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Abstract

Introduction: Despite high rates of undiagnosed diabetes and prediabetes, suitable risk
assessment tools for estimating personal diabetes risk in Canada are currently lacking.

Methods: We conducted a cross-sectional screening study that evaluated the accuracy and
discrimination of the new Canadian Diabetes Risk Assessment Questionnaire (CANRISK)
for detecting diabetes and prediabetes (dysglycemia) in 6223 adults of various ethnicities.
All participants had their glycemic status confirmed with the oral glucose tolerance
test (OGTT). We developed electronic and paper-based CANRISK scores using logistic
regression, and then validated them against reference standard blood tests using test-set
methods. We used area under the curve (AUC) summary statistics from receiver operating
characteristic (ROC) analyses to compare CANRISK with other alternative risk-scoring
models in terms of their ability to discern true dysglycemia.

Results: The AUC for electronic and paper-based CANRISK scores were 0.75 (95%
CI: 0.73-0.78) and 0.75 (95% CI: 0.73-0.78) respectively, as compared with 0.66
(95% CI: 0.63-0.69) for the Finnish FINDRISC score and 0.69 (95% CI: 0.66-0.72) for a
simple Obesity model that included age, BMI, waist circumference and sex.

Conclusion: CANRISK is a statistically valid tool that may be suitable for assessing
diabetes risk in Canada’s multi-ethnic population. CANRISK was significantly more
accurate than both the FINDRISC score and the simple Obesity model.

Keywords: diabetes, prediabetes, screening, risk assessment, FINDRISC, blood sugar,
public health

Introduction Second, individuals with prediabetes

(impaired fasting glucose [IFG] and/or

Despite high rates of undiagnosed diabetes
and prediabetes in Canada, the assessment
tools currently used to estimate an
individual’s risk of diabetes are lacking.
It is clinically important to be able to
identify individuals at risk for diabetes.
First, undiagnosed diabetes often remains
undetected for 4 to 7 years before clinical
diagnosis, and many newly diagnosed
patients already exhibit signs of microvas-
cular and macrovascular complications.!

impaired glucose tolerance [IGT]) have a
high likelihood of developing type 2
diabetes—10 to 20 times that of normo-
glycemic persons.** As such, adults with
prediabetes are the most likely to benefit
from early interventions.>+

Large randomized experimental studies
such as the Finnish Diabetes Prevention
Study® and the US Diabetes Prevention
Program® have demonstrated that lifestyle

intervention can effectively reduce the
incidence of diabetes among those with
prediabetes. Risk-scoring questionnaires
may be useful to enhance individual risk
assessment and lifestyle education. They
could also lead to more cost-effective
diabetes screening approaches.

Several prognostic risk-scoring models for
type 2 diabetes are currently available
for clinical use.”'* However, most require
specific blood test results, which presumes
that a clinical encounter or diagnostic
testing has already taken place. This limits
widespread use of these models from a
public health perspective. A diabetes risk
assessment approach that relies only upon
information a participant can self-complete
without detailed knowledge of specific
laboratory test values has been developed in
Finland. The Finnish Diabetes Risk Score'
(FINDRISC) is a key element of Finland’s
national FIN-D2D diabetes prevention
program, which has successfully screened
over 10% of the Finnish population so far.
FINDRISC has been used in Finland to
identify high-risk individuals who might
benefit from interventions or who would
merit further investigation using the
oral glucose tolerance test (OGTT).
Among those detected by the Finnish
study as being at high risk of developing
diabetes, 60% of men and 45% of
women already had abnormal glucose
tolerance at baseline.'® The incidence
of diabetes at one-year follow-up was
between 18% and 22% among those who
had high-risk prediabetes (i.e. both IFG
and IGT) at baseline. Of those who
completed a lifestyle education program,
17% reduced their body weight by
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over 5%; as a result, their risk of developing
diabetes was 69% lower than that of those
with stable weight.!”

However, the generalizability of FINDRISC
is limited by the different ethnic make-up of
Canada compared to that of Finland. As a
result, Canadian diabetes experts adapted
FINDRISC to include ethnicity and other
key variables (sex, education, macrosomia)
to create the Canadian Diabetes Risk
Assessment Questionnaire (CANRISK).!8"

This paper describes three main objectives
of our study: (1) to develop a risk-scoring
prognostic model (similar to FINDRISC
score) suitable for Canada’s multi-ethnic
population (CANRISK); (2) to validate the
resulting scoring model using a test-set
methodology to assess dysglycemia from
measured blood tests; and (3) to compare
the predictive accuracy of the new
CANRISK model to FINDRISC.

Methods

Data source

Between 2007 and 2011, 6475 Canadian
adults from seven provinces (British
Columbia, Saskatchewan, Manitoba,
Ontario, New Brunswick, Nova Scotia
and Prince Edward Island) were recruited
in a screening study to detect diabetes
and prediabetes using the CANRISK
questionnaire. Several large urban sites
were deliberately included to ensure a
diverse multi-ethnic sample of participants.
All participants had their glycemic status
confirmed with the oral glucose tolerance
test (OGTT, i.e. fasting plasma glucose
[FPG] and plasma glucose 2 hours after a
75 g glucose challenge). A subset of
participants at three CANRISK sites also
had their glycated hemoglobin (HbAlc)
measured.

