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Introduction

The success of diabetes prevention based on early treatment depends on high-quality screening. This study compared the diagnostic properties of currently recommended screening strategies against alternative score-based rules to identify those at high risk of developing diabetes.





Methods

The study used data from ELSA-Brasil, a contemporary cohort followed up for a mean (standard deviation) of 7.4 (0.54) years, to develop risk functions with logistic regression to predict incident diabetes based on socioeconomic, lifestyle, clinical, and laboratory variables. We compared the predictive capacity of these functions against traditional pre-diabetes cutoffs of fasting plasma glucose (FPG), 2-h plasma glucose (2hPG), and glycated hemoglobin (HbA1c) alone or combined with recommended screening questionnaires.





Results

Presenting FPG > 100 mg/dl predicted 76.6% of future cases of diabetes in the cohort at the cost of labeling 40.6% of the sample as high risk. If FPG testing was performed only in those with a positive American Diabetes Association (ADA) questionnaire, labeling was reduced to 12.2%, but only 33% of future cases were identified. Scores using continuously expressed clinical and laboratory variables produced a better balance between detecting more cases and labeling fewer false positives. They consistently outperformed strategies based on categorical cutoffs. For example, a score composed of both clinical and laboratory data, calibrated to detect a risk of future diabetes ≥20%, predicted 54% of future diabetes cases, labeled only 15.3% as high risk, and, compared to the FPG ≥ 100 mg/dl strategy, nearly doubled the probability of future diabetes among screen positives.





Discussion

Currently recommended screening strategies are inferior to alternatives based on continuous clinical and laboratory variables.
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1 Introduction

The effectiveness of early treatment to prevent diabetes (1, 2) has led medical associations and expert groups to recommend screening (3, 4) and countries to initiate national diabetes prevention programs (5–7). However, defining high risk is challenging. Recommended definitions are traditionally based on one or more established cutoffs of glycemic tests (3, 8, 9). Screening questionnaires have also been applied alone or together with laboratory results (5, 10–12). Clinical prediction scores have also been developed (13–16). However, direct, head-to-head comparisons of the diagnostic metrics of more sophisticated prediction score-based approaches with those of nationally recommended screening strategies are absent.

Our objective was to validate and compare diagnostic metrics of several screening strategies—those currently recommended in three countries with national screening programs (the United States, the United Kingdom, and Finland) and score-based strategies to detect high-risk individuals for primary diabetes prevention.




2 Methods



2.1 Study design, study population, and ethics approval

The ELSA-Brasil cohort study enrolled 15,105 public servants aged 35–74 between 2008 and 2010 (17) and conducted two return evaluations in 2012–2014 and 2016–2018 (18). The Research Ethics Committees approved the study protocol at each investigation site, and all participants gave written consent. Using standardized questionnaires and protocols, we obtained sociodemographic and clinical data (hereafter denominated “clinical variables”) (19, 20).

We ascertained diabetes at baseline and follow-up visits by self-report, antidiabetic medication use, and three laboratory measures—fasting plasma glucose (FPG) ≥ 126 mg/dl (7 mmol/L), 2-h plasma glucose (2hPG) ≥ 200 mg/dl (11.1 mmol/L) in a standard oral glucose tolerance test (OGTT), and glycated hemoglobin (HbA1c) ≥6.5% (48 mmol/mol). We considered a prevalent case at baseline when any of these criteria were present. To be consistent with clinical recommendations, we required confirmation of our incident diabetes cases. We thus ascertained incident diabetes only if at least one of these five criteria were present at both follow-up visits or at least two were found at a single visit. Research staff ascertaining diabetes at follow-up were unaware of baseline laboratory values. We considered those who met two criteria at the first follow-up but none at the second follow-up as not having developed diabetes. We excluded those without data for incident diabetes due to death, who lack follow-up, or with incomplete data from analyses.




