), a multivariable risk algorithm that
estimates 10-year diabetes risk in populations
using self-reported risk factor information that
is routinely collected in population health
surveys.” ° DPORT has demonstrated applica-
bility for population health assessment and
planning, with uptake by major public health
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units and other health settings in Canada to understand
how diabetes risk is distributed in local communities."

Before applying a prediction model in a new geographic
setting, it is essential to assess the accuracy of the model’s
predictions in the new population.'’ External validation
of prediction models in a different population from
which the model was originally derived is also important
for demonstrating generalizability in new settings.'
However, a systematic review found that only a small
portion of existing prediction models were externally
validated in independent datasets.'” In addition, it is a
more common practice to re-derive models, as opposed
to validating existing prediction models for new settings,
which results in redundant models with similar results
and additional resources.”” DPoRT was developed and
externally validated in Canada because of the ability to
probabilistically link population health data with admin-
istrative data for physician-diagnosed diabetes to allow
for validation. Given that linkages of this nature are not
readily available in all jurisdictions, a novel approach is
necessary for model evaluation of this risk algorithm in
new populations.

The present study focuses on examining the validity
of DPoRT for the US population and describes a
methodology that may inform model evaluation and
updating of population risk prediction tools interna-
tionally. The objectives of this study were to externally
validate DPoRT in a nationally representative cohort
of the US population and to demonstrate the utility
of DPoRT by modeling prevention strategies for type
2 diabetes in the USA.

RESEARCH DESIGN AND METHODS

Context and setting

We previously developed and validated DPoRT in the
Canadian population.” * DPoRT is a population-based
risk tool that estimates the 10-year incidence of physician-
diagnosed type 2 diabetes. DPoRT predicts the proba-
bility of developing diabetes using a sex-specific statistical
model based on the Weibull survival distribution for
people 20 years and older. The original risk algorithm
was developed by linking baseline risk factors in popula-
tion survey data to a validated population-based diabetes
registry to ascertain diabetes diagnosis during follow-up.
Specifically, the model was developed in a cohort of
19861 individuals without diabetes from the province of
Ontario who were followed between 1996 and 2005, and
was validated in two external cohorts in the provinces of
Ontario (n=26465) and Manitoba (n=9899), as well as
across ethnic groups’ ?'* and in a representative cohort
of First Nations people living in Ontario First Nations
communities."” The algorithm coefficients were updated
with more recent data from an Ontario cohort (n=69 606),
with follow-up until 2011.” The updated DPoRT model
has demonstrated high overall predictive performance,
good discrimination (C=0.77) and calibration (H-L X2
<20).” Full details of development and validation can

be found from a previous study.”? The DPoRT model is
shown in online supplemental table S1. In the DPoRT
model, diabetes risk is strongly related to body mass index
(BMI) and age. Ethnicity, hypertension, and education
are also important risk factors in the model for men and
women. For men, smoking, heart disease and income are
important independent risk factors; for women, immi-
grant status is an important predictor for diabetes risk.

In this study, we used population survey data from the
USA to externally validate DPoRT for this population.
In designing and reporting this study, we adhered to
the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis reporting
guidelines.'®

Data source

The study cohorts were created using the National
Health Interview Survey (NHIS). The continuous NHIS
of the National Center for Health Statistics (NCHS) is
a complex, multistage probability sample of the US
non-institutionalized civilian population that has been
conducted every year since 1957."” The NHIS collects
data through personal household interviews conducted
by interviewers employed and trained by the US Bureau
of the Census according to procedures specified by
NCHS.

The survey provides information on the health of the
US population, including information on the prevalence
and incidence of disease, the extent of disability, and
the use of healthcare services. NHIS was chosen over
other nationally represented surveys conducted in the
USA, notably the National Health and Nutrition Exam-
ination Survey, because it is conducted continuously on
an annual basis and is the largest representative health
survey to assess diabetes incidence, providing estimates
for the incidence of type 2 diabetes in any given year and
at the state-level.

Publicly available survey weights were generated for all
continuous NHIS survey cycles by the Centers for Disease
Control and Prevention (CDC) enabling the generation
of estimates representative of the US adult population.
Survey weights are necessary to account for non-response
and oversampling.