Most participants were recruited through
face-to-face encounters during opportunistic
visits at community health centres;!° some
were recruited through local mailouts.?
Most participants were aged 40 to 74 years,
although some sites chose to include
younger Aboriginal participants and those
from other non-White ethnic groups.

Eligibility criteria for inclusion in the
study included the following: no previous
diagnosis of diabetes (or prediabetes at some
pilot sites); not currently pregnant; able to
complete the CANRISK questionnaire in
English or French, with assistance if required
(most sites, although other language
versions were also available at several urban
pilot sites); not currently using metformin
or other glucose-modifying prescription
drugs (some pilot sites); and living within
the local study area.

Data restrictions (core data)

For estimating the various prognostic models
we restricted the CANRISK dataset to those
participants who had complete data for key
variables (blood test results, age, sex, ethni-
city, height, weight). We imputed missing
waist circumference (6% of core cases)
from mean values obtained from participants
with valid data, stratified by age, sex, and
body mass index (BMI) (see Table 1).
Missing family history was also imputed
(i.e. assumed to be “no” for 13% of core
cases). Cases with item-missing data for
other variables were dropped from the
final regression models.

Predictor variables

We derived certain predictor variables from
answers to the CANRISK questionnaire (e.g.
BMI from weight and height). We converted
continuous variables such as age and BMI
into categorical variables and then adopted
a dummy variable approach for logistic
regression analysis. This allowed non-
linearities in the predictor variables while
still generating a practical scoring algorithm
where scores can be summed using simple
arithmetic (e.g. the paper-based version of
the CANRISK scoring tool). Smoking status
was only available for selected pilot sites
(63% of total observations) since this
question was added to the CANRISK
questionnaire during the last phase of data
collection. (The smoking variable was
intended for use in other potential data
linkage studies regarding cardiovascular risk.
For this reason, and because of the large
percentage of item-missing data, smoking
was not included as a predictor in the
CANRISK dysglycemia prognostic model.)

" http://www.diabetes.ca/documents/for-professionals/NBI-CANRISK.pdf.
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Outcome variable

For the purposes of validation, the outcome
for the prognostic model was dysglycemia
based on the collective results of participants’
blood tests (FPG and 2-hour 75 g OGTT
value) according to standard World Health
Organization 2006 criteria.?-

Model validation and performance:
general approach

Following standard statistical methods,
we validated the CANRISK model using
the split-sample test-set approach.? This
process of internal validation involved
randomly splitting the core CANRISK
dataset into a derivation “test” dataset
made up of 70% of the available cases
(n = 4366), with the remaining 30% “set”
data (n = 1857) serving as the validation
dataset. In the first step, we used the “test”
training data to estimate the prognostic
model using logistic regression. The
Hosmer-Lemeshow summary statistic and
the associated Brier score** were used to
assess the goodness-of-fit of the model.
We then used the resulting regression
coefficients to predict dysglycemia in the
“set” dataset. We assessed the accuracy of
the regression model (i.e. discrimination in
terms of correctly classifying true-positive
cases with dysglycemia) using receiver
operating characteristic (ROC) curves. For
measuring the overall performance of
the regression model in terms of predictive
validity, we used the area under the
curve (AUC) summary statistic (i.e. the
concordance c statistic).

Finally, for various potential CANRISK
score thresholds, we calculated standard
measures of sensitivity, specificity, positive
predictive value (PPV) and negative
predictive value (NPV) in order to assess
the diagnostic validity of the screening
test at each threshold.

Creating the CANRISK prognostic model
for dysglycemia

As the first step, we used data from the
cross-sectional test subsample to estimate
three logistic regression models to predict
the dysglycemia outcome. These were




TABLE 1
Characteristics of core CANRISK participants (n = 6223)

Q Characteristics by response to CANRISK questions? Percentage, Valid number, Number with
% n missing data
3 Male 36.4 2263 0
1  Age, years (mean = 52.6; SD = 12.5) 0
19-44 26.4 1644
45-54 27.5 1712
55-64 28.5 1774
65-78 17.6 1093
2 BMI (kg/m?)° 0
Normal/underweight (< 25) 42.8 2666
Overweight (25-29.9) 33.0 2052
Obese, non-morbid (30-34.9) 15.8 982
Obese, morbid (35+) 8.4 523
3 Waist circumference (cm) 368
Male < 94 / Female < 80 19.5 1213
Male 94-102 / Female 8088 26.4 1643
Male > 102 / Female > 88 54.1 3367
4 Daily brisk physical activity > 30 minutes
No 37.8 2350 13
5 Daily consumption of fruit/vegetables
No 239 1484 4
6  High blood pressure diagnosed by a doctor or nurse / has taken medication for blood pressure
Yes 31.6 1954 46
7 High blood sugar confirmed by a blood test / during an illness / during pregnancy
Yes 13.5 822 141
8  Positive family history of diabetes
Mother 25.7 1390 824
Father 20.2 1039 1077
Sibling 24.6 1301 933
Child 2.5 148 326
Other relatives 33.2 1795 824
9  Ethnicity (mother)
White (Caucasian) 65.7 4089 0
Aboriginal 12.1 756 0
Black 3.5 220 0
Latin American 2.8 175 0
South Asian 53 328 0
East Asian 10.1 629 0
Other 1.0 63 0
10 Ethnicity (father)
White (Caucasian) 66.0 4084 34
Aboriginal 11.3 698 31
Black 3.6 222 31
Latin American 2.7 169 30
South Asian 5.3 327 30
East Asian 10.2 632 30
Other 1.2 72 34
11 Education 16
Some high school or less 23.2 1443
High school diploma 21.4 1330
Some college or university 26.8 1669
University or college degree 28.6 1781

