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ABSTRACT

Aim: To validate the Diabetes Risk Assessment in Dentistry Score (DDS) in a US population-based sample and compare its per-
formance with the American Diabetes Association (ADA) risk calculator and the Leicester Risk Assessment (LRA).

Methods: Data were obtained from the National Health and Nutrition Examination Survey (NHANES) covering the 2009—
2014 cycles. The study focused on participants aged 40years and older who included complete data for DDS and ADA risk score
assessment. Model performance was evaluated using the area under the receiver operating characteristic curve (AUC), while
decision curve analysis (DCA) was used to evaluate the clinical utility of the model.

Results: Of the 6259 participants included, the average age was 57.3years (+12.0years, range: 40-80years) and the sample
was evenly distributed by sex (50.8% female). DDS showed limited discriminative ability with an AUC of 0.64 (95% confidence
interval [CI]: 0.62-0.65), and DCA analysis showed higher net benefit than the ‘Treat None’ strategy across most probability
thresholds, indicating added clinical value in decision making. The ADA risk calculator and LRA showed an AUC of 0.61 (95%
CI: 0.59-0.63) and 0.631 (95% CI: 0.615-0.647), which were below the DDS performance.

Conclusion: The DDS demonstrated acceptable performance for American adults aged 40years or older, and showed margin-
ally superior performance compared with the ADA diabetes risk calculator and LRA, highlighting its potential utility in dental
practice settings as a complementary screening tool.

1 | Introduction overall health of a patient (American Diabetes Association

Professional Practice Committee 2025). According to the
Diabetes mellitus (DM) is a chronic metabolic disorder =~ World Health Organisation, patients living with diabetes are
characterised by persistent hyperglycaemia, affecting the projected to increase to 1.3 billion by 2050 (GBD 2021 Diabetes
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Collaborators 2023). The early identification of individuals
who are at risk for type 2 diabetes (T2D) or non-diabetic hy-
perglycaemia (NDH) is crucial for timely intervention and
prevention of the progression of the disease (Magliano and
Boyko 2021).

Periodontal disease and diabetes are interrelated, with epide-
miological studies showing that each condition is associated
with a higher risk of the other (Botelho et al. 2022) and rec-
ognised by dental care professionals (DCPs) (Sanz et al. 2018),
enabling them to apply risk assessment and preventive advice
(Yonel et al. 2023). This strategy of screening possible DM
cases using dental information has previously been attempted,
complementing DM risk-based information, with periodontal
data routinely available to DCPs (Yonel et al. 2023; Talakey
et al. 2022). However, only recently was a comprehensive tool,
the Diabetes Risk Assessment in Dentistry Score (DDS), un-
veiled for use in dental settings to identify those at risk of un-
diagnosed NDH or T2D, with acceptable performance (Yonel
et al. 2023). Initially developed in a northeastern German
population (Vdlzke et al. 2022), DDS includes key clinical in-
dicators commonly assessed in dental settings. These include
periodontal status, tooth mobility and a history of treated gum
disease, alongside established risk factors such as age and body
mass index (BMI). By incorporating data collected during den-
tal visits, DDS offers a practical and tailored tool in dental set-
ting for identifying individuals at risk of hyperglycaemia. In
addition, 20%-30% of individuals with diabetes are estimated
to remain undiagnosed (Magliano and Boyko 2021), and reg-
ular dental attendance is remarkably high in many countries
(OECD 2023). These factors position the dental office as a stra-
tegic and accessible point of contact for reaching otherwise un-
diagnosed individuals and identifying them for further testing.

The American Diabetes Association (ADA) has also endorsed
a diabetes risk assessment tool that primarily evaluates sys-
temic health and lifestyle factors (Bang et al. 2009). In contrast
with DDS, the ADA diabetes risk calculator does not incor-
porate oral health indicators, despite the well-documented
link between periodontitis and diabetes (Botelho et al. 2022;
Borgnakke 2019). This omission underscores the potential
value of integrating dental-based risk assessment tools into
diabetes detection strategies. Furthermore, several existing
risk-detection tools utilise data that are not routinely available
to dental teams (e.g., cholesterol readings/waist circumfer-
ence measurements/blood pressure readings). By using data
routinely available to dental teams, DDS may encourage the
use and uptake of diabetes risk assessments by oral health-
care teams. By leveraging routinely collected dental data,
models such as DDS may enhance the early identification of
at-risk individuals, complementing existing medical screen-
ing approaches (Lo 2014). To do so, the external validation of
DDS in other populations was also deemed necessary (Yonel
et al. 2023).

