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ABSTRACT
Aims/Introduction: The progression from prediabetes to type 2 diabetes is pre-
ventable by lifestyle intervention and/or pharmacotherapy in a large fraction of individuals
with prediabetes. Our objective was to develop a risk score to screen for prediabetes in
the Middle East, where diabetes prevalence is one of the highest in the world.
Materials and Methods: In this cross-sectional, case–control study, we used data of
4,895 controls and 2,373 prediabetic adults obtained from the Qatar Biobank cohort. Sig-
nificant risk factors were identified by logistic regression and other machine learning
methods. The receiver operating characteristic was used to calculate the area under curve,
cut-off point, sensitivity, specificity, positive and negative predictive values. The prediabetes
risk score was developed from data of Qatari citizens, as well as long-term (≥15 years) resi-
dents.
Results: The significant risk factors for the Prediabetes Risk Score in Qatar were age, sex,
body mass index, waist circumference and blood pressure. The risk score ranges from 0
to 45. The area under the curve of the score was 80% (95% confidence interval 78–83%),
and the cut-off point of 16 yielded sensitivity and specificity of 86.2% (95% confidence
interval 82.7–89.2%) and 57.9% (95% confidence interval 65.5–71.4%), respectively. Predia-
betes Risk Score in Qatar performed equally in Qatari nationals and long-term residents.
Conclusions: Prediabetes Risk Score in Qatar is the first prediabetes screening score
developed in a Middle Eastern population. It only uses risk factors measured non-inva-
sively, is simple, cost-effective, and can be easily understood by the general public and
health providers. Prediabetes Risk Score in Qatar is an important tool for early detection of
prediabetes, and can help tremendously in curbing the diabetes epidemic in the region.

INTRODUCTION
Diabetes has become a global epidemic, and type 2 diabetes
represents 90% of all diabetes cases1. Of great concern is that
half of all people living with diabetes are undiagnosed1, often
leading to late diagnosis of the diabetes-associated macro- and
microvascular complications. Furthermore, it is estimated that
7.5% of the world population has prediabetes2,3. Prediabetes is
a condition where blood glucose concentrations are higher than
normal, but not meeting the absolute definition of diabetes.
Specifically, according to the American diabetes Association,

prediabetes is characterized by a level of hemoglobin A1C
(HbA1c) between 39 and 47 mmol/mol (5.7 and 6.4%), a fast-
ing plasma glucose between 5.6 and 6.9 mmol/L or a 2-h
plasma glucose between 7.8 and 11 mmol/L. Prediabetes is a
major independent risk factor for developing type 2 diabetes.
In fact, prospective studies have shown that 5–10% of individu-
als with prediabetes progress to type 2 diabetes annually4.
Additionally, whereas just 5% of individuals with normal glyce-
mia will go on to develop type 2 diabetes, 33–65% of those
with prediabetes will develop type 2 diabetes within 6 years5.
The prevalence of prediabetes is projected to increase to 8.6%
by 20452,3. Consequently, the incidence of type 2 diabetes is setReceived 20 April 2020; revised 1 October 2020; accepted 6 October 2020
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to worsen without preventive actions. A major challenge to
addressing prediabetes is that it can be asymptomatic for a long
time, as is type 2 diabetes for that matter. As such, it can
silently and gradually damage vital organs, and thus pave the
way for diabetes-associated micro- and macro-vascular compli-
cations.
Epidemiological studies from different Middle Eastern coun-

tries, especially the Gulf Cooperation Council nations, have
reported that, like type 2 diabetes, prediabetes is highly preva-
lent, with reported rates ranging between 20 and 40%6,7. These
alarming data raise great concern in the region given the
above-mentioned annual conversion rates. Fortunately, many
lines of recent scientific evidence have shown that the progres-
sion from prediabetes to type 2 diabetes can be prevented, or
at least delayed, in a large fraction of individuals with predia-
betes in response to intensive lifestyle intervention (ILI) or
medication, such as with metformin8–13. The effect of ILI on
reversing type 2 diabetes or preventing the conversion of predi-
abetes to type 2 diabetes in the Middle East has rarely been
investigated. Recently, Alfawaz et al.14 investigated the effects of
different dietary and lifestyle modification therapies on meta-
bolic syndrome in Saudi adults with prediabetes in a 12-month
longitudinal study. They found that full metabolic syndrome in
the ILI program group decreased by 26% compared with 8.2%
in the general advice group. That study, despite the short fol-
low-up period, and given the cultural, behavioral and ethnical
similarities between the Middle Eastern populations, promis-
ingly shows that ILI can potentially be effective in preventing
type 2 diabetes in different countries in the region, and should,
thus, be given more attention. Taken together, the available sci-
entific evidence suggests that identifying individuals with predi-
abetes is crucial, and can be a highly cost-effective step in
curbing the type 2 diabetes epidemic sweeping the Middle East
region.
Currently, prediabetes is diagnosed with the 2-h oral glucose