Continued on the following page
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TABLE 1 (Continued)

Characteristics of core CANRISK participants (n = 6223)

Q Characteristics by response to CANRISK questions? Percentage, Valid number, Number with
% n missing data
12  Self-rated health status 27
Excellent 10.4 648
Very good 33.2 2067
Good 42.1 2618
Fair/poor 14.3 890
13 Smoking status®
Daily cigarettes 13.6 534 2294
15 History of gestational diabetes (% females) 7.5 258 268
16  History of macrosomia (% females) 22.0 678 202
Abbreviations: BMI, body mass index; CANRISK, Canadian Diabetes Risk Assessment Questionnaire; Q, question number from CANRISK.
2 For the complete version of the CANRISK questions, see http://www.diabetes.ca/documents/for-professionals/NBI-CANRISK.pdf.
b From self-reported weight and height.
¢ Imputed missing waist circumference (6% of core cases) from mean values obtained from participants with valid data.
d Missing family history (13% of core cases) was assumed to be “no”.
€ These responses come from selected pilot sites only.
(1) the Obesity model, using BMI, waist population. Minimizing the number of involved maximizing the correct

circumference, age and sex. (This basic
model was intended to reflect observable
risk factors commonly used for diabetes
screening); (2) the FINDRISC Variables
model, using the eight questions in
FINDRISC (i.e. the first eight questions
on CANRISK). (This model reflected
how well the FINDRISC variables predicted
dysglycemia in a cross-sectional analysis
within the CANRISK dataset); and
(3) the CANRISK model, using all the
variables available from the CANRISK
questionnaire. (This “full information”
model reflected ethnicity and other
variables added to the basic FINDRISC
Variables model).

Statistical analysis

In developing the CANRISK prognostic
model we recognized that the existing
FINDRISC scores derived from 10-year
cumulative incidence (i.e. definitive
long-term diabetes outcome) should be
retained and enhanced, rather than
replaced with an entirely new prognostic
model based on current dysglycemia
(i.e. short-term risk condition from
blood testing on one occasion). Our
statistical methods therefore reflect our
analytical objective to adapt the existing
FINDRISC prognostic model by including
ethnicity and other key variables to
ensure generalizability to the Canadian
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predictor variables was not paramount
in this case.

Using the “test” training dataset, we

proceeded to develop the CANRISK

prognostic model according to the
following steps:

(1)We assessed correlations between the
dependent variable (dysglycemia) and
various independent variables (pre-
dictors). We also assessed correlations
between predictors to identify potential
multicollinearity, which would violate
the independent variable assumption.

(2)We conducted univariate analyses to
determine the strength of association
between dysglycemia and individual
predictors. We used these results to
determine the order of entry of
the Canadian predictors into the
CANRISK model.

(3)We forced FINDRISC’s eight questions
into a logistic regression to create the
FINDRISC Variables model, measuring its
performance in terms of goodness-of-fit
and accuracy.

(4) We added ethnicity and other potential
predictors to the basic FINDRISC
Variables model in a series of steps,
assessing gains in model performance
at each step, and using the likelihood
ratio to assess the added predictive
power. Variable selection in the final
CANRISK prognostic model therefore

classification of true-positive cases by
the overall model, while ensuring
goodness-of-fit as well as statistical
significance of the overall model and
individual predictors at o = 0.05. Each
variable in the final CANRISK model
was also subject to a priori expectations
regarding the correct sign, meaning
that a known risk factor should have
a positive coefficient and a known
protective factor should be negative.
Statistical analyses were performed
using SPSS version 15.0 for Windows.?

Results
The study population

Figure 1 illustrates how the available data
were organized for analysis. We excluded
3.9% of participants with missing data
for key variables from the “core” dataset.
Table 1 describes ethnicity and other key
characteristics of the 6223 persons
remaining in the core dataset and related
item-missing data for individual variables.

Blood test results (Table 2) showed that
20.5% of the participants tested positive
for dysglycemia (15.7% prediabetes;
4.8% newly detected diabetes). Of the
1273 cases of dysglycemia identified,
only 545 (43%) would have been identified
using fasting glucose alone.




FIGURE 1
CANRISK data

Total CANRISK
observations (N = 6475)

l

Core data
Not missing key data
(n = 6223) 96% total

Non-core data
Missing key data
(n = 252) 4% total

l

“Test” data
(n = 4366) 70% core

“Set” data
(n = 1857) 30% core

l

Obesity model
(n = 4366) 100% test

FINDRISC Variables
(n =4251) 97% test

CANRISK model
(n = 4091) 94% test

Estimation of the CANRISK
prognostic model

Table 3 presents the three different
prognostic models that we estimated
using logistic regression methods applied
to the core CANRISK data. In terms of
goodness-of-fit and overall significance,
all three models were highly significant
based on likelihood ratio and Pearson
chi-square (X?) at p < .001. The Hosmer-
Lemeshow summary statistic also indicated
that each of the models was a good fit. The
Brier score** for the CANRISK prognostic
model was 0.002; the typical range is
0 (perfect) to 0.25 (no predictive value).

