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What’s new? 

• The increasing prevalence of Type 2 diabetes mellitus calls for more effective screening 

tests. This study introduces the first predictive models for undiagnosed Type 2 diabetes 

mellitus and impaired fasting glucose for the Slovenian population. 

• Waist measurement is preferred to BMI in both screening tools. 

• Two simplified models based on data from electronic health records were obtained by 

removing two questions from the Finnish Diabetes Risk Score (FINDRISC) 

questionnaire.    

• The proposed models achieved a significantly higher predictive performance in 

comparison with the routinely used FINDRISC questionnaire. 

 

Abstract 

Aim To develop and validate a simplified screening test for undiagnosed Type 2 diabetes mellitus and 

impaired fasting glucose for the Slovenian population (SloRisk) to be used in the general population. 

 

Methods Data on 11 391 people were collected from the electronic health records of comprehensive 

medical examinations in five Slovenian healthcare centres. Fasting plasma glucose as well as 

information related to the Finnish Diabetes Risk Score questionnaire, FINDRISC, were collected for 

2073 people to build predictive models. Bootstrapping-based evaluation was used to estimate the area 
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under the receiver-operating characteristic curve performance metric of two proposed logistic 

regression models as well as the Finnish Diabetes Risk Score model both at recommended and at 

alternative cut-off values.   

 

Results The final model contained five questions for undiagnosed Type 2 diabetes prediction and 

achieved an area under the receiver-operating characteristic curve of 0.851 (95% CI 0.850–0.853). 

The impaired fasting glucose prediction model included six questions and achieved an area under the 

receiver-operating characteristic curve of 0.840 (95% CI 0.839–0.840). There were four questions that 

were included in both models (age, sex, waist circumference and blood sugar history), with physical 

activity selected only for undiagnosed Type 2 diabetes and questions on family history and 

hypertension drug use selected only for the impaired fasting glucose prediction model. 

 

Conclusion This study proposes two simplified models based on FINDRISC questions for screening 

of undiagnosed Type 2 diabetes and impaired fasting glucose in the Slovenian population. A 

significant improvement in performance was achieved compared with the original FINDRISC 

questionnaire. Both models include waist circumference instead of BMI. 

 

Introduction 

Recent studies report an increasing prevalence of Type 2 diabetes mellitus and its negative influence 

on healthcare systems and the affected individuals [1–4]. There is therefore an urgent need to identify 

people who are at high risk of developing Type 2 diabetes, especially those with impaired fasting 

glucose (IFG) or even undiagnosed Type 2 diabetes. Early detection of both IFG and Type 2 diabetes 

can significantly reduce public and personal costs [5]. 
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Researchers in many countries are developing tools for predicting and detecting Type 2 diabetes. 

Studies show that the most cost-effective methods for screening Type 2 diabetes in the general 

population are the use of non-invasive screening tools for risk assessment, followed by blood tests for 

glycaemia [fasting plasma glucose (FPG), oral glucose tolerance test or HbA1c] [6]. These screening 

tools are used for early detection of risk factors for developing Type 2 diabetes and for preventing the 

occurrence of full-blown disease and complications [7]. One of the most widely used non-invasive 

screening tools is the Finnish Diabetes Risk Score (FINDRISC). Its aim is to predict the likelihood of 

individuals developing diabetes in the next 10 years [8]. In its original form, FINDRISC consists of 

eight questions. Because gender is not collected as a separate question, but can be collected from the 

question on waist circumference, where a separate set of values is available for men and women, 

FINDRISC questionnaires can be used to collect data on nine non-invasive variables: age; gender; 

BMI; waist circumference; physical activity; daily consumption of fruit and vegetables; history of 

antihypertensive drug treatment; history of high blood glucose; and family history of diabetes. It has 

been validated in many countries; for example, Sweden [9], the Netherlands [10], Greece [11], Spain 

[12], Hungary [13], Bulgaria [14] and Slovenia [15]. FINDRISC has shown good results, but it has 

often been modified because of cultural differences; for example, by adjusting the BMI and waist 

circumference threshold to meet Asia-Pacific standards [16] or by adjusting the threshold and 

excluding some variables from the original FINDRISC [6,12]. As demonstrated in our previous work, 

focusing on differences in optimal FINDRISC thresholds for the male and female working population 

in Slovenia, gender plays an important role in the predictive modelling of undiagnosed Type 2 

diabetes (UT2D) and IFG [15].  

In the present study, we aimed to develop and validate a simplified screening test for the detection of 

UT2DM and IFG in the Slovenian population with a higher predictive performance and fewer 

questions in comparison with FINDRISC. Both models developed in the present study are primarily 

aimed for use in an online environment targeting a general adult population. 
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Methods 

Study design and data source 

A cross-sectional population-based study was performed on electronic healthcare records data 

collected from five primary care institutions located in different parts of Slovenia. The data were 

anonymized at the healthcare institution site and later centrally collected at a software vendor data 

warehouse. All variables collected in a dataset were routinely collected in healthcare centres during 

preventive health examinations. The study was approved by the institutional ethics committee. The 

Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis 

(TRIPOD) [17] and the Reporting of Studies Conducted Using Observational Routinely Collected 

Health Data (RECORD) [18] statements were followed.  