The aim of this study was two-fold. First, we explored the per-
formance of DDS for the detection of NDH/undiagnosed T2D in
an NHANES cohort. Second, we compared whether DDS is non-
inferior to the ADA diabetes risk calculator or the Leicester Risk
Assessment (LRA) to understand its reliability and viability for
expanded use.

2 | Material and Methods

This study is reported upon the TRIPOD + AI (Transparent
Reporting of a multivariable prediction model for Individual
Prognosis Or Diagnosis + Artificial Intelligence) statement
(Collins et al. 2024). A complete TRIPOD checklist is provided
in Supporting Information to ensure adherence to reporting
standards (Table S1).

2.1 | Source of Data

The data used in this study were sourced from the National
Health and Nutrition Examination Survey (NHANES, which
often designates the plural ‘surveys’) conducted by the Centers
for Disease Control and Prevention (CDC). NHANES uses a
complex, multistage probability design. The datasets used can
be accessed through the NHANES ‘Questionnaires, Datasets,
and Related Documentation’ page on the CDC website. This
study incorporated publicly available data from the 2009-2010,
2011-2012 and 2013-2014 survey cycles.

2.2 | Participants

The source population for NHANES consists of civilian non-
institutionalised individuals residing in the United States, and
all participants provided informed consent prior to their partic-
ipation. In this study, individuals diagnosed with diabetes by a
healthcare professional, as well as those with diagnosed predia-
betes, were excluded. To obtain data concerning pre-DM or DM,
we accessed the diabetes questionnaire section for both ques-
tions, ‘Ever told you have prediabetes’ and ‘Doctor told you have
diabetes’. Individuals with missing data on key study variables
were also excluded.

As NHANES is an observational and cross-sectional survey,
no treatment was administered. However, it collected data on
self-reported medication use, medical diagnoses and ongoing
treatments through structured questionnaires. It also included
clinical assessments and dental examinations that follow stan-
dardised protocols.

It is also worth noting that NHANES does not distinguish be-
tween type 1 diabetes (T1D) and T2D in self-reported diagno-
sis. However, individuals with T1D are generally diagnosed at a
young age and are aware of their condition. As such, they would
have been excluded from our analysis based on self-reported
diagnosis of diabetes, so we interpret our findings only in the
context of T2D.

2.3 | Outcome

The primary outcome predicted was blood glucose concentra-
tion, divided into two categories: normoglycaemia (coded as 0)
versus hyperglycaemia (coded as 1), which included both NDH
and T2D. This classification was made based on glycated hae-
moglobin (HbAlc) levels and self-reported diabetes diagno-
sis. HbAlc measurements were obtained from blood samples
collected at NHANES mobile examination centres (MECs)
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and analysed in CDC-certified laboratories. Glycaemia level
thresholds were defined following the National Institute for
Health and Care Excellence guideline (2017), and participants
were categorised as having normoglycemia (HbAlc<6.0%
[<42mmol/mol]), NDH (HbAlc between 6.0% [>42mmol/
mol] and <6.5% [<48 mmol/mol]) and undiagnosed T2D
(HbAlc>6.5% [>48mmol/mol]). The diagnosis of diabetes
mellitus used was aligned with those from other institutions
such as ADA, WHO and the International Diabetes Federation
(American Diabetes Association Professional Practice
Committee 2025; Magliano and Boyko 2021; WHO 2024). We
used the term non-diabetic hyperglycemia (NDH) to describe
individuals with HbA1c values between normoglycemia and
diabetes mellitus, aligning with global practices (Monika
et al. 2025; Pragati and Paolo 2025).

2.4 | Assessment of Predictors

Adults aged 30years and older were eligible for a full-mouth
periodontal examination (FMPE), which included periodontal
probing depth (PPD) measurements reported for six sites (Dye
et al. 2019). Participants were eligible for the periodontal ex-
amination if they had one or more natural teeth and no health
condition requiring antibiotic prophylaxis before periodontal
probing. To account for edentulism, we obtained data from both
the periodontal chart and the Oral Health—Dentition chart for
each tooth.