The resulting CANRISK prognostic model
includes several key risk factors—notably
ethnicity—as well as family history, waist
circumference, BMI and other key variables.
As indicated by the odds ratios (ORs) in
Table 3, non-White ethnicity was a signi-
ficant risk factor compared to the White
reference group (e.g. OR = 2.69 for South
Asian people; 2.61 for East Asian people;
1.35 for Aboriginal people). Black ethnicity
(OR = 1.53; 95% CI: 0.92-2.54) was not
statistically significant but showed the
correct sign (positive coefficient) and was
plausible based on other epidemiological
studies;***8 it was therefore retained. Latin
American ethnicity and Other ethnicity

were both statistically insignificant.
Compared to high educational attainment
at the university or college level, low
educational attainment (OR = 1.60 for
less than high school) was statistically
significant as a risk factor, although
having only a high school diploma was
not. We retained the latter to reflect the
increasing risk associated with patterns of
low education. Being male (OR = 1.68)

was another significant risk factor in the
CANRISK model. (It was excluded from
the original FINDRISC model). Compared
to no family history of diabetes, positive
family history (i.e. OR = 1.21 for the
number of categories of first-degree relatives
affected with diabetes: mother, father,
sibling, child) was also significant in the
CANRISK model (family history of diabetes
had not been directly estimated in
FINDRISC). Family history for second-
degree relatives was statistically insignificant
and had the wrong sign (negative
coefficient), and was therefore rejected.
Diet and physical activity variables were
not statistically significant but did generate
the correct a priori sign (positive coefficient).
In keeping with the FINDRISC approach,
we retained these lifestyle variables in
the model for educational purposes. For
similar reasons, we also retained macro-
somia (i.e. women who gave birth to a
child weighing 4.1 kg or more) in the
CANRISK model despite its statistical
insignificance.

Other potential variables such as
self-reported health status were tried
but rejected due to implausible sign and
statistical insignificance of the coefficient.
Two variables were dropped due to multi-
collinearity: history of gestational diabetes
was highly correlated with history of
high blood sugar, and father’s ethnicity

TABLE 2
Blood test results used for validating CANRISK prognostic model

Blood test results? Percentage Cases
of total,>c detected,
% n

A Isolated IFG 3.8 238
B Isolated IGT 9.2 573
C High-risk prediabetes (IFG and 1GT) 2.6 163
D Total cases of prediabetes = A + B + C 15.7 974
E Diabetes detected via FPG only 0.8 52
F Diabetes detected via OGTT glucose challenge only 2.5 155
G Diabetes detected via both FPG and OGTT glucose challenge 1.5 92
H Total cases of screen-detected diabetes = E + F + G 4.8 299

Total cases of dysglycemia =D + H 20.5 1273

Cases with HbA1c > 6.5% from subset of 1057 participants* 4.2 44

Abbreviations: FPG, fasting plasma glucose; HbA1c, glycated haemoglobin; IFG, impaired fasting glucose;
IGT, impaired glucose tolerance; OGTT, 2-hour 75 g oral glucose tolerance test.

2 Results are based on standard 2006 World Health Organization diagnostic criteria.’¢

bh=6223 participants in the core dataset.
¢ Values may not add up the total due to rounding.

d Only selected pilot sites measured HbA1c.
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Comparison of three estimated logistic regression models based on outcome of dysglycemia

Number of dysglycemia events

CANRISK®

TABLE 3

Logistic regression model
FINDRISC Variables®

(n = 4091 test obs)

(n = 4251 test obs)

Obesity*

(n = 4366 test obs)

in each model subsample, n 852 873 902
OR 95% CI eCANRISK  pCANRISK! OR 95% Cl  p coefficient” OR 95% Cl [ coefficient”
score (3)* score
Intercept —3.84 —3.31 3.25
Variable
Ade, years
19-44 (ref) 1.00 1.00 1.00
45-54 2.01 1.53-2.63 0.70 7 1.77  1.37-2.28 0.57 198  1.55-2.52 0.68
55-64 3.33 2.55-4.37 1.20 13 2.81 2.20-3.59 1.03 327  2.59-4.13 1.19
65-78 4.21 3.12-5.69 1.44 15 3.65  2.78-4.79 1.29 433  3.37-5.57 1.47
BMI, kg/m?
< 25 (ref) 1.00 1.00 1.00
25-29.9 1.43 1.10-1.86 0.36 143  1.12-1.83 0.36 129  1.01-1.64 0.25
30-34.9° 2.43 1.78-3.33 0.89 9 2.74  2.07-3.63 1.01 212 1.59-2.82 0.75
35+ 3.70 2.61-5.24 1.31 14 3.55  2.60-4.84 1.27
Waist circumference, cm
M < 94/ F < 80 (ref) 1.00 1.00 1.00
M 94-102/ F 80-88 1.51 1.11-2.06 0.41 1.27  0.94-1.70 0.24 146  1.10-1.95 0.38
M >102/F > 88 1.74 1.24-2.45 0.56 1.29  0.95-1.76 0.26 1.77 1.30-2.42 0.57
Physical activity > 30 min/day
Yes (ref) 1.00 1.00
Nof 1.12 0.94-1.33 0.11 1 1.09  0.92-1.29 0.09
Eats fruit/vegetables every day
Yes (ref) 1.00 1.00
Nof 1.16 0.95-1.43 0.15 2 130  1.07-1.57 0.26
History of high blood pressure
No (ref) 1.00 1.00
Yes 1.43 1.20-1.70 0.36 4 142  1.20-1.68 0.35
History of high blood glucose
No (ref) 1.00 1.00
Yes 3.88 3.144.79 1.36 14 3.72  3.04-4.55 1.31
Family history of diabetes
None (ref) 1.00 1.00
First-degree relative with DM¢  1.21 1.09-1.34 0.19 2 1.31 1.11-1.54 0.27
gf"f’e’cstzilﬁ',"d degree relative — — — — 074 061089 031
Sex
Female (ref) 1.00 1.00
Male 1.68 1.39-2.04 0.52 6 1.56  1.32-1.84 0.44
Ethnicity
White (ref) 1.00
Aboriginal 135 1.004-1.82 0.30 3
Black 1.53 0.92-2.54 0.43 5
East Asian 2.61 1.93-3.52 0.96 10
South Asian 2.69 1.90-3.82 0.99 11
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TABLE 3 (Continued)