2.2 Recommended screening strategies evaluated

We first assessed screening strategies based on traditional laboratory cutoffs for pre-diabetes (intermediate hyperglycemia) (3, 8, 21). Next, we evaluated additional screening recommendations used in national diabetes prevention programs. In addition to the United States, the United Kingdom and Finland have ongoing national programs (5, 12, 22). The American Diabetes Association (ADA) recommends two screening options (3). Considering that our sample begins at age 35, the first is a one-step (test all) approach directly measuring glycemia or HbA1c. The second applies a two-step approach in which those positive on a questionnaire are considered at high risk if they present FPG ≥ 100 mg/dl or HbA1c ≥ 5.7% (39 mmol/mol) in subsequent testing (3). The Centers for Disease Control and Prevention (CDC) recommends screening with either the ADA approach or just the ADA questionnaire (22). For the United Kingdom, the National Institute for Health and Care Excellence (NICE) recommends a two-step strategy—a clinical score followed by lab testing for those above its cutoff (FPG ≥ 99 mg/dl or an HbA1c ≥ 6.0% [42 mmol/mol]) (12). The Finnish strategy considers all those with a FINDRISC questionnaire score ≥15 as high risk (5, 23). Applying ELSA cohort follow-up data, we compared the diagnostic properties of these strategies with those of the scored-based screening strategies that we developed.




2.3 Statistical analysis

We randomly divided our sample equally into training and validation datasets. We described our sample characteristics calculating either the mean (standard deviation) or mean (95% confidence interval) for continuous variables and the absolute frequency (percentage; 95% confidence interval) for discrete variables. We used logistic regression on the training dataset to develop risk functions to predict incident diabetes. We initially produced models only with clinical variables, keeping those that significantly improved the area under the receiver operating characteristic (AUC) curve. We considered age, sex, self-reported ethnicity, educational attainment, parental history of diabetes, daily consumption of fruits or vegetables, leisure-time physical activity (at least 150 min per week of moderate- or vigorous-intensity physical activity), smoking, hypertension or self-reported use of hypertension medication, body mass index (BMI), and waist circumference. We then selected the best of these derived risk functions to calculate the probability of developing diabetes for each participant in our validation dataset. Using this same approach, we next evaluated risk scores composed of laboratory results and their combination with the clinical data. We provide risk function formulas in the Supplementary Material. Additionally, we built an online tool using R Shiny (http://elsabrasil.org/funcoes-de-risco/risco-diabetes-10-anos/) for risk calculation based on scores composed of different combinations of variables to predict the 10-year risk of developing diabetes to be made available to the public.

These risk scores, different from categorical rule approaches, for which cutoff points have already been defined (e.g., the ADA questionnaire ≥5; FPG ≥ 100 mg/dl) (3, 12, 22), have no a priori cutoff. To evaluate their properties, we thus defined potential cutoffs based on their positive predictive value (PPV), selecting ones where being positive reflected 20% and alternatively 15% probabilities of developing diabetes over our sample’s follow-up. These were close to the probabilities of developing the disease among those labeled by current ADA laboratory testing strategies.

Using the same ELSA database, we also constructed the clinical scores recommended by national strategies. As we lacked information for one of the FINDRISC questions—a previous finding of pre-diabetes—we randomly attributed the presence of prior pre-diabetes to 90% of those with baseline hyperglycemia by WHO criteria.

Finally, in our validation sample, we calculated diagnostic properties for the rules assessed: the percentage deemed at high risk, sensitivity, specificity, and positive and negative (1 − PPV) predictive values. We also report the AUC and the net reclassification index (16). We estimated 95% confidence intervals through normal approximation methods.





3 Results

Our study used data from the 15,105 participants of the ELSA-Brasil cohort. We excluded those with diabetes at baseline (n = 2,429), missing information to ascertain diabetes (n = 5), or missing values for variables we considered in the construction of risk scores (n = 20). We additionally excluded those not returning to follow-up visits (n = 1,971), missing data to ascertain incident diabetes (n = 351), or using oral antidiabetic medication but not reporting to have diabetes (n = 212). Finally, due to our requirement of confirmation of incident cases, we excluded those with no finding of diabetes at the first follow-up and only one criterion present at the second follow-up visit (n = 592). Our final sample thus consisted of 9,525 participants (Figure 1), randomly divided into training and validation samples.




Figure 1 | Flow diagram for the selection of the analytic sample.



Over a mean (standard deviation) of 7.4 (0.54) years of follow-up, 864 participants developed diabetes. We considered 24 participants who met two criteria for diabetes at the first follow-up but none at the second follow-up as not having developed diabetes. Supplementary Table 1 shows that training and validation datasets had similar distributions of variables considered in building risk scores and a similar (9.1%) incidence of diabetes.