tolerance test, fasting plasma glucose or HbA1c blood tests.
However, these assays are invasive, inconvenient, might take
long time and are relatively expensive, especially in poor
countries. Furthermore, they are not suitable for routine
screening programs in populations with a high prevalence of
prediabetes or type 2 diabetes. Therefore, the fight against the
relentless type 2 diabetes epidemic in the Middle East might
take advantage of a tool that could facilitate screening by
identifying a subset of the population for whom laboratory
screening is required. To date, we are not aware of any predi-
abetes screening tool risk score that was developed for Middle
Eastern populations. Given the burden of type 2 diabetes and
prediabetes in the region, a simple, reliable and cost-effective
screening method, such as a prediabetes risk score, which can
be easily carried out in clinical or community settings by pri-
mary healthcare physicians and by the general public, is of
significant clinical importance for the efforts undertaken to
curb the diabetes epidemic. The aim of the present study was
to build a prediabetes risk score and evaluate its performance

for screening prediabetes using a cohort of adult Qatari
nationals and long-term residents who lived in Qatar
≥15 years.

METHODS
Study population
We initially obtained clinical, anthropometric and demographic
data of 7,386 individuals aged between 18 and to 86 years
(6,000 Qatari and 1,383 long-term residents) from the Qatar
Biobank, which started collecting data from the general popula-
tion in Qatar since 201215. After exclusion of individuals with
body mass index (BMI) <18.5 kg/m2, we had 7,268 participants
(5,903 Qatari and 1,365 long-term resident). Out of these 7,268
samples, there were 4,895 controls (67.4%) and 2,373 with pre-
diabetes (32.6%). According to the American Diabetes guideli-
nes16, prediabetes cases were defined as those individuals with
HbA1c between 39 mmol/mol (5.7%) and 47 mmol/mol
(6.4%), whereas controls were those with HbA1c <39 mmol/
mol (5.7%). Written consent to use collected data for research,
and was obtained by the Qatar Biobank for all the participants.
The present project was approved by the institutional review
board of the Qatar Biobank (protocol Ex-2018-Res-ACC-0123-
0067).

Training and validation populations
For the training stage, we used a case–control design that
included 1,902 cases and 3,912 healthy controls. To validate the
model developed in the training stage, we used data from 983
healthy controls and 471 cases. The chart of the flow of the
analysis starting from acquiring the Qatar Biobank cohort to
the Qatar prediabetes risk score development is shown in
Figure S1.

Variable categorization
Our aim was to build a prediabetes risk score that uses vari-
ables that can be measured routinely, objectively, cheaply, easily
and non-invasively in any primary clinical setting or even by
the general public. Therefore, 13 variables were requested,
including age, sex, BMI, waist circumference (WC) and hip cir-
cumference, systolic blood pressure (SBP), diastolic blood pres-
sure (DBP), pulse, cigarette smoking, shisha smoking, other
household smoker, snoring and occupation. All the variables
had <10% missing values, which were imputed using the MICE
package in R version 3.5.2 (R Foundation for Statistical Com-
puting, Vienna, Austria). For variable categorization, we used
conventional cut-offs or well-accepted clinical guidelines when
available, as shown in Table S1. Age (in years) was divided into
three groups (18–35, 36–54 and 55 years). For BMI (in kg/m2),
we used the Caucasian cut-offs, and we categorized BMI into
three groups: normal (BMI 18.5–24.9 kg/m2), overweight (BMI
25–29.9 kg/m2) and obese (BMI ≥30 kg/m2). The WC (in cm)
was categorized into three levels, but with different cut-offs for
men and women (level 1: <94 cm for men and <80 cm for
women; level 2: 94–102 cm for men and 80–88 cm for women;
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level 3: >102 for men and >88 for women). The blood pressure
categorization was based on the American Heart Association
guidelines17, but participants were categorized into only the
normal state if SBP <130 mmHg and DBP < 80mmHg, or the
hypertensive state if SBP ≥130 mmHg or DBP >80 mmHg
(Table S1).

Statistical analysis
All statistical analysis was carried out using R version 3.5.2, and
R package “h2o” (version 3.17.0.4195) for building the other
machine learning (ML) models. Descriptive statistics were used
to describe the baseline characteristics of participants. Indepen-
dent Student’s t-test was used to compare the means, where
the v2-test was used to compare proportions and the depen-
dence between the prevalence of prediabetes and the different
categories of risk factors. For the optimal cut point to dichoto-
mize the prediabetes score, we used Youden’s J statistic18. Given
the high prevalence of prediabetes in Qatar, and in the Middle
East in general, we wanted to prioritize the sensitivity to iden-
tify as many cases as possible. Therefore, we used a modified
and generalized formula for Youden’s J statistic, which is a
weighted version for Youden’s J statistic19. To this end, we
chose a weight for specificity that is two-thirds less that the
weight of specificity. For the clustering analysis, we used the K-
means algorithm20 and the R package “cluster” version 2.1.021

to cluster and group our cohort into three clusters based on
age, sex, waist size, BMI, SBP and DBP. Statistical significance
for all tests was set at P < 0.05.