Information regarding self-reported data, smoking status and
educational level are detailed in Table S2.

For the implementation of the DDS (Yonel et al. 2023), ADA
(Bang et al. 2009) and LRA (Gray et al. 2010) scores, we em-
ployed the established protocols that are detailed in Table S2
as well as its scoring systems (Tables S3-S5). These predictors
were systematically collected through structured interviews,
standardised physical examinations and laboratory analy-
ses conducted at the NHANES MECs, ensuring consistency
and reliability in data acquisition (Dye et al. 2019; Curtin
et al. 2013).

2.5 | Sample Size

The minimum sample size for the external validation of DDS (a
clinical prediction model with a binary outcome) was calculated
following Riley et al. (2021). The estimated minimum required
sample size using the calibration slope variation (0.90-0.96) re-
ported in the original model (Yonel et al. 2023) ranged between
6079 (slope =0.90) and 7354 (slope =0.96) participants.

2.6 | Statistical Analysis

DDS and the ADA scores were applied to NHANES participants.
Each participant's risk probability was computed based on the
weighted contributions of the selected predictors (see Tables S2—-
S4). We used the DDS Points-Score System to calculate the prob-
ability of NDH/T2D, in which each predictor had a specific risk
score. If the sum of the risk scores for a participant was 8 or

above (Yonel et al. 2023), the individual was designated as hav-
ing a high risk for undiagnosed diabetes. For the ADA diabetes
risk calculator, the sum of scores for all variables was computed,
with a cut point > 5 to designate an individual as having a high
risk for undiagnosed diabetes (Bang et al. 2009). For LRA, the
sum of scores for all variables was computed, with a cut point
>16 for an individual as having a high risk for undiagnosed di-
abetes. The models were then compared against the actual di-
abetes status as determined by HbAlc levels: normoglycaemia
(HbA1c<6.0% [<42mmol/mol]), NDH (HbAlc between 6.0%
[>42mmol/mol] and < 6.5% [< 48 mmol/mol]) and undiagnosed
T2D (HbAlc>6.5% [>48 mmol/mol]).

To assess the impact of different outcome definitions, we per-
formed additional analyses using HbA1c thresholds of 6.5% (dia-
betes, as per International Diabetes Federation [IDF] (Magliano
and Boyko 2021)) and 5.7% (prediabetes defined in the CDC)
to evaluate the performance of DDS across clinically relevant
cut-offs.

Sensitivity, specificity, positive predictive value (PPV) and nega-
tive predictive value (NPV) were calculated. The area under the
curve (AUC) was computed with the respective 95% confidence
interval (CI). Decision curve analysis (DCA) was employed to
measure and compare the clinical utility of both scores (Vickers
and Holland 2021). Strong discriminatory power was set at an
AUC >0.80 (De Hond et al. 2022). The cut-off for sensitivity and
specificity was set at > 50%.

All analyses were conducted in R version 3.1 (Www.r-project.
org) using the ‘pROC’ package (Robin et al. 2011). Statistical sig-
nificance was set at p<0.05.

3 | Results
3.1 | Participants

From an initial sample of 30,468 participants, 11,553 were
>40years old, and of these 6259 had all relevant information
for the completion of DDS (Figure 1). For the LRA analysis, 169
did not have waist circumference data, and for this reason, only
6090 were included.

Overall, participants had an average age of 57.3years (£12.0)
(range: 40- 80years; Table 1). The study population was evenly
distributed for sex (50.8% females). Regarding metabolic health,
the mean HbA1c level was 5.6%, with 35.9% of participants hav-
ing a first-degree family history of DM. The average BMI was
28.4kg/m? (+SD), with 70.5% of participants classified as over-
weight or obese (having a BMI of 25kg/m? or more). Among
the participants, 19% were current smokers, 25.5% were former
smokers and 55.4% were never smokers.