Table 1 compares three cardinal metrics for screening evaluation—the percentage of screen positives (those labeled as high risk), sensitivity (percentage of future incident cases among screen positives), and PPV (percentage of screen positives who developed future diabetes). The complement of PPV (1 − PPV) also evaluates the false-positive rate. The top part of the table shows results for laboratory-based approaches. Since ELSA-Brasil participants were at least age 35 at entry, the one-step ADA laboratory option was to test all and consider positive those above the established laboratory cutoffs for pre-diabetes. If only FPG is tested, though a large percentage (76.6%) of those who developed diabetes were detected, a high percentage (40.6%) were labeled as high risk, most of them (1 − PPV; 82.9%%) not developing diabetes during our follow-up. Similar strategies testing FPG plus HbA1c or 2hPG produced similar results. The previous 2021 ADA recommendation of testing all ≥45 years of age and those younger when presenting specific conditions (evaluated here with only FPG testing) also performed similarly. It identified slightly fewer future cases (76.1% vs. 76.6%) while labeling marginally fewer (39.8% vs. 40.6%) as high risk with a slightly lower false-positive rate (82.7% vs. 82.9%). Testing all with the WHO fasting glucose cutoff of ≥110 mg/dl labeled considerably fewer participants (11.0%) as high risk and produced fewer false positives (1 − PPF; 67.0%) but identified a lower percentage of future cases (40.1%).


Table 1 | Diagnostic properties of currently recommended one- or two-step categorical screening strategies in the ELSA-Brasil validation sample (N = 4762).



In the lower portion of Table 1, we present and contrast diagnostic properties of additional strategies recommended by national screening programs. The ADA questionnaire alone (AUC = 0.599; 95%CI 0.576–0.623), one of the CDC’s recommended screening tests, labeled 18.5% as high risk, but with 80.9% (1 − PPV) of these being false positives while detecting only 36.4% of future cases of diabetes. Assuming a second step testing both FPG and HbA1c, the ADA two-step strategy presented a low AUC (0.615; 95%CI 0.592–0.638), labeled 13.1% as high risk with 75.1% false positives while detecting only 34.0% of those who went on to develop diabetes. Similarly, values for the NICE two-step approach, when combined with the Diabetes U.K. risk questionnaire (AUC = 0.685; 95%CI 0.661–0.710), labeled 26.8%, with 78.7% false positives and 60.4% of future cases detected. The FINDRISC questionnaire (AUC = 0.630; 95%CI 0.606–0.655) labeled 17.8%, with 78.8% false positives and 41.5% of future cases being detected. Supplementary Table 2 presents an expanded array of diagnostic properties for these and other one-step laboratory testing strategies.

Next, we evaluated the clinical scores that we had developed. The best score is based only on readily available clinical variables of modeled risk as a function of age, sex, self-declared ethnicity, BMI, waist circumference, hypertension, and parental history of diabetes (AUC = 0.754; 95%CI 0.732–0.777). Further adjustment with other diabetes risk factors did not improve this score.

We additionally evaluated similarly derived prediction rules composed of laboratory tests, alone or combined with clinical variables, expressing these laboratory variables continuously rather than categorically based on recommended cutoffs. For these analyses, we initially defined high risk as a 20% probability of developing diabetes over our 7.4-year average follow-up. Figure 2 illustrates the marked increase in the percentage of the ELSA-Brasil validation sample developing incident diabetes across risk deciles produced by four continuous variable strategies. Of note, all four prediction rules—clinical variables only, FPG only, clinical variables plus FPG, and clinical variables adding HbA1c and lipids along with FPG—distinguished those at minimal risk (risk close to 0%, first two deciles) from those at very high risk (35% to >40%, top decile). Scores combining clinical and laboratory tests placed more than 60% of those who developed diabetes in the top two deciles of estimated risk.




Figure 2 | The distribution of incident cases during an average of 7.4 years of follow-up across deciles of risk, as predicted by rules with just clinical variables, just fasting glucose, and combinations of both with and without additional laboratory determinations. ELSA-Brasil validation sample, N = 4,762.



Table 2 presents the same diagnostic properties above for several continuous variable rules, including those based on two-step approaches (clinical variable score first, then laboratory testing for those above an initial risk cutoff). With a score cutoff identifying a 20% probability of developing future diabetes, these rules labeled a considerably lower percentage of the sample—between 10.9% and 15.3%—as high risk than most nationally recommended strategies. That based only on clinical variables performed poorly, identifying only 31.6% of future cases. Adding FPG testing to clinical variables considerably improved future case detection to 49.7%, and further adding HbA1c, triglycerides, and HDL-c tests raised it to 54.5%. The two-step approach—laboratory testing only in those at highest risk based on clinical variables—reduced laboratory testing but with some loss in future case detection. For example, testing with FPG only the 50% or 67% at highest clinical risk (vs. testing all) identified 43.8% and 48.0% (vs. 49.7%) of future cases, respectively, while labeling as positive slightly smaller percentages (13.1% and 14.1% vs. 14.7%). Adding HbA1c and lipids improved future case detection slightly (48.7% and 53.1%).