Development of the prediabetes diagnostic model
Two strategies were used for building the prediabetes risk score.
The first one relied on multivariate logistic regression (LR),
whereas the second relied on more complex ML techniques.
Prediabetes was used as an outcome variable; if HbA1c % was
in the prediabetes range, the outcome was set as 1; if not, it
was 0. For the development of the diagnostic LR model, we
apportioned the data into training and validation sets, with an
80/20 split. The most relevant variables were identified using
forward then backward binary logistic regression. Initially, we
separated the Qatari nationals from the long-term residents.
However, the model we developed performed equally in both
populations. Therefore, we decided to merge the two popula-
tions and treat them as one. We developed two LR models. In
the first model, we used the variables sex, age, BMI, blood pres-
sure and waist-to-hip ratio. In the second model, we replaced
the waist-to-hip ratio with WC. We compared the two models
and did not find any significant difference (comparable areas
under the curve [AUCs]; data not shown). Therefore, for rea-
sons of clinical practicality (i.e., no need for hip measurement
and calculation of waist-to-hip ratio), we decided to use the
second model for building our score. The optimized LR diag-
nostic model was then tested using the validation sample popu-
lation. Different metrics can be used to determine the cut-off of
a diagnostic model, including Matthew’s correlation coefficient,

accuracy and balanced accuracy (BACC). We tested all of them,
and, because our training and testing data were unbalanced, we
decided to use the BACC metric. Similarly, we used the same
training and validation sample populations to build four diag-
nostic models based on four different complex ML techniques,
including random forest22, gradient boosting machine23,
XgBoost24 (a more scalable and accurate version of gradient
boosting machine) and, finally, deep learning25. For these mod-
els, we used 10-fold cross-validation. Details about these tech-
niques can be found in Appendix S1. The AUC values of the
four complex ML models were thereafter compared with the
AUC value of the LR diagnostic model.

RESULTS
Basal characteristics of participants
The basal characteristics of the participants in the training and
validation datasets are presented in Table 1. The percentage of
men in the healthy group and prediabetes participants in the
training population was 47.37 and 49.58%, respectively, whereas
in the validation population, men represented 46.08% of con-
trols and 48.2% of the cases. People with prediabetes were sig-
nificantly older than healthy controls in both datasets, but the
prevalence of prediabetes was 32% in the two sets. As com-
pared with controls, the cases had significantly higher BMI,
WC, hip circumference, SBP and DBP.

Relationship between the prevalence of prediabetes and the
categories of different variables
Table S2 shows the relationships between the prevalence of pre-
diabetes and the categories of the five risk factors in the train-
ing data. The prevalence of prediabetes increases with
increasing age, BMI, waist circumference and high blood pres-
sure. Being male does also increase the prediabetes risk slightly.
There was a significant dependence between the prevalence of
prediabetes and the categories of the different risk factors
(P < 0.001), except for sex, where the significance was sugges-
tive (P = 0.079).

Prediabetes risk score model and risk score scale
The score points contributed by each risk factor to the final
prediabetes score were obtained by multiplying the b coefficient
in the LR equation by 10 and rounding it to the nearest inte-
ger. Therefore, for each participant, the total score was esti-
mated by summing the scores derived for each risk factor
category (Table 2). In the final LR model, we used age, BMI,
BP, sex and WC as predictors. In the present cohort, age was
the most important predictor that influenced the risk of predia-
betes, with individuals aged ≥55 years scoring 22 points. Being
obese increased the score by 5 points, as did hypertension;
whereas level 3 of WC raises the score by 8 points. Being male
on the other hand added 4 points to the score. The scale of the
score ranged from 0 to 45 points. The minimum score was 0,
and was obtained when a participant scored 0 in all risk fac-
tors. The maximum score was 45, and is obtained when the
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participant had the maximum risk in all the risk factors
(Table 2).
For the sake of clarity, we divided the risk score of having

prediabetes into three categories: low risk (0–16 points), moder-
ate risk (17–27 points) and high risk (>27 points; Table S3).
We tested these risk categories in the training data, and found

that among the 3,098 low-risk participants, there were 2,648
controls and just 450 with prediabetes (14.53%); among the
1,742 moderate-risk participants, 943 are healthy, whereas 781
had prediabetes (45.3%); and finally, among the 992 high-risk
participants, there were 321 controls and 671 with prediabetes
(67.64%; Table 3).
We compared the baseline characteristics of the low-, med-

ium- and high-risk participants in the training and validation
sets, and found that age, SBP, DBP, BMI, waist size and the
percentage of men were all significantly higher in the high-risk
group in both datasets (Table 4). Additionally, we defined three
clusters based on age, SBP, DBP, BMI, waist size and sex
(Table 4). The baseline characteristics of the three clusters are
shown in Table 5. Interestingly, from the clustering results, we
can map each cluster to one of the risk groups. Cluster 1 had
59.97, 9.81 and <1% from the low-, medium- and high-risk
groups, respectively. Whereas cluster 2 had 39.34, 60.37 and
10.94 from the low-, medium- and high-risk groups, respec-
tively. Finally, cluster 3 had <1, 29.82 and 88.98% from the
low-, medium- and high-risk groups, respectively. Therefore,
based on our variables, we could map cluster 1, cluster 2 and
cluster 3 to the low-, medium- and high-risk groups, respec-
tively.
The performance of the LR model in the training sample