In terms of oral health, 8.1% of participants were edentulous,
with an average of two pockets with a PPD of >5mm in den-
tate individuals. In addition, 17.0% reported having mobile teeth
and 23.7% reported a history of treated gum disease. Individuals
without NDH/undiagnosed T2D were more likely to have com-
pleted more than high school (54.8%) than those with NDH/un-
diagnosed diabetes (42.6%). A similar comparison of participant
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Initial dataset

Participants included in
the NHANES 2009-2014
(n = 30,468)

| <40 years old
! "~ (n=18,915)

Eligibility criteria
Participants aged 40
years old or older

(n =11,553) No periodontal
| _ and/or dental
v "~ examination
Participants with (n = 1,886)
periodontal and/or dental
examination
(n =9,667) Missing
| information for
! > the completion
of DDS
Final sample (n = 3,408)

Participants with all
variables for the
completion of DDS

an_d A2DA Lack of waist
(n = 6,259) circumference
i »  data for the
Participants with all (n I:R.;Asg)

variables for the
completion of LRA
(n = 6,090)

FIGURE 1 | Selection of participants from the National Health and
Nutrition Examination Survey (NHANES) 2009-2014.

characteristics was made according to the ADA risk calculator
categories and the LRA (see Tables S6 and S7).

3.2 | Model Performance

To evaluate the discriminative proficiency of the DDS and ADA
scores concerning DM (Figure 2), ROC analysis showed that the
DDS score had a higher area under the curve (AUC) than the
ADA score, signifying better overall diagnostic performance.
Youden's Index was computed for both scores to determine
the best classification thresholds. For the DDS score, the high-
est Youden's Index was 0.271, which corresponded to an opti-
mal threshold of >8, with sensitivity and specificity values of
0.664 and 0.607, respectively (Table S8). In contrast, the ADA
score achieved a maximum Youden's Index of 0.216 at an op-
timal threshold of > 5, with sensitivity and specificity of 0.589
and 0.627, respectively (Table S9). LRA achieved a maximum

Youden's Index of 0.262 at an optimal threshold of >22, with
sensitivity and specificity of 0.624 and 0.638, respectively
(Table S10). These findings indicate that although both scores
exhibited moderate discriminative power, the DDS score of-
fered a slightly better overall balance between sensitivity and
specificity.

AUC for the dichotomized DDS (at >8) was 0.635, suggesting
that dichotomized DDS had a limited discriminative ability
(Figure 3). The model performed better than random classifi-
cation without strong discriminatory power (AUC >0.80), but
its 95% CI (0.619-0.651) showed that this model was relatively
stable with low uncertainty. Sensitivity and specificity were
66.4% and 60.7% at a cutoff of >8, respectively. The dichoto-
mized ADA diabetes risk calculator performed less well with
an AUC of 0.608 (95% CI: 0.589-0.628), and the sensitivity and
specificity were 58.9% and 62.7% at a cutoff of > 5, respectively.
The dichotomized LRA performed similar to the DDS and bet-
ter than ADA, with an AUC of 0.631 (95% CI: 0.615-0.647), and
the sensitivity and specificity were 62.4% and 63.8% at a cutoff
of >22, respectively.

The clinical utility of the model was analysed using DCA
(Figure 4). DDS showed a higher net benefit than the ‘Treat
None’ strategy at most probability thresholds, suggesting that
it adds clinical value to decision making. Compared with the
‘Treat All’ strategy, the model demonstrated superior net benefit
at lower thresholds, suggesting that it helps to reduce unnec-
essary interventions in populations with lower predicted risk.
However, at higher probability thresholds, the model's net bene-
fit indicates that classifying all individuals as positive may be a
comparable or better approach.

4 | Discussion

This study aimed to validate the performance of DDS in detect-
ing NDH/undiagnosed T2D in NHANES 2009-2014 cycles and
comparing its effectiveness to the ADA diabetes risk calculator
and LRA. Our findings confirmed that DDS had acceptable per-
formance in identifying individuals at risk, successfully validat-
ing the model in a population distinct from the one originally
used for its development. Notably, DDS showed better sensitivity
values (true positive rate) than the ADA diabetes risk calculator
and similar but higher sensitivity values than the LRA, reinforc-
ing its potential for broader implementation. Also, it provides
a higher net benefit than a ‘Treat None’ approach, further sup-
porting its clinical utility in screening for undiagnosed diabetes
in dental settings.