Study population

The external validation cohort consisted of adult respon-
dents to the 2009 NHIS, aged 20-84 years, not preg-
nant, and without self-reported diabetes at the time of
interview (n=23477). A separate cohort consisting of
pooled annual cycles of the 2009-2018 NHIS was used
to calculate observed incident diabetes cases to which
the 10-year DPoRT diabetes incidence predictions could
be compared with. This cohort consisted of respondents
aged 20-84 years, who were not pregnant at the time of
interview (n=293327). The 2018 NHIS cycle was used
as the DPoRT application cohort to which we estimated
10-year diabetes risk projections and modeled scenarios,
excluding respondents aged 20-84 years, not pregnant,
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and without self-reported diabetes at the time of inter-
view (n=21187).

Diabetes outcome

We estimated the number of observed incident cases of
diabetes by pooling together the individual estimates
from each annual NHIS cycle from 2009 to 2018. In each
survey, all sampled adults were asked to answer: “Have
you ever been told by a doctor or health professional that you
have diabetes?” To exclude gestational diabetes, women
were asked whether they had been told they had diabetes
other than during pregnancy, and those reporting ‘yes’
were excluded from the sample. Adults who reported
being diagnosed with diabetes were then asked at what
age they were diagnosed. We followed the methodology
used by the US CDC to identify incident cases.'® Incident
cases were identified by subtracting the age at which the
respondent was diagnosed from their current age at the
time of the survey. Adults who had a value of zero were
identified as incident cases. Furthermore, to account for
having a birthday during the first year of the diabetes
diagnosis, half of the adults who had a value of 1 were
classified as incident cases, using random selection from
a uniform distribution on the interval (0, 1). Random
selection with uniform distribution ensures that each
individual has an equal chance of being selected. The
annual estimates were weighted to estimate the US adult
population using the provided NHIS survey weights in
the public use datasets.

Self-reported diabetes in the NHIS has been found
to have a high concordance with claims-based identi-
fied diabetes'?; however, not all people who are diag-
nosed with diabetes will self-report that they have the
disease. This phenomenon may be due to a variety
of reasons, including not being properly informed
about the diagnosis from a health professional, not
understanding the term when presented to them,
disagreeing with the diagnosis itself, believing they
are ‘cured’ because they are managing the disease
appropriately, or hiding the diagnosis because of
the stigma that persists about diabetes.”” In a valida-
tion study comparing self-reported diabetes from the
Canadian Community Health Survey with a linked
registry of physician-diagnosed diabetes, it was found
that one in four people with physician-diagnosed
diabetes did not self-report having the disease.”’ To
account for this underestimation, we applied a 25%
correction factor to the observed estimate of incident
diabetes cases. This became our reference standard of
observed incidence from 2009 to 2018 against which
the predictive models were compared.

Predictors

DPoRT uses the following predictors: sex, age, BMI,
ethnicity (white ethnicity, other ethnicities), educa-
tion (less than or secondary graduation, some or post-
secondary graduation), immigrant status (immigrant,
non-immigrant), prior diagnosis of hypertension,

prior diagnosis of heart disease, household income
quintile, and smoking (current smoker, non-smoker).
BMI is categorized as <23.0kg/m?, 28.0-24.9kg/m”?,
25.0-29.9kg/m?* 80.0-34.9kg/m*, and >35.0kg/
m® BMI is included in the model as an interaction
with sex-specific age groupings (<45, 45—-64, >65 years
for females) and (<45, 245 years for males). Missing
values for family income were imputed using multiple
imputation; the imputed values were provided in the
NHIS.*! All predictors were defined the same as in the
original development cohort.’

External validation of DPoRT

External validation of DPoRT was performed by
applying the model to the validation cohort to esti-
mate the expected number of diabetes incident cases
over the next 10 years. This model, referred to as the
original DPoRT, used the same intercept and coef-
ficients as developed and validated in the Canadian
population (online supplemental table S1). Individ-
uals with missing values for predictors were excluded
(1.6% of sample, n=376), except for missing BMI,
which is maintained in the DPoRT model. Predictive
performance was assessed by comparing the estimate
for the predicted number of incident cases from
the original DPoRT with our corrected estimate of
observed number of incident diabetes cases, in addi-
tion to measures of discrimination and calibration.