was tested by constructing a receiver operating characteristic
curve. The AUC of the LR model in the training data was
found to be 79% (95% confidence interval [CI] 77–80%). The
optimal cut-off, based on the weighted version for Youden’s J
statistic, of the total score was 16, which gave a BACC of
70.5% (95% CI 68.8-72.5%) and an accuracy of 65.2% (95% CI
64–66.4%). The specificity, sensitivity, positive predictive value
and negative predictive value of the training model at the cut-
off of 16 were 55.3% (95% CI 53.7–56.9%), 85.6% (95% CI 84–
87.1), 48.2% (95% CI 46.5–50%) and 88.8% (95% CI 87.4–
90%), respectively. The AUC, sensitivity, specificity, ACC,

Table 1 | Baseline characteristics of participants in training and validation datasets

Training dataset Validation dataset

Controls (3,912) Cases (n = 1,902) P Controls (n = 983) Cases (n = 471) P

HbA1c% 5.3 – 0.3 6.2 – 0.2 <0.001 5.4 – 0.3 6.4 – 0.2 <0.001
HbA1c (mmol/mol) 30.5 – 5.2 40.4 – 6.3 <0.001 31.6 – 4.2 42.6 – 7.3 <0.001
Age (years) 37 – 11 48 – 12 <0.001 37 – 10 49 – 12 <0.001
Waist (cm) 87 – 13 97 – 13 <0.001 87 – 13 96 – 12 <0.001
Hip (cm) 106 – 11 111 – 11 <0.001 107 – 11 110 – 11 <0.001
SBP (mmHg) 112 – 13 122 – 16 <0.001 112 – 13 122 – 16 <0.001
DBP (mmHg) 68 – 10 73 – 11 <0.001 68 – 10 73 – 11 <0.001
Pulse (b.p.m.) 70 – 10 70 – 10 0.18 70 – 10 71 – 10 0.06
BMI (kg/m2) 29 – 6 32 – 6 <0.001 29 – 6 32 – 6 <0.001
Sex (% men) 47.37 49.58 0.12 46.08 48.2 0.48
Prediabetes (%) 32 32

Data shown as the mean – standard deviation or proportion. Student’s t-test was used to compare continuous variables, and the v2-test to com-
pare proportions. BMI, body mass index; HBA1c, hemoglobin A1C; DBP, diastolic blood pressure; SBP, systolic blood pressure.

Table 2 | Multivariate logistic regression model and assigned score for
each variable category

b P-value OR Assigned score

Age (years)
18–36 Reference 0
36–54 1.22 <0.001 3.39 12
≥55 2.2 <0.001 9 22

BMI
Normal Reference 0
Overweight 0.18 0.12 1.19 2
Obese 0.47 <0.001 1.6 5

Blood pressure
Normal Reference 0
Hypertension 0.61 <0.001 1.85 6

Sex
Female Reference 0
Male 0.3 <0.001 1.36 3

Waist circumference
Level 1 Reference 0
Level 2 0.27 0.01 1.31 3
Level 3 0.86 <0.001 2.36 9
Cutoff point† 16

A score is attributed to each variable category by multiplying the b
coefficient by 10 and rounding to the nearest integer. The odds ratio
(OR) was obtained by exponentiating the b coefficients (OR exp[b]).
BMI, body mass index. †The cut-off point is the score that gives the
best balanced accuracy, sensitivity and specificity.
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BACC, positive predictive value and negative predictive value at
different cut-off scores of the Prediabetes Risk Score in Qatar
(PRISQ) on the training and testing datasets are shown in
Table 6.

Validation of the prediabetes risk score model
We assessed the performance and the robustness of our scoring
system using the testing dataset (983 control and 471 cases).
The AUC of the validation model was 80% (95% CI 78–83%;
Figure 1;Table 4), which is comparable to the AUC of the
training model 79% (95% CI 77–80%), showing the steadiness
of our prediabetes risk score model. At the cut-off point of 16,
the specificity, sensitivity and BACC for the model in the vali-
dation population were 57.88% (95% CI 54.73–61%), 86.2%
(95% CI 82.75–89.19%) and 72.04% (95% CI 68.74–75.09%),
respectively. The positive predictive value and negative predic-
tive value values are 49.5% (95% CI 46.04–53%) and 89.75%
(95% CI 887.12–92%), respectively. We tested the model in the
validation dataset and found that among the low-risk partici-
pants, just 13.65% had prediabetes; this prevalence jumped to
68% among the high-risk individuals (Table 3).

Comparison of logistic regression and complex ML
prediabetes models
We used the five risk factors included in the LR diagnostic
model in four prediabetes diagnostic models developed using
more complex ML techniques, including random forest, gradi-
ent boosting machine, XGBoost and deep learning
(Appendix S1). The receiver operating characteristic curve
curves and AUC values for the four ML models are shown in
Figure 1. The details about the different metrics for the four
models are shown in Table S4. The performance of the ML
models was comparable to that of the LR model (Figure 1).