This validation allows DDS to potentially impact over 120-130
million individuals residing in the United States (if we account
for a prevalence of 14.5%-24.4% diagnosed diabetes in peo-
ple 45years or older, according to the CDC 2024). Integrating
dental assessment into diabetes risk assessment represents a
crucial public health opportunity (Yonel et al. 2020). Diabetes
continues to be a significant health problem in the United States
(CDC 2024), driven by the increasing prevalence of risk factors
such as obesity, sedentary lifestyles and poor dietary habits
(Huang et al. 2023; Neupane et al. 2024). Incorporating dia-
betes screening into routine dental visits would allow dentists
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TABLE 1 | Participant characteristics in total and according to observed non-diabetic hyperglycaemia (NDH)/undiagnosed type 2 diabetes

mellitus (T2DM) status (n =6259).

No NDH/undiagnosed With NDH/undiagnosed

Variable Total T2D (N=5208) T2D (N=1051)
Age, years 57.3+12.0 56.5+11.9 61.1+11.8

40-49 2039 (32.6%) 1828 (35.1%) 211 (20.1%)

50-59 1646 (26.3%) 1391 (26.7%) 255 (24.3%)

60-69 1371 (21.9%) 1072 (20.6%) 299 (28.5%)

>70 1203 (19.2%) 917 (17.6%) 286 (27.2%)
Female sex 3179 (50.8%) 2657 (51.0%) 522 (49.7%)

Edentulism, yes

First-degree family history of T2D,
yes

Smoking status
Never smoker
Former smoker
Current smoker
BMI, kg/m?
<25
>25and <30
>30and <35
>35
Number of sites with PPD >5mm
0-2
>3
Mobile teeth, yes
Treated gum disease, yes
Education
Less than high school

High school Grad/GED or
equivalent

More than high school
Refused/Don't know/Missing

508 (8.1%)
2247 (35.9%)

3469 (55.4%)
1594 (25.5%)
1196 (19.1%)
Mean SD
1849 (29.5%)
2337 (37.3%)
1301 (20.8%)
772 (12.3%)
Mean SD
5503 (87.9%)
756 (12.1%)
1603 (17.0%)
1484 (23.7%)

1558 (24.9%)
1393 (22.3%)

3302 (52.8%)
6 (0.1%)

384 (7.4%)
1798 (34.5%)

2924 (56.1%)
1303 (25.0%)
981 (18.8%)
Mean SD
1676 (32.2%)
1955 (37.5%)
1049 (20.1%)
528 (10.1%)
Mean SD
4613 (88.6%)
595 (11.4%)
849 (16.3%)
1242 (23.9%)

1201 (23.1%)
1147 (22.0%)

2854 (54.8%)
6 (0.1%)

124 (11.8%)
449 (47.2%)

545 (51.9%)
291 (27.7%)
215 (20.5%)
Mean SD
173 (16.5%)
382 (36.4%)
252 (24.0%)
244 (23.2%)
Mean SD
890 (84.7%)
161 (15.3%)
214 (20.4%)
242 (23.0%)

357 (34.0%)
246 (23.4%)

448 (42.6%)
0 (0.0%)

Note: data are presented as mean + standard deviation or number (percentage).

Abbreviations: BMI, body mass index; DM, diabetes mellitus; NDH, non-diabetic hyperglycaemia; PPD, periodontal probing depth; T2D, type 2 diabetes.

to serve as contributors to early detection and intervention
efforts (Estrich et al. 2019; Mirza et al. 2018). Facilitating the
collaboration between medical and dental professionals would
have the potential to enhance preventive strategies (Elangovan
et al. 2014), reduce the long-term complications and economic
burden of undiagnosed diabetes (Parker et al. 2024) and si-
multaneously lead to the improvement of periodontal health
(Borgnakke 2019).

Considering the recent WHO technical brief ‘Diabetes and Oral
Health’, the validation of DDS is a significant point forward

for early detection, prevention and quality of life, as it allows
screening for high-risk patients; but it will require enhancing
empowerment through preventive education, particularly for
items that require oral health literacy. Also, it is a strategy to
empower the integration of oral health in primary healthcare
settings as a potential collaborative preventive model.