We assessed whether model updating could improve
DPoRT’s predictive performance. We implemented
three updating methods: intercept recalibration,
logistic recalibration, and model extension. Inter-
cept recalibration involves updating the model inter-
cept, which can improve calibration-in-the-large,
which is the average predicted risk compared with
the observed outcomes.”* Re-estimating the model
intercept ensures that predictions of the model are
on average correct. We re-estimated the model inter-
cept by fitting a logistic regression model with the
linear predictor of the original DPoRT model (log of
DPoRT risk) as an offset variable. An offset variable is
a predictor with a regression coefficient fixed at unity.
The second approach, logistic recalibration, aims to
correct miscalibration of the original model’s linear
predictor. For this approach, the model’s intercept is
recalibrated and all coefficients are adjusted using a
common factor. To perform logistic recalibration, we
re-estimated the model by fitting a logistic regression
model with the linear predictor of the original DPoRT
model (log of DPoRT risk) as the only variable.**

The third approach, model extension, involves reca-
librating the intercept and overall calibration slope,
while including additional predictors in the model.”* For
model extension, we performed logistic recalibration
and included additional predictors by fitting a logistic
regression model with the linear predictor of the orig-
inal DPoRT model (log of DPoRT risk) and additional
variables that could potentially add additional predictive
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Table 1 Weighted distribution of baseline characteristics
by sex in the external validation cohort*

External validation cohort

Male Female

Risk factor N=10525 N=12952
Age (years) 51.7 47.4
Age group (years)

<45 52.3 48.3

45-64 35.5 36.3

>65 12.2 15.3
Ethnicityt

White ethnicity 68.7 69.0

Other ethnicities 31.1 30.8

Missing 0.2 0.2
Education

Less than postsecondary 41.0 38.0

Some or postsecondary 58.4 61.4

graduation

Missing 0.6 0.5
Body mass index (kg/m?)

<23 13.7 27.7

23.0-24.9 185 185

25.0-29.9 43.2 28.2

30.0-34.9 17.9 141

>35.0 8.1 10.0

Missing 1.7 4.5
Smoking status

Current smoker 24.2 18.9

Non-smoker 75.4 80.8

Missing 0.4 0.2
Hypertension

Yes 255 252

No 74.4 74.8

Missing 0.09 0.04
Heart disease

Yes 10.8 9.2

No 89.1 90.7

Missing 0.1 0.1

*Numbers are weighted percentages using weights by the
Centers for Disease Control and Prevention.

TEthnicity is self-described by survey respondents. Others
include Hispanic, black, Asian, American Indian/Alaskan Native,
other race category, or those who self-identified with multiple
ethnicities.

information. We considered population-specific drivers
of type 2 diabetes risk that are potentially more salient in
the US population, specifically insurance coverage (yes,
no) and the following operationalization of ethnicity:
white (non-Hispanic), black (non-Hispanic), Hispanic,
Asian, American Indian/Alaskan Native, and other.

3

Previous studies have documented elevated diabetes risk
among certain ethnic and racial groups in the USA,* **
as well as the importance of access to care and insur-
ance coverage on preventing adverse health outcomes,
including diabetes.”

The probabilities for each updated model were
computed using the formula: probability=exp (logit)/
(1+(exp(logit))), in which the logit is the sum of the
regression coefficients multiplied by their respective
predictor variable values.

Development versus validation cohort

There are slight differences in eligibility criteria and
outcome definition between the original development
cohort and the current validation cohort. Specifically,
the original DPoRT model was developed and vali-
dated for the adult population 20 years and older. In
the US validation, we excluded individuals 85 years of
age or older due to an inability to identify incident
diabetes cases in this age group (ie, the NHIS catego-
rizes age of respondents 85 years or older into a top
code of 85 rather than providing single years of age).
As well, the outcome definition used for the orig-
inal DPoRT model was physician-diagnosed diabetes
determined from linked validated registries created
from administrative data sources.*

Statistical analysis

The predictive performance of the original DPoRT
and updated versions of the model were assessed by
discrimination and calibration. Discrimination is the
ability of the model to differentiate between those
who will and will not develop diabetes.?” Discrimina-
tion was measured using a C-statistic, a rank order
statistic for predictions against true outcomes, anal-
ogous to the area under the receiver operating char-
acteristic curve—a value of 1.0 representing perfect
discrimination and 0.5 representing no discrimina-
tion.*® Calibration describes how well the predicted
probability of disease agrees with the observed
outcomes.?”” We assessed calibration graphically using
calibration plots and visually comparing the observed
and predicted probability of diabetes across the spec-
trum of predicted risk. A perfectly calibrated model
has a calibration line where the points fit a 45-degree
diagonal line. Overall performance of the model was
measured by the Brier score which calculates the
average prediction error. The Brier score measures
the accuracy of predictions by calculating the squared
difference between the outcome and predictions.?” It
is a measure of overall agreement between observed
and predictive risk with values between 0 and 1, where
a score of 0 indicates a perfect model.”