DISCUSSION
To our knowledge, this is the first study to describe a screening
risk score tool for prediabetes using a population from the
Middle East. PRISQ is a non-invasive tool to screen predia-
betes. It is easy to interpret, as the higher the score the greater
the risk of having prediabetes. This scoring system can be used

either as a simple web application open to any individual who
has the measurements of the risk factors, or implemented in
primary care centers and used routinely by health personnel.
Given the evidence of the prediabetes-associated harms, includ-
ing development of type 2 diabetes, risk of cardiovascular dis-
ease26,27, kidney28 and nerve damage29, as well as the strong
data showing that progression from prediabetes to type 2 dia-
betes can be prevented in individuals with prediabetes by inten-
sive lifestyle intervention and/or pharmacotherapy9,30–32, this
tool has the potential to play an important role in curbing the
type 2 diabetes epidemic sweeping the Middle East33. Efficient
early identification of prediabetes, as is the case for many other
conditions, will significantly affect the intervention strategies
and improve outcomes. Furthermore, PRISQ can also have a
potential utility in research settings to help recruit participants.
Despite the scientific evidence supporting the prediabetes-as-

sociated harms, the threat posed by prediabetes is being over-
looked, either because of its asymptomatic nature or because of
a lack of public awareness or of knowledge in the medical com-
munity1,34,35. In the present study, we developed a prediabetes
risk scoring system that is simple, easy to use and understand
by health providers in primary care. It is quick and does not
require any blood assays. The required parameters can all be
obtained by a nurse in the triage room, before the encounter
with the physician who can immediately see the score and
make an appropriate decision in the case of individuals with a
high risk of having prediabetes. We do not know of any predi-
abetes risk score that has been developed for Middle Eastern
populations as yet.
Although our score was built using data from the Qatari

population, we anticipate that it can be used in the neighboring
countries, such as the other nations of the Gulf Cooperation
Council, given the shared genetic background, climate, ethnicity
and lifestyle habits. Furthermore, we separately analyzed Qatari
nationals and long-term residents, including people from other
neighboring Arab countries, such as Egypt, Jordan, Lebanon
and Iraq, and did not see any difference in terms of perfor-
mance of our diagnostic model. This suggests that PRISQ
might be useful in other Middle Eastern countries. Other predi-
abetes scores have been developed for other populations, but

Table 3 | Prediabetes prevalence in training and testing populations based on risk levels defined by the risk score

Risk level Score range Control Case Total Percentage of prediabetes

Training dataset
Low 0–16 2,648 450 3,098 14.53
Moderate 17–27 943 781 1,724 45.3
High >27 321 671 992 67.64

Testing dataset
Low 0–16 677 107 784 13.65
Moderate 17–27 226 194 420 46.19
High >27 80 170 250 68
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we believe that the genetic and environmental determinants of
prediabetes might render these scores unsuitable for Middle
Eastern populations. Indeed, previous studies have shown that
scores to screen for prediabetes developed for certain popula-
tions did not perform as well in other populations, and some-
times even between two populations from the same country,
but different regions36. Also, Gl€umer et al.37 showed that the
risk score they developed for undiagnosed type 2 diabetes per-
formed well in different Caucasian populations, but poorly in
non-Caucasian populations.
Compared with other LR-based prediabetes risk scores devel-

oped in other countries for adult populations, the discrimina-
tion capability of the PRISQ risk score, as measured by the
AUC of the receiver operating characteristic curve, was 80%,
higher than many other scores developed in other countries,

such as Indonesia (AUC 62.3%)38, China (two scores: AUC
74% and AUC 70%)36,39 and the USA (AUC 74%)40. Accord-
ing to our risk score, a person with a score between 17 and 27
would be considered as being at moderate risk of prediabetes,
whereas a score >27 would be considered high risk. Our score
showed a good sensitivity (86.02%) at the cut-off point of 16.
Given the high prevalence of prediabetes in the Middle Eat

in general, as well as the high risk of converting from predia-
betes to type 2 diabetes, one would like to have a very sensitive
test to detect as many cases as possible. This will obviously
come at a price of increasing the number of false positives.
However, given the low cost of the confirmatory blood tests
and the fact that prediabetes is not a life-threatening condition,
at least in the short term, the benefits of being falsely identified
with the condition outweighs the risk of not being diagnosed.

Table 4 | Baseline characteristics of the low, medium and high-risk groups in the training and validation sets, and clusters obtained with K-means
clustering analysis based on age, body mass index, systolic blood pressure, diastolic blood pressure, waist size and sex

Training data set Validation dataset

Low
(n = 2,438)

Moderate
(n = 2,069)

High
(n = 1,307)

P Low
(n = 634)

Moderate
(n = 488)

High
(n = 332)