Comparison of three estimated logistic regression models based on outcome of dysglycemia

Logistic regression model

CANRISK® FINDRISC Variables® Obesity*
(n = 4091 test obs) (n = 4251 test obs) (n = 4366 test obs)
R S
OR 95% CI eCANRISK  pCANRISK! OR 95% Cl [ coefficient” OR 95% Cl 3 coefficient*
score () score

Intercept —3.84 —3.31 3.25
Variable
Macrosomia (women)*

No or N/A (ref) 1.00

Yes 1.06 0.81-1.39 0.06 1
Education

Some college/university (ref) 1.00

High school diploma’ 113 0.91-1.40 0.12 1

Less than high school 1.60  1.31-1.96 0.47 5

Abbreviations: BMI, body mass index; CANRISK, Canadian Diabetes Risk Assessment Questionnaire; Cl, confidence interval; DM, diabetes mellitus; eCANRISK, electronic-based CANRISK score;
F, female; FINDRISC, Finnish Diabetes Risk Score; M, male; N/A, not applicable; obs, observations; OR, odds ratio; pCANRISK, paper-based CANRISK score; ref, reference.

Notes: Shaded cells in FINDRISC Variables and Obesity models were not part of the assessment.

2 Uses all the variables available from the CANRISK questionnaire (http://www.diabetes.ca/documents/for-professionals/NBI-CANRISK.pdf).

b Uses the eight questions in FINDRISC (i.e. the first eight questions on CANRISK) and reflects how well the FINDRISC variables predicted dysglycemia in a cross-sectional analysis within the

CANRISK dataset.

€ Uses BMI, waist circumference, age and sex to reflect observable risk factors commonly used for diabetes screening.

4 Maximum pCANRISK score is 81 for females, 86 for males.

€ In the FINDRISC Variables model, this group is combined with BMI > 35 to represent body mass index of 30+ (i.e. similar to FINDRISC score variables).

fNot statistically significant but retained in the model for educational purposes.

€ In the CANRISK model, this group counts the number of categories of first-degree relatives affected, while in the FINDRISC model this group indicates whether any first-degree relative was affected.

h Statistically insignificant in the CANRISK model and with the wrong sign (negative coefficient).

I Black ethnicity was not statistically significant but showed the correct sign (positive coefficient) and was plausible based on other epidemiological studies,3' and was therefore retained.

j Having a high school diploma was not statistically significant but it was retained to reflect the increasing risk associated with patterns of low education.

*p<.05

was highly correlated (0.92) with mother’s
ethnicity. Including these variables in the
model led to counterintuitive signs on the
coefficients and decreased the goodness-
of-fit in the model. (Note that this does not
mean that father’s ethnicity is unimportant
or should not be measured. Rather, it means
that mother’s ethnicity can serve as a proxy
measure for both parents when estimating
the relevant model coefficient.)

Electronic and paper-based CANRISK scores

In order to implement the CANRISK model,
specific threshold scores are required as
potential credible cut-offs for determining
broad categories of diabetes risk: low,
medium and high. Because CANRISK scores
may be applied in various public health and
primary care settings, the scores have been

calculated for two different formats: (1) a
detailed “electronic” format (eCANRISK)
suitable for programmed risk calculators
(e.g. iPad App, online web calculator) and
(2) a “paper-based” format (pCANRISK)
based on simple arithmetic and rounded
coefficients (such as FINDRISC). For the
detailed electronic version, we calculated
eCANRISK scores by summing the relevant
beta coefficients from the logistic equation
in Table 3 for applicable variables. For
example, a 58-year-old White man with
no other risk factors except for his mother
having diabetes would have an eCANRISK
score calculated as: —3.84 (intercept)
+ 1.20 (aged 55-64 years) + 0.52 (male)
+ 0.19 (multiplied by 1, since only one
category of first-degree relative was
affected with diabetes) + 0.00 (normal
BMI, waist, etc.) = —1.93.