We compared the predictive performance of the
updated models against the original model, and deter-
mined that the original DPoRT model was more accu-
rate than the updated versions when considering overall
performance, discrimination and calibration (see
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‘Results’” section). In particular, model extension with
ethnicity and insurance coverage worsened discrimina-
tion, suggesting that these variables did not add predic-
tive information to improve DPoRT’s performance.
Given that the original DPoRT model was determined to
have the best fit, we applied the original DPoRT model
to the NHIS 2018 cycle (DPoRT Application Cohort)
to estimate each individual’s 10-year risk of developing
diabetes. Diabetes risk estimates were averaged across all
respondents of the study population to determine overall
population-level diabetes risk and risk across subgroups
of the population. The number of new diabetes cases was
estimated by multiplying the average risk by the popula-
tion size.

Finally, to demonstrate applicability, we used the best
performing model (DPoRT original) to model the
population-benefit of a community-wide and high-risk
prevention approach on diabetes incidence from 2018 to
2028. The community-wide prevention scenariowas defined as
an intervention for the general population that improves
walkability of built environments, which results in small
changes in a large portion of the population. We assumed
this intervention would achieve a 4% decrease in the prev-
alence of overweight and 8% decrease in the prevalence
of obese, based on a study that estimated differences in
the prevalence of overweight and obesity in medium-high
versus low walkability areas.”” We modeled this effect by
randomly selecting 4% of individuals in the overweight
BMI category (BMI 25.0-29.9) and 8% of individuals in
the obese BMI category (BMI >30.0) and assigning them
the DPoRT risk factor coefficient corresponding to the
normal BMI weight category (BMI 23.0-24.9). The high-
risk prevention scenario was defined as rigorous diet and
physical activity promotion programs targeted to adults at
increased risk for type 2 diabetes. We assumed thisinterven-
tion would achieve a 40% relative risk reduction in type 2
diabetes incidence, based on a systematic review of single-
group and comparative studies that assessed the effective-
ness of diet and physical activity prevention programs on
diabetes onset.”’ We defined the target group as the top
10% of the population with highest diabetes risk, as esti-
mated by DPoRT. We assumed that only a small portion of
the target group would participate in this type of rigorous
intervention, therefore, we applied coverage restrictions
by randomly selecting 20% of the target group. Finally,
we modeled a combined approach in which the community-
wide and high-risk prevention scenarios described above
were implemented simultaneously.

For each scenario, we applied the risk reduction to
the target group and compared the estimated 10-year
diabetes risk and cases corresponding to each scenario
against the baseline. Population benefit was defined as
the absolute number of cases prevented and the abso-
lute risk reduction corresponding to each prevention
scenario. All analyses were weighted using sampling
weights provided by the CDC and were conducted using
the appropriate survey procedures where necessary using
SAS V.9.4.

RESULTS

Cohort characteristics

Weighted baseline characteristics for the validation cohort
are presented in table 1. The external validation cohort
had a similar age and smoking distribution, compared
with individuals in the original development cohort.”
However, there was a larger proportion of individuals
with other ethnicities, less than postsecondary education,
BMI >35, hypertension and heart disease, compared
with the original development cohort.” Ten-year diabetes
incidence was similar between the original development
cohort (10.0%) and NHIS validation cohort (10.2%).

Model performance

The observed cumulative number of incident cases from
2009 to 2018 was 15414818. The corrected estimate
accounting for the discrepancy between self-reported
and physician-diagnosed type 2 diabetes was 19268 523
new cases over 10years. Online supplemental table S2
compares the observed estimate of incident cases with the
predicted cases from the original DPoRT and updated
models. The originally validated DPoRT more accurately
predicted the 10-year number of incident cases for the
total population and across sex and ethnicity, compared
with the updated models. Specifically, DPoRT original
accurately predicted overall cases within 1%.

DPoRT original demonstrated good discriminative
ability (Cstatistic=0.778 (males); 0.787 (females)).
Discrimination was similar in DPoRT models updated
with intercept recalibration and logistic recalibration,
but was poor in updated models using model exten-
sion (figure 1). DPoRT original Brier scores were 0.070
(males) and 0.073 (females), indicating adequate overall
model performance. Brier scores did not improve with
DPoRT model updating (figure 1).