An important advantage of using DDS is that one of its key com-
ponents involves the detection of periodontal pockets, effectively
enabling a dual screening approach for two of the most prev-
alent non-communicable diseases worldwide—diabetes and

102

Journal of Clinical Periodontology, 2026

85U8017 SUOWILLIOD @A 118810 3deoldde ayy Aq peusenob ae so ol YO ‘@S Jo SNl 10} Ariq1]8UIIUO A1 UO (SUONIPUCD-PUe-SLLBI WO A8 | 1M ARIq 1 BUI|UO//SANL) SUORIPUOD pUe SWLB | 8U1 88S *[9202/20/20] U0 AkeiqiTaulluo A8|iIM @ eAlresedood - ziuo sef3 Aq 26002 2d0(TTTT 0T/I0p/wo0 A8 1M ARIq Ul |UO//Sdny WOy pepeojumod ‘T ‘9202 ‘XTS0009T



1.0r

= o
o ©
. :

Sensitivity (True Positive Rate)
o
IS

0.2
Wt — DDS
e —— ADA
~—— LRA
0.0 -==- Chance
0.0 0.2 0.4 0.6 0.8 1.0

1 - Specificity (False Positive Rate)

FIGURE 2 | Discriminative performance of the DDS score (solid blue), ADA diabetes risk calculator (solid magenta) and LRA (solid orange) us-
ing continuous values. Receiver operating characteristic (ROC) curves with area under the curve (AUC) values and 95% confidence intervals (CIs).

Original cut-off values for diagnosis decision were confirmed. ADA, American Diabetes Association; DDS, Diabetes Risk Assessment in Dentistry
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FIGURE3 | Comparison of DDS, ADA and LRA tools in classifying diabetes risk (n = 6259 for DDS and ADA, 6090 for LRA). Receiver operating
characteristic (ROC) curves with area under the curve (AUC) values and 95% confidence intervals (CIs). Original cut-off values for diagnosis decision

were confirmed. ADA, American Diabetes Association; DDS, Diabetes Risk Assessment in Dentistry Score.

periodontitis(GBD 2021 Diabetes Collaborators 2023; Kassebaum
et al. 2014; Trindade et al. 2023; Tonetti et al. 2017). Since DDS
requires recording the number of sites with PPD >5mm, this
inherently necessitates complete periodontal charting. This fa-
cilitates the identification of individuals at risk for diabetes and
a systematic assessment of periodontal status. Despite being po-
tentially more time consuming, this integrated approach ensures

that all sites with potential periodontal lesions are thoroughly
examined, enhancing the reliability of periodontitis screening
within routine dental examinations.

To reflect on the potential policy and clinical implications of
targeting different stages of glycaemic dysregulation, we con-
ducted a secondary analysis using alternative HbA1c thresholds
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FIGURE 4 | Net clinical benefit of using DDS compared to ‘Treat All’ and ‘Treat None’ strategies (n=6259). Decision curve analysis (DCA) plot
showing the net benefit of the DDS (yellow line) across different probability thresholds. The dashed line (‘Treat All’) represents the net benefit if all
individuals were classified as high risk; the dotted line (‘Treat None’) represents the benefit if no one were classified as high risk.

as outcome definitions. This approach was motivated by the
differing healthcare system responses to prediabetes and diabe-
tes, particularly the lack of statutory reimbursement for predi-
abetes management in countries such as Germany (origin from
the DDS). The results showed that the DDS model maintained
a comparable and stable predictive performance across thresh-
olds (AUC values ranging from 0.594 to 0.628). This suggests a
marginally improved performance in detecting individuals at
higher risk for overt disease. These findings support the ver-
satility of DDS and highlight the importance of contextualis-
ing predictive tools within the specific healthcare systems in
which they are applied. While the inclusion of prediabetes may
increase public health reach, especially in countries like the
United Kingdom where early intervention is supported, focus-
ing solely on undiagnosed diabetes might offer a more action-
able and policy-relevant target in contexts with more restrictive
reimbursement policies. Thus, the choice of outcome threshold
should consider both epidemiological and systemic realities,
and a stratified approach might be warranted in international
comparisons.