For the pCANRISK score, we followed the
approach used by Sullivan et al.? The score
was calculated based on a rescaled, rounded
version of the detailed beta coefficients
that make up the eCANRISK score. The basic
eCANRISK values were rescaled using the
formula beta/0.09393 to total a maximum
of 81 points for women and 86 points for
men. Rescaling to a larger number was
intended to minimize the effect of rounding
error on the paper-based scores. Using the
same example of a 58-year-old White man
with no other risk factors except for his
mother having diabetes the pCANRISK score
would be calculated as: 13 (aged 55-64
years) + 6 (male) + 2 (multiplied by 1, since
only one category of first-degree relative
was affected with diabetes) = 21. This is
low compared with the median paper-
based pCANRISK score (28) for the entire
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study population. (See Appendix A for a
detailed explanation of how electronic and
paper-based CANRISK scores may be used
to estimate the probability of dysglycemia.)

Figure 2 conveys the complex risk factor
relationships underlying the CANRISK
score and illustrates the strong positive
relationship between CANRISK score
and true dysglycemia outcome, where
dysglycemia prevalence in the highest
CANRISK decile (57%) is 25 times
higher than in the lowest decile (2%).

Assessing CANRISK’s overall performance:
validating the model.

We created CANRISK scores using the
“test” training data, which were then applied
using ROC analysis against the evaluation
“set” dataset in order to validate the
CANRISK logistic model against reference
standard blood tests (FPG and 2-hour
glucose challenge). This ROC analysis
evaluated how well CANRISK is able to
predict true dysglycemia (i.e. discrimination
of true-positive and negative cases).

As shown in Table 4, the discriminating
power of each CANRISK model across the
full range of possible risk score cut-offs is
indicated by the AUC summary statistic.
(This is also illustrated graphically by
the ROC curve in Figure 3.) Based on the
30% validation “set” data, the AUC for
eCANRISK and pCANRISK were both 0.75.

Comparing CANRISK and FINDRISC scores

As shown in Table 4 and Figure 3, the ROC
results compare the performance of various
models in terms of their ability to accu-
rately detect true dysglycemia. AUC results
indicate that both the pCANRISK (0.75) and
eCANRISK scores (0.75) are significantly
more accurate than the FINDRISC score
(0.66) and the simple Obesity model (0.69)
to greater than 95% confidence level.
CANRISK appears to be slightly more
accurate than the FINDRISC Variables model
though their confidence intervals overlap.

Finally, we established the diagnostic
validity of pCANRISK as a potential
screening test using selected scoring
thresholds for detecting dysglycemia in
the validation dataset (Table 5). These
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FIGURE 2

Dysglycemia by CANRISK decile
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TABLE 4

AUC results for ROC curve analyses

Model Validation "set" data
(n = 1676)
AUC 95% C1

Electronic score (eCANRISK) 0.75 0.73-0.78
Paper-based score (pCANRISK) 0.75 0.73-0.78
FINDRISC Variables 0.73 0.70-0.76
Obesity model 0.69 0.66-0.72
FINDRISC score 0.66 0.63-0.69

Abbreviations: AUC, area under the curve; CANRISK, Canadian Diabetes Risk Assessment Questionnaire;
Cl, confidence interval; FINDRISC, Finnish Diabetes Risk Score; ROC, receiver operating characteristic.

FIGURE 3
ROC curves
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TABLE 5

Predictive accuracy of CANRISK model at various scoring thresholds

pPCANRISK score Threshold score Sensitivity Specificity False-positive PPV NPV Percent of total CANRISK participants with
(detecting true rate scores below threshold score (screened out),

dysglycemia) (1-specificity) %

21 Slightly elevated 0.95 0.28 0.72 0.25 0.96 25

29 Moderate 0.80 0.55 0.45 0.31  0.92 50

32 Balanced 0.70 0.67 0.33 0.35 0.90 61

33 High 0.66 0.70 0.30 036 0.89 64

43 Very high 0.30 0.94 0.06 0.55 0.84 89

Abbreviations: CANRISK, Canadian Diabetes Risk Assessment Questionnaire; FINDRISC, Finnish Diabetes Risk Score; NPV, negative predictive value; pCANRISK, paper-based CANRISK;

PPV, positive predictive value.

selected threshold scores include three
pCANRISK scores corresponding to
FINDRISC cut-off scores in use in Finland,
as well as a balanced score. This “optimal
score”®® attempts to balance the sensitivity
and specificity of the test where the
point on the ROC curve is closest to the
(0, 1)-point denoting perfect discrimination.
It assumes that false positives are equally
important as false negatives. The balanced
cut-off for pPCANRISK is 32.

Table 5 shows the performance of
pCANRISK at these five selected screening
thresholds. (Note that these are arbitrary
and do not necessarily indicate desirable
screening thresholds). For a relatively
low score equating with FINDRISC’s
“slightly elevated” threshold, a pCANRISK
score of 21 or higher would have
sensitivity of 95% and specificity of 28%
(72% false-positive rate). The positive
predictive values (PPV) and negative
predictive values (NPV) for this threshold
would be 25% and 96% respectively.
At the other extreme, restricting screening
to those with a score of 43 or higher
(i.e. FINDRISC’s “very high-risk” threshold)
would markedly increase specificity and
the proportion of CANRISK participants
who would be screened out (for whom
follow-up testing or intensive educational
intervention would not be recommended),
but  would substantially  decrease
sensitivity and NPV. At the balanced
cut-off score of 32, the sensitivity would
be 70%, specificity 67%, PPV 35%, and
NPV 90%.