P

Basic characteristics
Age (years) 30.71 – 6.91 43.08 – 8.01 54.07 – 9.55 <0.0001 31.61 – 7.43 42.87 – 7.74 54.61 – 9.86 <0.0001
SBP (mmHg) 106.90 – 9.93 115.78 – 2.06 129.87 – 15.10 <0.0001 106.42 – 9.20 115.81 – 12.35 130.65 – 14.99 <0.0001
DBP (mmHg) 64.79 – 8.63 70.63 – 10.28 75.97 – 11.45 <0.0001 64.36 – 8.39 71.40 – 10.48 75.64 – 11.50 <0.0001
BMI (kg/m2) 26.53 – 4.80 31.04 – 5.16 33.77 – 5.24 <0.0001 26.40 – 4.49 31.37 – 5.18 33.53 – 5.71 <0.0001
Waist (cm) 81.01 – 10.44 93.07 – 10.79 102.28 – 11 <0.0001 80.66 – 9.69 93.61 – 10.79 101.77 – 11.43 <0.0001

Sex
Women 1,399 (57.38%) 1,041 (50.31%) 578 (44.22%) <0.0001 377 (59.46%) 253 (51.84%) 144 (43.37%) <0.0001
Sex (% men) 1,039 (42.62%) 1,028 (49.69%) 729 (55.78%) <0.0001 257 (40.54%) 235 (48.16%) 188 (56.63%) <0.0001

Clustering
Cluster 1 1,462 (59.97%) 203 (9.81%) 1 (0.08%) <0.0001 382 (60.25%) 48 (9.84%) 1 (0.30%) <0.0001
Cluster 2 959 (39.34%) 1,249 (60.37%) 143 (10.94%) <0.0001 250 (39.43%) 291 (59.63%) 30 (9.04%) <0.0001
Cluster 3 17 (0.70%) 617 (29.82%) 1,163 (88.98%) <0.0001 2 (0.32%) 149 (30.53%) 301 (90.66%) <0.0001

The P-value shows significance among the three groups based on ANOVA test. Data are mean – standard deviation or proportions. BMI, body mass
index; DBP, diastolic blood pressure; SBP, systolic blood pressure.

Table 5 | Baseline characteristics for the three clusters in training and validation datasets

Training dataset Validation dataset

Cluster 1
(n = 1,666)

Cluster 2
(n = 2,351)

Cluster 3
(n = 1,797)

P Cluster 1
(n = 431)

Cluster 2
(n = 571)

Cluster 3
(n = 452)

P

Age (years) 31.58 – 8 38.14 – 9.16 51.42 – 10.34 <0.0001 32.10 – 8.07 38.27 – 8.94 51.78 – 10.64 <0.0001
SBP (mmHg) 101.16 – 6.71 113.19 – 7.49 130.93 – 12.92 <0.0001 101.23 – 6.51 112.80 – 7.32 131.24 – 3.15 <0.0001
DBP (mmHg) 60.28 – 6.84 69.59 – 7.65 77.55 – 10.79 <0.0001 60.45 – 7.21 69.80 – 7.57 77.10 – 11.18 <0.0001
BMI (kg/m2) 25.49 – 3.95 30.16 – 4.89 33.20 – 5.91 <0.0001 25.48 – 3.79 30.23 – 5.06 33.06 – 5.97 <0.0001
Waist (cm) 76.68 – 7.64 91.51 – 9.45 100.65 – 12.20 <0.0001 76.66 – 7.27 91.31 – 9.32 100.51 – 2.20 <0.0001
Women 1,230 (73.83%) 1,013 (43.09%) 775 (43.13%) <0.0001 322 (74.71%) 255 (44.66%) 197 (43.58%) <0.0001
Men 436 (26.17%) 1,338 (56.91%) 1,022 (56.87%) <0.0001 109 (25.29%) 316 (55.34%) 255 (56.42%) <0.0001

Data are the mean – standard deviation or proportion. P for difference across clusters for the different variables. BMI, body mass index; DBP, dias-
tolic blood pressure; SBP, systolic blood pressure.
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PRISQ includes five risk factors, of which two – BMI and WC
– are known to be associated with insulin resistance41,42, a hall-
mark of prediabetes and type 2 diabetes. Fortunately, these two
factors are modifiable and provide the opportunity for preven-
tive intervention, such as intensive lifestyle modification, which,
as above-mentioned, was shown to reduce the incidence of
type 2 diabetes in individuals with prediabetes.
The present study showed that age is a major risk factor for

the development of prediabetes in the Qatari population. Previ-
ous studies have reported that some populations from central
America (Mexico) and the Caribbean (Jamaica)43, as well as
non-white UK minorities, including black people, people from
the Caribbean and south Asian people44, show an earlier dia-
betes onset than white people. Furthermore, a study from Israel
reported that Arabic people have an earlier diabetes onset than
Jewish people45; by the age of 57 years, 25% of Arabic people
had diagnosed diabetes; the corresponding age among Jewish
people was 68 years, a difference of 11 years. Similarly, Arabic
men developed diabetes earlier than UK men living in Canada,

likely due to unhealthy lifestyle46. Furthermore, a study compar-
ing diabetes onset in Iraqi immigrants living in Sweden versus
Swedes showed that independent of a family history of diabetes
and obesity – two major risk factors for type 2 diabetes – Iraqi
immigrants had a significantly earlier age of diabetes onset
(47.6 years vs 53.4 years) and a higher risk of diabetes onset47.
These observations might, at least partly, explain why age makes
a major contribution to PRISQ. Given that age is a non-modifi-
able factor, special attention should be paid to screening for pre-
diabetes at an early age, mainly in individuals with other risk
factors, such as obesity or hypertension, for example. The Amer-
ican Diabetes Association already recommends that diabetes
screening for most adults begin at age 45 years, and advises dia-
betes screening before age 45 years if the person has additional
risk factors. No data are available about the onset of prediabetes
in Arabic people. However, the fact that Arabic people from
Middle East develop diabetes earlier that white people suggests
they are also prone to early prediabetes onset. It is, therefore,
recommended that the age for screening for prediabetes, and