Table 2 | Diagnostic properties of continuous variable, one-step, and two-step screening strategies based on a clinical score and selected laboratory tests, as developed and validated in ELSA-Brasil.



When we lowered the score positivity cutoff to a 15% probability of future diabetes, rules identified considerably more future cases at the cost of labeling more of the sample as high risk. The clinical score alone performed better at this lower cutoff, labeling 20.1% at high risk and identifying 45.9% of those developing future diabetes. Adding FPG to this screening approach labeled 20.3% at high risk and identified 64.0% of future cases, and adding HbA1c and lipids labeled 15.3% at high risk and identified 65.0% of future cases. Testing FPG in only the 50% or 67% at highest clinical risk using the 15% cutoff identified slightly lower percentages (56.6% and 61.7% vs. 64.0%) of future cases, with marginally fewer labeled as positive (17.6% and 19.5% vs. 20.3%). Additionally adding HbA1c and lipids in these two-step approaches improved future case identification to 58.1% and 63.1%, respectively.

Two-step approaches, which advanced to laboratory testing only in the 33% at highest clinical risk while producing lower percentages (11.0% to 14.6%) of participants being labeled high risk, detected considerably fewer future cases (35.0% to 45.2%).

Compared with recommended one- or two-step categorical approaches presented in Table 1, continuous variable risk score strategies incorporating both clinical variables and glycemic testing labeled fewer individuals at high risk. As such, they created fewer false positives while still identifying a significant fraction of future cases. For example, when testing only the 67% at the highest clinical risk with FPG, HbA1c, and lipids, a 20% probability cutoff rule labeled only 14.7% as positive (vs. 47.2% for the ADA FPG and HbA1c lab-only strategy) and doubled the probability of developing diabetes among those at high risk (PPV = 32.8% vs. 15.7%) while detecting 53.1% of future cases. This strategy also compared favorably with the ADA two-step categorical approach, identifying more future cases (53.1% vs. 34.0%) while labeling only a slightly higher percentage as high risk (14.7% vs. 13.1%). Those labeled were more likely to develop diabetes (32.8% vs. 24.9%). Adding the 2hPG of an OGTT instead of an HbA1c as the additional laboratory test produced little benefit in strategies that included clinical variables and lipids (data not shown).

Of note, all of these continuous variable strategies presented PPVs, though higher than almost all of the categorical approaches, well below 50%, indicating the presence of many false positives. High false positivity was especially notable using a 15% cutoff or only the clinical score. False-positive rates (1 − PPVs) were usually ~5%–10% lower with the 20% probability cutoff.

Supplementary Table 3 (for the 20% probability of developing diabetes cutoff) and Supplementary Table 4 (for the 15% probability cutoff) present an expanded array of diagnostic properties for various one-step continuous variable strategies using laboratory testing, the clinical score, or both. As can be seen, the AUCs for continuous variable strategies were superior to those based only on categorical glycemic cutoffs, with the more elaborate continuous approaches achieving AUCs of ~0.85.




4 Discussion

We compared different screening strategies for diabetes in adults ≥ 35 years using easily obtainable clinical variables and laboratory results. Our findings showed that risk scores combining clinical variables and glycemic measures expressed continuously outperformed traditional laboratory-based categorical approaches and the two-step categorical approaches frequently recommended in national screening programs. Combining a continuously expressed FPG with clinical variables resulted in the largest gain in accuracy. Including additional laboratory results produced some further improvement. While all strategies identified considerably more false than true positives, those based on continuously expressed variables had a more balanced mix between greater future case detection and less false-positive labeling. Finally, using two-step strategies, with the first step evaluating only clinical variables to identify those initially at the highest risk and the second step adding laboratory testing only for those identified, considerably reduced the need for laboratory testing.