Figure 4 illustrates the relationship
between CANRISK and FINDRISC scores.
For slightly elevated, moderate-risk,
high-risk and very high-risk categories,

the comparable (median) paper-based
CANRISK cut-offs are 21, 29, 33 and
43 respectively. These correspond to
FINDRISC scores of 7, 12, 15 and 21
respectively. For each FINDRISC category,

Figure 4 shows the corresponding
mean and 95% confidence interval for
PCANRISK scores within the entire

FINDRISC category (i.e. not the cut-off
score itself). As expected, the CANRISK
scores increase monotonically across the
FINDRISC categories. This is useful for
relating information about future diabetes
incidence from the Finnish Diabetes
Prevention Study® to the CANRISK scores.
According to FINDRISC,*! more than 1 in
3 high-risk cases would likely develop

diabetes over the next 10 years, as
compared with 1 in 6 for those with
moderate-risk scores and 1 in 25 for
slightly elevated-risk scores.

Discussion
Model building

The CANRISK model includes terms for age,
BMI, waist circumference, physical activity,
fruit/vegetable consumption, history of
high blood pressure, history of high blood
glucose, family history of diabetes, sex,
ethnicity, maternal history of macrosomia,
and education. Four of these terms (sex,
ethnicity, macrosomia and education) were

FIGURE 4
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not part of the original FINDRISC scoring
metric. As anticipated, ethnicity was
strongly predictive of dysglycemia. The
OR associated with Aboriginal ethnicity
was lower than for some other non-White
ethnic groups, as some of this group’s
excess risk has been partially captured in
other predictors such as BMI, waist
circumference and educational attainment.

Regarding predictive validity, the AUC for
eCANRISK and pCANRISK were both 0.75,
indicating that both electronic and paper-
based CANRISK scores provide good
discrimination® (i.e. an ability to distinguish
true-positive and negative cases based on
reference standard blood test results). This
means that the predictive validity of
both CANRISK scores is confirmed in this
multi-ethnic study population. In other
words, the AUC results indicate that these
prognostic models can effectively distinguish
low-risk from high-risk cases. An AUC
of 1 would indicate perfect discrimination
(100% accuracy), and an AUC of 0.5 would
indicate discrimination no better than
chance. (A recent review of prognostic
models for predicting mortality’? found
a median AUC of 0.77 among a total of
94 eligible studies.) The Brier score* for
the model was 0.002, which also indicated
good predictive accuracy.

These results also indicate that CANRISK
is more accurate than the FINDRISC Score
model and the simple Obesity model for
detecting dysglycemia in this multi-ethnic
Canadian population.

However, a statistically validated model
need not be clinically valid,® and more
research is necessary to establish the clinical
utility of the model.

Screening thresholds

The aim of CANRISK was to develop a
simple risk calculator that could be used
both in the primary care setting and by
individuals themselves. It is first necessary
to select CANRISK scores as thresholds. The
choice of threshold score will determine
the accuracy of CANRISK at that particular
cut-off. A lower cut-off score would tend
to increase sensitivity but would also
increase the number of false positives being
referred for follow-up diagnostic testing.
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The choice of cut-point will also depend
on the amount of available resources for
subsequent diagnostic testing.

The choice of specific cut-off has both
potential clinical and economic impli-
cations; in a clinical setting, the choice
would affect the triaged portion referred
for follow-up (i.e. diagnostic testing or
lifestyle education). For instance, with a
paper CANRISK score of 29 as a moderate
cut-off, only 50% of CANRISK-assessed
cases (i.e. scores 29 +) would be referred
for follow-up. The remaining 50% of
screened-out cases might still receive
diagnostic testing on an individual basis
at a later date if their family doctor
were to order further testing based on
symptoms or other clinical indications.
Note that these screened-out percentages
would likely differ for the eventual target
population because the age and ethnic
distributions of the overall population
would likely differ from those of the core
CANRISK sample.

For the purpose of validation, the outcome
for the prognostic model was based on
the collective results of participants’ blood
tests (FPG and 2-hour 75g OGTT value).
Dysglycemia detection rates based on
the FPG alone would have significantly
underestimated prevalent dysglycemia:
59% of people with prediabetes and
52% of those with diabetes would have
been missed without the 2-hour glucose
challenge component of the OGTT. The
CANRISK prognostic model therefore
presumes that those referred by the risk
assessment will receive a diagnostic
assessment involving the OGTT. However,
a recent Ontario study® noted that the
reference standard OGTT test is under-
utilized in practice, being used in less
than 1% of all diabetes screening tests
among asymptomatic adults.

This same study* also found that a
significant amount of opportunistic
screening effort is already being expended
each year to detect diabetes among
asymptomatic Canadian adults. Over 63 %
of adults without diabetes had received
a diabetes screening blood test within
the previous 3 years. The large majority
of this ad hoc screening involves FPG
and increasingly HbAlc. An organized

triaged approach to screening involving
CANRISK for initial risk assessment may
help increase the cost-effectiveness of
detection efforts.

We intend to confirm current CANRISK
scores by following up the CANRISK
cohort in order to assess cumulative
diabetes incidence among various ethnic
groups and risk categories. For now, the
specific variables underlying the current
dysglycemia-based CANRISK score aim to
broaden the risk assessment discussion
with screened participants by quantifying
the risks posed by ethnicity, obesity, sex,
family history of diabetes, macrosomia
and other socio-economic factors.