Table 6 | Specificity, sensitivity, balanced accuracy, accuracy, positive predictive value, negative predictive value and area under the curve for
selected risk point scores of Prediabetes Risk Score in Qatar in the training and testing datasets using the logistic regression model

Cut-off
point

Specificity %
(95% CI)

Sensitivity %
(95% CI)

BACC %
(95% CI)

ACC%
(95% CI)

PPV%
(95% CI)

NPV %
(95% CI)

AUC %
(95% CI)

Training data
1 9.71 (8.8–10.68) 98.79 (98.19–99.23) 54.25 (53.5–54.96) 38.85 (37.6–40.12) 34.73 (33.46–36.01) 94.29 (91.56–96.35) 0.79

(0.77–0.80)5 33.03 (31.55–34.53) 95.43 (94.39–96.32) 64.2 (62.97–65.42) 53.4 (52.15–54.73) 40.9 (39.47–42.39) 93.6 (92.28–94.92)
10 39.19 (37.65–40.74) 93.9 (92.73–94.93) 66.5 (65.19–67.84) 57.0 (55.8–58.36) 42.8 (41.37–44.4) 92.9 (91.62–94.15)
15 55.34 (53.77–56.91) 85.65 (83.99–87.19) 70.4 (68.88–72.05) 65.2 (64.02–66.48) 48.2 (46.55–49.95) 88. (87.48–90.03)
16 55.34 (53.77–56.91) 85.65 (83.99–87.19) 70.4 (68.88–72.05) 65.2 (64.02–66.48) 48.2 (46.55–49.95) 88. (87.48–90.03)
17 67.38 (65.89–68.85) 76.66 (74.69–78.54) 72.0 (70.29–73.7) 70.4 (69.22–71.59) 53.3 (51.44–55.21) 85.5 (84.29–86.81)
18 67.69 (66.2–69.15) 76.34 (74.36–78.24) 72.0 (70.28–73.69) 70.5 (69.33–71.69) 53.4 (51.56–55.35) 85.4 (84.18–86.7)
19 67.69 (66.2–69.15) 76.34 (74.36–78.24) 72.0 (70.28–73.69) 70.5 (69.33–71.69) 53.4 (51.56–55.35) 85.4 (84.18–86.7)
20 73.29 (71.87–74.67) 70.4 (68.29–72.44) 71.8 (70.08–73.56) 72.3 (71.17–73.49) 56.1 (54.15–58.17) 83.5 (82.3–84.81)
25 79.65 (78.36–80.9) 61.72 (59.5–63.92) 70.6 (68.93–72.41) 73.7 (72.64–74.91) 59.5 (57.39–61.77) 81.0 (79.79–82.29)
30 91.79 (90.89–92.64) 35.28 (33.13–37.47) 63.5 (62.01–65.05) 73.3 (72.15–74.44) 67.6 (64.63–70.55) 74.4 (73.22–75.7)
35 96.09 (95.43–96.67) 19.98 (18.2–21.85) 58.0 (56.82–59.26) 71.1 (70.01–72.35) 71.2 (67.25–75.1) 71.1 (69.94–72.4)
40 98.34 (97.89–98.72) 9.1 (7.84–10.48) 53.7 (52.86–54.6) 69.1 (67.94–70.33) 72.6 (66.56–78.25) 68.9 (67.76–70.2)
45 100 (99.91–100) 0 (0–0.19) 5 (49.95–50.1) 67.2 (66.06–68.49) NaN(0–100) 67.2 (66.06–68.49)

Testing data
1 9.46 (7.7–11.46) 99.15 (97.84–99.77) 54.3 (52.77–55.62) 38.5 (36–41.07) 34.4 (31.89–37.01) 95.8 (89.78–98.87) 0.80