Three major national programs of diabetes prevention have defined specific rules to label high risk and initiate preventive intervention. In the United States, the CDC recommends lifestyle counseling for overweight individuals at high risk based on the ADA questionnaire, an ADA lab cutoff, or having a previous pregnancy complicated by gestational diabetes (22). The United Kingdom’s National Health Service recommends intervention for those positive with the two-step NICE screening strategy (12). The Finnish Diabetes Prevention Program (DPP) recommends using a score of ≥15 points on the FINDRISC questionnaire to identify high risk while also considering at high risk those with OGTT results above WHO cutoffs or a history of either coronary heart disease or previous gestational diabetes (5).

Our findings indicate that the UK/NICE and especially the CDC/ADA approaches label a relatively high percentage of the sample as high risk, producing many referrals, a significant fraction of whom will not develop diabetes in the subsequent decade. Additionally, as shown in Figure 3, the approaches using ADA laboratory cutoffs, the ADA questionnaire, or both are internally inconsistent. Directly applied ADA glycemic testing labeled nearly 50% as high risk, but the ADA questionnaire labeled only 18% and the two-step approach only 13%. While the directly applied laboratory testing identified ~80% of cases, the questionnaire and two-step approaches identified little more than one-third of cases. The Finnish approach to screening, which sums those meeting other entry criteria with those presenting a high FINDRISC score, will likely also label a relatively high percentage as high risk and produce many false positives. Additionally, the two-step categorical strategies involving questionnaires and laboratory testing, as recommended by U.S. and U.K. authorities, were inferior to a similar continuous variable risk score as shown in the right panels of the figure. The continuous variable score labeled a smaller fraction of the population as at high risk than all but the ADA two-step strategy and produced a greater probability of those so labeled going on to develop diabetes than any of the other approaches.




Figure 3 | Graphical representation of three principal diagnostic metrics of different screening strategies. The box of each panel represents the whole sample. The red (left) circles represent the percentage of the sample who screened positive (labeled high risk) using each screening strategy, and the blue (right) circles represent the percentage of the sample who developed diabetes over follow-up. Positive predictive value (probability of those labeled as positive progressing to incident diabetes) is depicted by the percentage of the red circle intersecting with the blue circle (red number in the intersection), and screening test sensitivity (percentage of future incident cases identified) is depicted by the percentage of the blue circle within the red circle (blue number in the intersection).



As has been noted (24), almost all cost-effectiveness studies of screening followed by lifestyle interventions to prevent diabetes have been based on intensive interventions in non-community clinical trial settings. The effectiveness shown in these studies diminishes with their translation to community settings with less intensive interventions. With the use of the nationally recommended screening approaches, community programs also frequently recruit participants at lower risk of incident diabetes than those of the original clinical trials (2). This combination of a lower effectiveness of the intervention and a lower a priori probability of participants developing diabetes can markedly reduce the gains of screening. Lifestyle intervention in community settings, primarily in North America, has been estimated to prevent diabetes in only 3% of those enrolled (2). Improved titration of high-risk labeling through full use of clinical and laboratory information would improve the absolute probability of preventing diabetes through early detection. Hopefully, identifying additional influential risk factors from dietary, proteomic, DNA methylation, or metabolomic sources will permit further improvement of prediction. However, this gain may come at the cost of more sophisticated and thus more time-consuming and expensive strategies. Further, future advances in understanding the role of diet (25) and other factors in the pathogenesis of diabetes and in leading those with unhealthy habits to modify their human behavior will permit refinement in dietary and other lifestyle interventions.

The use of continuous variable screening strategies, here documented to be superior, as additionally found by another recent study (26), combined with patient preferences, seems more consistent with the current vision of precision and personalized medicine. To that end, Table 3 presents practical, clinically relevant implications derived from our study. Frequent rescreening should mitigate the concern that the continuous variable rules shown here will detect fewer future cases than current ADA one-step approaches. The ADA recommends testing adults over 35 or presenting risk factors every 3 years and those with previously detected pre-diabetes every year (3).


Table 3 | Main clinically relevant implications from findings based on diagnostic properties of screening strategies in the ELSA-Brasil validation sample.



A potential limitation to our study is that our rules using HbA1c performed relatively poorly, suggesting that greater laboratory error in HbA1c determination, although not reflected in our evaluation of its reliability coefficient (27), could have been present. Such imprecision could have led to underestimating the benefit of including HbA1c in strategies. Additionally, as in all evaluations of clinical predictive rules, our results are based on our sample’s pretest probability—the probability of developing diabetes over a 7.5-year follow-up. Settings with considerably greater or lesser incidence would need to calibrate our rules to their population’s risk of developing diabetes. However, as shown by the Global Burden of Disease Study, the incidence of type 2 diabetes is not greatly different in Brazil than in most other parts of the world (Supplementary Figure 1).