Study limitations

Item-missing data was an issue for several
variables, particularly for family history of
diabetes. In the CANRISK model, it has
been assumed that persons who either did
not know or who provided no response
for history of diabetes for their mother
or a sibling were equivalent to “no.” This
assumption requires further confirmation
through additional data collection and
analysis. Other potential sources of
response bias may exist due to the
self-reported nature of predictor variables.
A further limitation of the study was that
individual study centres used different
eligibility criteria regarding those with
previously diagnosed prediabetes (all centres
excluded those known to have diabetes).
Similarly, during the second phase of their
recruitment, one study site (PEI) excluded
any persons with prediabetes who were
being prescribed the drug metformin.
(Most Canadian family physicians do not
prescribe metformin for patients with
prediabetes but use lifestyle treatment
instead.’*)

Participants in this CANRISK study were
recruited as volunteers, not as part of a
randomly selected population-based sample.
The resulting convenience sample of
CANRISK participants does not reflect the
proportions of the Canadian population at
large. However, obtaining a representative
sample was not the primary objective of
the study. Rather, the study group was
recruited in order to provide sufficient
numbers from various major ethnic groups




so as to provide adequate statistical power
for analyzing ethnicity as a risk factor. As
such, the convenience sample developed
for this study represents the intended
target groups. However, the fact that the
sample is not representative of the Canadian
population means that the overall perfor-
mance of the model and the importance
of ethnicity (and perhaps some other risk
factors) in the general Canadian population
may have been over-estimated.

Future research

Further work would be necessary to
determine the acceptability of CANRISK
in a clinical setting. For CANRISK to be
applied in a clinical context, practical
clinical decision rules based on specific
cut-off scores will need to be determined
by evaluating prospective economic
trade-offs between likely resulting costs
and health benefits. These decision rules
would need to strike a balance between
clinical priorities towards maximizing
prevention and other practical operational
constraints (e.g. testing capacity of local
laboratories) concerning the cost of various
diabetes screening scenarios. The actual cost
of diabetes risk assessment with CANRISK
will depend on local circumstances affecting
economies of scale in implementation (i.e.
scoring thresholds for specific follow-up and
testing) and the mode of delivery. A further
consideration needs to be the non-monetary
costs of false positives (worry) and false
negatives (false reassurance).

One potential use of CANRISK is in a non-
clinical setting by individuals. The utility
of CANRISK as an educational tool in this
context needs to be investigated. Further

research is also required to evaluate
practical implementation issues in various
settings. The model could be extended to
address other specific ethnic groups, such as
Latin Americans (i.e. non-White Hispanics),
which would help to broaden the applica-
bility of CANRISK to other North American
jurisdictions. Current variables describing
diet and physical activity could also be
enhanced through further data collection
and validation studies. The transporta-
bility of the CANRISK score to other
geographic areas and to the Canadian
population as a whole will help to further
establish the external validity of this new
prognostic model.

Successful implementation of the CANRISK
scoring tool will depend not only on the
successful uptake of the risk-scoring
questionnaire itself but also on the creation
of lifestyle intervention programs for those
persons assessed at moderate or high risk
of dysglycemia. Current evidence suggests
that effective lifestyle change requires a
“critical dose of prevention” involving 5 or
6 hours of facilitated discussion over the
course of 8 to 12 months.>¢ Based on current
economic studies, diabetes prevention stra-
tegies involving group lifestyle interventions
targeted to persons with prediabetes are
cost-effective’™ and may even generate
long-term cost savings for the health care
system.

Conclusion

This study has demonstrated that CANRISK
is a statistically valid tool that may prove
to be suitable for assessing diabetes risk
in Canada’s multi-ethnic population. The
addition of ethnicity to the basic FINDRISC

scoring model improves the ability to
distinguish diabetes and prediabetes for
early detection and intervention in a
Canadian context. Because this new risk
assessment tool is both inexpensive and
evidence-based, CANRISK may help to
enhance the efficiency and effectiveness
of targeted diabetes prevention among
those at moderate or high risk of developing
type 2 diabetes.
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Appendix

APPENDIX A: Estimating the probability of current dysglycemia based on CANRISK scores

The probability of current dysglycemia can be estimated for an individual based on either of the following two formulae, depending on whether the score is based
on eCANRISK or pCANRISK:

(1) Using electronic scores (eCANRISK):

1
P=13e®
wherez=a, +f, X, +3,X,..+ 8, X

n“"n’

(2) Using paper-based scores (pCANRISK):

1
P=rvem

wherem = a, + 0 (P, X, + P, X, ..+ P_X ), such that o, = —3.842 for the intercept term, and P, are the paper-based scores ()CANRISK) for each of the respective X
predictors, and o = 0.09393 (i.e. the rescaling factor for converting betas into paper scores). In our example, m = —1.869, yielding an absolute probability of 0.13.

such that o, = —3.842 for the intercept term for the logistic regression model, and /3, are the beta coefficients (eCANRISK scores)
for each of the respective X; predictors, from i = 1 to n. Based on the characteristics of the individual mentioned in the main text of the paper (a 58-year-old
White man with no other risk factors other than his mother having diabetes), z = —1.929, yielding an absolute risk of 0.13.
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