Figure 1 shows the calibration plots for the observed
and predicted probabilities. Both the male and female
original DPoRT models were well calibrated across the
spectrum of risk, with the exception of an underesti-
mation at the extremes of risk. Model updating with
intercept recalibration and logistic recalibration (male
model) universally classified the population as having a
low-to-moderate probability of diabetes. Logistic recali-
bration for the female model classified the population
as having moderate-to-high risk. Updated DPoRT models
with extension showed poor calibration.

DPoRT application

The original DPoRT predicted 10-year diabetes risk and
number of new cases from 2018 to 2028 in the US popula-
tion is shown in figure 2. DPoRT predicted a 10-year risk
0f 10.2%), corresponding to 21 076 000 new cases. Diabetes
risk estimates increase with age and BMI in a linear
fashion, and the number of predicted diabetes cases is
highest in those aged 45-60 years and among those with
a BMI >30kg/m® Although non-Hispanic whites have
the lowest 10-year risk by ethnicity, because they repre-
sent the largest segment of the population, this translates

BMJ Open Diab Res Care 2024;12:2003905. doi:10.1136/bmjdrc-2023-003905

5

"1ybuAdoo Aq paroslold 1sanb Aq 720z ‘8z |idy uo /wod fwq oip//:dny wol) papeojumoq 20z YaIe /. Uo G06E00-S202-24plwg/osTT 0T St paysiignd 1s.i :a1e) say qeidg uado rINg


https://dx.doi.org/10.1136/bmjdrc-2023-003905
http://drc.bmj.com/

Cardiovascular and metabolic risk a

Calibration Plot DPoRT Original - Males. Calibration Plot DPoRT Original - Females

Observed diabstes sk

00 01 02 03 04 05

C-statistic [ 0.778 (0.764, 0.793) | C-statisti [ 0.787 (0.774,0.799)
Brier Score [ 0.070 Brier Score ] 0.073
[ D.
Intercept Recalibration - Males Intercept Recalibration - Females
i .

S

01 01 —
e
00 00
00 o1 02 03 0s 05 oo o1 02 03 ot 05
Pradictsd dabetes rsk Pradictad daetas fisk
C-statistic [ 0.778 (0.764, 0.793) | C-statistic [ 0.787 (0.774,0.799)
Brier Score ‘ 0.074 Brier Score | 0.076
E. F.
Logistic Recalibration - Males Logistic Recalibration - Females
05 os

LI /
o1 / ’ 01
o0l a0
00 01 02 03 0s 05 o0 o1 02 03 04 05
Predicted dbetes sk Pradictsd dattes fisk
C-statistic 0.778 (0.764,0.793) | C isti 0.787 (0.774, 0.799)
Brier Score 0.073 Brier Score 0.115
G. H.
Model Extension (insurance) - Males Model Extension (Insurance) - Females.
05 05
I 0t
o

* 00 o1 02 03 04 05 * L] 01 02 03 04 05
Predeted dabets ok Prdcted dabsos ik
C-statistic [ 0.684 (0.669, 0.698) C-statisti [ 0.770 (0.756, 0.782)
Brier Score [ 0.073 Brier Score [ 0.121
I ).
Model Extension (ethnicity) - Males. Model Extension (ethnicity) - Females

05 1 05

00 . 00
C-statistic 0.571 (0.556, 0.585) | C-statisti [ 0.690 (0.677, 0.702)
Brier Score [10.090 Brier Score [o0.101

Figure 1 Diabetes Population Risk Tool (DPoRT) predictive performance for the original and updated models in the US
population: (A) DPoRT original (male); (B) DPoRT original (female); (C) intercept recalibration (male); (D) intercept recalibration
(female); (E) logistic recalibration (male); (F) logistic recalibration (female); (G) model extension (insurance) (male); (H) model
extension (insurance) (female); (I) model extension (ethnicity) (male); (J) model extension (ethnicity) (female).
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Figure 2 10-Year Diabetes Population Risk Tool estimated diabetes risk and new cases (2018-2028) in the US population
according to: (A) age group; (B) ethnicity; (C) body mass index (BMI).

into a high number of expected new cases. The estimated
population benefit of the three prevention strategies
we modeled is shown in figure 3. The community-wide
prevention scenario estimated an absolute risk reduction
of 0.2%, corresponding to 325 000 cases prevented. The
targeted high-risk prevention scenario estimated an abso-
lute risk reduction of 0.3% and 557 000 cases prevented
over 10 years. The combination of community-wide and
high-risk prevention strategy was estimated to result in a
0.4% absolute risk reduction in the population and 843
000 cases prevented.