Our study presents several strengths. Its outcome of future incident diabetes and its focus on the most relevant screening metrics permit clinically relevant, head-to-head comparisons of different strategies. Our ascertainment of diabetes required confirmation, approximating it to the clinical definition, giving our findings greater generalizability. Standardized collection of data and centralized laboratory measurement add quality and precision to our results. Our relatively large sample size allows for more precise estimates of diagnostic properties. Rates of obesity and central obesity and other diabetes risk factors in ELSA-Brasil, being a contemporary cohort, are more in line with their current prevalence, permitting more easily generalizable clinical scores. Finally, our provision of an online calculator permits immediate use of findings.




5 Conclusions

All evaluated screening strategies to predict future diabetes are far from perfect. However, risk scores combining clinical variables with glycemic measures expressed in a continuous form are superior to traditional screening strategies and currently recommended two-step categorical strategies. National programs and those making recommendations should favor continuous variable scores in their recommended screening strategies to maximize the potential benefit for those invited to screening programs while guaranteeing an adequate balance between benefits and costs. They should also make explicit the impact of their screening strategy recommendations in terms of the percentage labeled as high risk and the probability that those so labeled, without intervention, will develop diabetes in the foreseeable future.
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« Combining sociodemographic and clinical factors with laboratory tests produces the best screening rules.

«  Algorithms based on continuously expressed variables, made available via digital calculators, produce a better balance between detecting more future cases and creating
fewer false positives.

« Fasting glucose is best among available laboratory tests considering feasibility, accuracy, and cost issues.
« When feasible, including glycated hemoglobin, HDL-c, and triglycerides will provide additional prediction in screening.

«  Two-step strategies, first identifying those at higher risk based only on readily available clinical information and then testing them for hyperglycemia, can reduce
laboratory testing with minimal loss in detecting future cases.

HDL-¢, high-density lipoprotein cholesterol.
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Laboratory only (one-step) % (95%CI) % (95%CI) % (95%CI)

Current ADA: FPG > 100 mg/dl 40.6 (39.2; 42.0) 76.6 (72.6; 80.6) 17.1 (15.4; 18.7)
Current ADA: FPG > 100 mg/dl or 2hPG > 140 mg/dl 47.5 (46.1; 49.0) 86.7 (83.5; 89.9) 165 (15.0; 18.1)
Current ADA: FPG > 100 mg/dl or HbAlc > 5.7% 47.2 (45.8; 48.6) 82.3 (78.7; 85.9) 15.7 (14.2; 17.2)
Previous ADA (2021, all aged >45)*: FPG > 100 mg/dl 39.8 (38.4;41.2) 76.1 (72.1; 80.1) 17.3 (15.6; 19.0)
Current WHO: only FPG > 110 mg/dl 11.0 (10.15 11.9) 40.1 (35.5; 44.8) 33.0 (29.0; 37.0)
Current WHO: FPG 2 110 mg/dl or 2hPG = 140 mg/dl 24.9 (23.6; 26.1) 70.2 (65.8; 74.5) 256 (23.1;28.1)

National program strategies

ADA questionnaire 18.5 (17.3; 19.6) 36.4 (31.8; 40.9) 19.1 (16.4; 21.7)
ADA two-step strategy 13.1 (12.1; 14.1) 34.0 (29.5; 38.5) 249 (21.4; 28.4)
NICE two-step strategy 26.8 (25.5; 28.1) 60.4 (55.7; 65.0) 213 (19.0; 23.6)
FINDRISC questionnaire 17.8 (16.7; 18.9) 41.5 (36.8; 46.2) 21.2 (184; 24.0)

Sens, sensitivity; PPV, positive predictive value; FPG, fasting plasma glucose; ADA, American Diabetes Association; WHO, World Health Organization; HbA ¢, glycated hemoglobin; 2hPG, 2-h
plasma glucose.

Lipids = triglycerides and high-density lipoprotein cholesterol. ADA questionnaire: risk score 25; ADA two-step strategy: risk score 25, then FPG > 100 mg/dl or HbAlc 2 5.7%; NICE two-step
strategy: U.K. Diabetes Risk Score 214, then FPG 2 99 mg/dl or HbAlc > 6%; FINDRISC questionnaire: risk score 215.

*Those under age 45 presenting known risk factors were also tested.