Future research should prioritise exploring the fine-tuning of
DDS to seek performance improvement and sustain applicability
across diverse populations. As discussed by Yonel et al. (2023),
incorporating data from different ethnic backgrounds may
enhance the model's generalisability and contribute to a more
inclusive risk assessment. Additionally, further validation stud-
ies with larger populations are necessary to evaluate whether
DDS can be optimised for widespread clinical use. Exploring the
integration of dental-based risk assessments with established
medical screening tools may provide a more comprehensive and
effective strategy for the early detection of diabetes, especially

given the strong association with dental-related diseases, such
as periodontitis.

5 | Strengths and Limitations

This validation study benefits from the use of three waves of
the NHANES dataset, which employed a multistage probability
design with national representativeness. As NHANES follows
standardised laboratory procedures to ensure objective assess-
ment of HbA1lc levels and the study used its publicly available
dataset, there was no influence of the team in the assessment
process; also, blinding measures were inherent to the survey de-
sign. The clinical measurements, laboratory quantification and
questionnaires are derived from an extensive and highly com-
prehensive methodology. Furthermore, the minimum number
of participants required for this external validation was within
the range of the estimated minimum required sample size, albeit
at the lower limit. In addition, DDS demonstrated non-inferior
performance and clinical utility compared to the ADA risk
calculator, even when considering that it may be a more time-
consuming procedure when PPD is considered. Also, this mea-
surement instrument is assumed to be applied to all patients in
dental practices, irrespective of a previous periodontitis diagno-
sis, making it widely applicable.

Nevertheless, there are limitations that warrant discussion.
Firstly, two questions in DDS bear resemblance to the NHANES
self-reporting protocol regarding mobile teeth (specifically
‘Have you ever had any teeth become loose on their own, with-
out an injury?’ versus the DDS original question ‘Do you have
mobile teeth?’) and previous history of periodontal treatment
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(‘Have you ever had treatment for gum disease such as scaling
and root planing, sometimes called “deep cleaning”?’ versus the
DDS original question ‘Have you been treated for gum disease in
the last 5years (periodontitis treatment)?’), albeit not identical.
This discrepancy may result in performance variation for DDS;
however, it cannot be stated with certainty whether this leads
to over- or under-performance of the tool's capability. Secondly,
DDS was designed for persons aged 40 or older, which may have
contributed to a slight ceiling effect in the ADA diabetes risk
calculator's age variable, where individuals <40 are assigned a
value of 0.

We also considered comparing DDS with other well-established
instruments such as QDiabetes, FINDRISC and the Cambridge
Risk Score (CRS). However, due to the lack of key variables or
incomplete data in NHANES, a direct statistical comparison
was not possible. For example, LRA could only be partially ap-
plied because waist circumference was missing in 169 partici-
pants, limiting full representativeness of the analysis. Despite
these constraints, it is important to acknowledge that several
of these instruments have demonstrated strong performance in
external studies but none in dental settings. While DDS offers
unique advantages for dental settings, particularly by incorpo-
rating oral health indicators, other risk scores may hypotheti-
cally provide higher diagnostic accuracy in general population
screening. Yet, new research shall be performed to contextu-
alise both the potential and the limitations of DDS when com-
pared to other tools.

Another limitation is that while the NHANES sample is in-
tended to represent the overall US population, it might not ac-
curately capture the traits of those who visit dental clinics (e.g.,
major social inequalities in access to dental care), which could
restrict the direct relevance of the results to clinical groups.
Therefore, the external validation within a clinical sample may
be proposed as a direction for future analyses.

An inherent challenge in applying any risk score is the trade-off
between sensitivity and specificity, which reflects the balance
between underdiagnosis and overdiagnosis. In our analysis,
the DDS cut-offs indicated a relatively high referral rate with
limited precision. This trade-off underscores the importance
of contextual decision making when considering the DDS or al-
ternative instruments for integration into dental or population-
level screening strategies.

6 | Conclusion

DDS showed acceptable performance for the detection of NDH/
undiagnosed T2D in NHANES 2009-2014. It only slightly out-
performed the ADA diabetes risk calculator and LRA, showing
its clinical value for dental settings. Future studies should prog-
ress the validation of DDS in diverse populations and real-world
dental care settings to support its broader implementation.
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