DISCUSSION

This study externally validated DPoRT for the US popu-
lation. Our model assessment results indicated that the
model originally developed in the Canadian population
and validated in multiple provinces has adequate predic-
tive performance in the US population, when considering
discrimination and calibration. Adjusting the DPoRT

models was unable to accommodate a large spectrum
of probabilities. Predictive performance also did not
improve with model updating using extension demon-
strating that the originally validated model performs well
in the US population.

Our study demonstrates that diabetes risk can be
accurately predicted at the population level using
self-reported measures readily available in population
health surveys. DPoRT was previously validated in
the Canadian context using linkages between survey
data with a validated administrative data algorithm
for diabetes incidence.”® In many jurisdictions, link-
ages with survey and health administrative data either
do not exist or are not readily accessible, reflecting
a barrier to externally validating existing population
risk models.* For example, in the USA, the linked
NHIS and administrative Medicare data are acces-
sible only under restricted use for approved research
projects. Given that survey linkages are not always a

BMJ Open Diab Res Care 2024;12:2003905. doi:10.1136/bmjdrc-2023-003905
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Figure 3 Predicted diabetes risk and cases in the US population at baseline and by prevention scenario (2018-2028).

viable option, this study establishes a robust method
for using publicly available population survey data to
assess the generalizability of existing population risk
models, such as DPoRT, for new settings. Given the
importance of ethnicity on developing diabetes, in
applying DPoRT in new populations that are multi-
ethnic, it is useful to consider whether a difference in
the population’s ethnic composition impacts predic-
tive performance. DPoRT includes a non-specific
category of ethnicity (ie, white and other ethnicities),
with all other ethnicities having a higher risk for
developing diabetes. We found that in the current US
validation cohort, updating DPoRT with a predictor
that included detailed ethnic information did not
improve predictive performance, as was also found in
a similar study in the Canadian context.'

Baseline risk assessment is important for population
health decision-making.® This study demonstrated
the utility of DPoRT for population health assess-
ment and modeling of diabetes prevention scenarios.
Our modeling results found that the greatest popu-
lation benefit, relative to diabetes cases averted, are
projected from combining community-wide diabetes
prevention approaches with targeted interventions for
high-risk groups. Our findings align with a previous

study that used a dynamic modeling approach and
estimated that combined prevention strategies would
be most effective at reducing diabetes incidence,*
and adds to this research by accounting for age, sex
and ethnic group, which are predictors in the DPoRT
model. Our findings support current strategies under-
taken for high-risk populations through the National
Diabetes Prevention Program, and underscore a need
for wide-scale implementation of whole-population
approaches to meaningfully reduce diabetes burden.*

The results should be interpreted in the context
of study limitations. The self-reported measures
used as DPoRT predictor variables may be subject
to reporting error. However, DPoRT was designed to
be applied to self-reported data, and unless survey
structure or reporting patterns are different across
populations, therefore unlikely to meaningfully
affect model performance. Specifically, the NHIS
uses reliable methods and well-established expo-
sure questions, thus reporting errors are unlikely to
differ significantly from the Canadian data source to
which DPoRT was previously validated (ie, Canadian
Community Health Survey). In addition, DPoRT is
validated to predict physician-diagnosed diabetes; the
estimates exclude people with undiagnosed diabetes.
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Undiagnosed diabetes is estimated to account for
2.8% of the US population, contributing to 21.4% of
total type 2 diabetes prevalence (diagnosed plus undi-
agnosed).”® Our modeling scenarios were applied
with assumptions regarding uptake and effectiveness.
To model the community-wide prevention scenario,
we applied an evidence-based risk reduction based
on an Australian study, which assumes applicability to
the US context. In modeling the high-risk prevention
scenario, we applied intervention coverage restric-
tions, but assumed uptake and adherence is uniform
across population groups. Thus, our estimates on
population-benefit may be overestimated if uptake
and adherence is lower in population subgroups,
especially those with high risk.

Conclusion

This study externally validated DPoRT using nationally
representative data from the USA, and established a meth-
odology that can be used with population survey data to
assess the predictive performance of population risk
tools in new settings. We demonstrated DPoRT’s appli-
cability for population health assessment and modeling
population benefit of diabetes prevention strategies. Our
projections indicate a need to invest in both community-
wide and targeted primary prevention efforts to curb the
diabetes burden in the USA.
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