(0.78–0.83)5 33.06 (30.12–36.1) 97.03 (95.06–98.37) 65.0 (62.59–67.23) 53.7 (51.18–56.37) 40.9 (38.08–43.94) 95.8 (93.17–97.72)
10 38.56 (35.5–41.68) 94.69 (92.26–96.54) 66.6 (63.88–69.11) 56.7 (54.15–59.31) 42.4 (39.46–45.53) 93.8 (91–95.96)
15 57.88 (54.73–60.99) 86.2 (82.75–89.19) 72.0 (68.74–75.09) 67.0 (64.57–69.47) 49.5 (46.04–52.99) 89.7 (87.12–92)
16 57.88 (54.73–60.99) 86.2 (82.75–89.19) 72.0 (68.74–75.09) 67.0 (64.57–69.47) 49.5 (46.04–52.99) 89.7 (87.12–92)
17 68.57 (65.56–71.46) 77.28 (73.23–80.99) 72.9 (69.39–76.23) 71.3 (68.99–73.7) 54.0 (50.24–57.9) 86. (83.69–88.63)
18 68.87 (65.87–71.76) 77.28 (73.23–80.99) 73.0 (69.55–76.37) 71. (69.2–73.9) 54.3 (50.47–58.15) 86.3 (83.75–88.68)
19 68.87 (65.87–71.76) 77.28 (73.23–80.99) 73.0 (69.55–76.37) 71. (69.2–73.9) 54.3 (50.47–58.15) 86.3 (83.75–88.68)
20 75.28 (72.46–77.95) 71.34 (67.02–75.38) 73.3 (69.74–76.67) 7 (71.67–76.24) 58.0 (53.89–62.09) 84.5 (82.01–86.9)
25 80.16 (77.53–82.61) 62.42 (57.87–66.81) 71.2 (67.7–74.71) 74.4 (72.09–76.64) 60.1 (55.63–64.49) 81.6 (79.07–84.05)
30 91.86 (89.97–93.49) 36.09 (31.75–40.61) 63.9 (60.86–67.05) 73. (71.46–76.04) 6 (61.83–73.74) 7 (72.45–77.42)
35 97.05 (95.79–98.02) 23.14 (19.41–27.22) 60. (57.6–62.62) 73.1 (70.75–75.37) 78.9 (71.23–85.45) 72.4 (69.99–74.89)
40 99.39 (98.68–99.78) 10.83 (8.17–13.99) 55.1 (53.42–56.88) 70. (68.29–73.03) 89.4 (78.48–96.04) 69.9 (67.46–72.33)
45 100 (99.63–100) 0 (0–0.78) 5 (49.81–50.39) 67.6 (65.13–70.01) NaN (0–100) 67.6 (65.13–70.01)

ACC, accuracy; AUC, area under the curve; BACC, balanced accuracy; CI, confidence interval; NPV, negative; predictive value; PPV, positive predictive value.

994 J Diabetes Investig Vol. 12 No. 6 June 2021 ª 2020 The Authors. Journal of Diabetes Investigation published by AASD and John Wiley & Sons Australia, Ltd

O R I G I N A L A R T I C L E

Abbas et al. http://wileyonlinelibrary.com/journal/jdi



diabetes for that matter, is reduced to 40 years, and even less in
individuals with additional risk factors.
PRISQ does not use family history of diabetes, which is a

major independent risk factor for the development of prediabetes
and type 2 diabetes1,48,49, as a predictor, since many individuals
might not know about the medical history of their relatives50, give
unreliable information51 or because their relatives have type 2
diabetes or prediabetes, but are undiagnosed. Indeed, according
to the International Diabetes Federation, one in two people with
diabetes was undiagnosed globally3. Other risk factors, such as
eating habits, smoking, physical activity, income and occupation,
might improve the performance of our model, but they are all
subjective and it is not easy to obtain accurate data, mainly when,
for cultural reasons, people do not like to talk about their habits,
such as smoking (mainly women) or drinking alcohol. Although
the present study focused on prediabetes identification, if high-
risk individuals undergo confirmatory blood tests, we might
expect to find undiagnosed type 2 diabetes too. Consequently,
the present tool might also help identify many early type 2 dia-
betes cases, which have a better chance of being treated.
To improve the screening of prediabetes in the present sam-

ple population, we also built four prediabetes risk scores based
on complex ML techniques and compared their performance
with the LR-based model. In our hands, the ML models did
not outperform the LR model. The AUCs of the four ML mod-
els are comparable to the AUC of the LR model (Figure 1).
We opted for logistic regression, as it is a direct competitor of
many other ML methods, and outperforms many of them
when predictors act mainly additively52.
The main strength of the present study was that it is the first

study to use a population from the Middle East to develop a

prediabetes risk score. We also used a large sample size (7,386)
compared with other prediabetes risk scores, if we consider the
small size of the population of Qatar (2.5 million). Furthermore,
we had a balanced population in terms of sex, which means that
our model can be used for both sexes. Compared with other pre-
diabetes risk scores, PRISQ uses only objective risk factors that
can accurately and easily measured. The main limitation of the
present study was the lack of validation in external populations.
We believe, however, that given the shared environmental factors
and lifestyle habits, as well as the genetic background and ethnic-
ity between many Middle Eastern countries, the PRISQ might
perform as well in many of these nations.
The PRISQ is a prediabetes risk score that is the first of its

kind in the Middle East. The risk model showed a good valida-
tion performance. The categorization of the total risk level
makes it easy for a health provider to decide about a predia-
betes intervention or prevention program if required. As a web
application, PRISQ can be used by any individual anywhere if
he/she has the measures of the five risk factors. The score can
be easily applied in clinical settings using electronic health
records, and can improve the efficiency of population-based
screening. It also increases the chance to identify undiagnosed
type 2 diabetes. Finally, it can be useful for research in that it
might aid in the identification of potential research participants
with prediabetes.
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