 

Study setting and sample 

The initial dataset consisted of 11 391 electronic healthcare records of healthy adults with no prior 

Type 2 diabetes diagnosis. The data were collected during the period January 2015 to September 

2016, with only the first visit after January 2015 used for model derivation. The International 

Classification of Diseases 10 code E11 was used to exclude people with prior Type 2 diabetes 

diagnosis. After removal of incomplete cases that were missing outcome or predictor variable values, 

the final sample consisted of 2073 records, summarized in Table 1. A test for possible bias 

attributable to missing data was conducted by comparing the difference between the group of 

complete records and the group of incomplete records, which were removed in the further steps of 

analysis (Tables S4 and S5 in the Supporting Information). This test was performed for all variables, 

except those with an extremely high number of missing values (i.e. physical activity, high blood 

pressure history, high blood glucose history, daily fruit and vegetables consumption, and the question 

on diabetes in family). The only significant difference could be found in the age variable, with a 

difference of up to 2.5 years; however, as the distribution of the difference was equal over all three 

groups [UT2DM, IFG and normal fasting glucose (NFG)], this difference should not have affected the 
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model significantly. The high number of missing values can be attributed to the fact that entry of 

detailed FINDRISC questionnaire data is not mandatory at the primary healthcare level in Slovenia 

[19]. 

 

Key outcomes 

Two key outcomes were defined to allow derivation of a model predicting UT2DM and IFG. A 

laboratory measurement of FPG level was obtained from the electronic healthcare records for all 2073 

participants to define an outcome for each individual as UT2DM (FPG ≥ 7.0 mmol/L), IFG (FPG 6.1 

– 7.0 mmol/L), or normal fasting glucose (FPG < 6.1 mmol/L). Individuals classified in the IFG group 

(n = 435, 21.0%) or UT2DM group (n = 146, 7.0%) were both used as positive cases (n = 581, 28.0%) 

in the IFG predictive model derivation. This approach, as opposed to treating the IFG group as a 

separate group, also allows a more favourable positive vs negative case balance and improves the fit 

of the derived predictive models. A higher variance in FPG measurements was found in the UT2D 

group than in the IFG or normal glucose groups (Table 1).   

 

Predictor variables 

Predictor variables included all FINDRISC questions, with a few exceptions where continuous values 

were used instead of discretized interval values. Continuous values included information on age 

(years), BMI (kg/m2) and waist circumference (cm). Additionally, nominal variables representing 

gender, daily physical activity (>30 min), history of high blood pressure, history of high blood 

glucose, daily fruit and vegetable consumption, and family history of diabetes were used as binary 

variables to build the model. All nominal variables were dichotomous, except for family history of 

diabetes, for which three different answers were possible: 'no diabetes in family', 'diabetes present in 

grandparent, aunt, uncle or first cousin', and 'diabetes present in parent, brother, sister or own child'. 

This variable was dichotomized into two new binary variables representing presence of Type 2 

diabetes in two different groups of relatives.  
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As in the original FINDRISC questionnaire, we conducted an additional post hoc analysis with 

introduction of the interaction term between gender and waist measurement. The interaction term 

allows modelling of the effect of waist measurement on the outcome that can be different for men and 

women. In our previous study on a smaller sample, we demonstrated that optimal cut-off values could 

differ significantly for men and women [15]. 

 

Statistical analysis and model validation 

The models were derived using binomial logistic regression modelling. In each bootstrapping [20,21] 

iteration that was used to build and test the predictive model, we built two models, i.e. a full model 

and a simplified model that contained only features with statistically significant Wald test results from 

the full model. To allow an unbiased evaluation of the model performance [22], a full and a reduced 

model were built inside the same bootstrapping iteration. Because we were interested in detecting 

UT2DM and IFG, two full models and two simplified models were built for each bootstrapping 

iteration. The bootstrapping was performed by randomly sampling n samples with replacement from 

the initial set of samples, where n represents the number of all available samples. The samples that 

were not selected in the first step were used to evaluate the derived models, enabling testing of the 

derived models on independent samples. Additional experiments were conducted on two subsamples 

based on gender, where the predictive models were built and validated on data from men and women 

separately. 

The following performance metrics were calculated for each derived prediction model in each 

bootstrapping iteration: area under the receiver-operating characteristic curve (AUC), accuracy, 

sensitivity (true positive rate), specificity (true negative rate), positive predictive performance, 

negative predictive performance, and percentage of positively classified samples. For details 

regarding all predictive performance metrics used in this study see Harrell [23].  
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Results 

This section presents results of both UT2DM and IFG prediction models that were tested using 1000 

bootstrapping iterations for both the full model and the simplified model. The bootstrapping-based 

evaluations were followed by derivation of the final UT2DM simplified model and IFG simplified 

model  that can be applied to the Slovenian population. 

 

Bootstrap validation 

Figure 1 shows a comparison of classification performance (measured in AUC) between FINDRISC 

tests with different thresholds ranging from 10 to 20 (models F10–F20), including the FINDRISC test 

threshold value of 15 (F15) recommended in the Slovenian Type 2 diabetes prevention guidelines 

[24]. Additionally, both full model and simplified model were compared with the FINDRISC 

screening test for predicting UT2DM and IFG.  

A difference between variabilities of the derived models can be observed when comparing UT2DM to 

IFG prediction models (Fig. 1). As expected, UT2DM prediction models showed more variability 

compared with IFG models. For the best-performing model predicting UT2DM an AUC of 0.853 

(95% CI 0.811–0.898) was obtained for the full model and an AUC of 0.851 (95% CI 0.807–0.895) 

for the simplified model. Similarly, the best-performing full model predicting IFG achieved an AUC 

of 0.841 (95% CI 0.816–0.866) and an AUC of 0.840 (95% CI 0.814–0.865) for the simplified model. 

Detailed results on sensitivity, specificity, PPV, NPV and percentage of positively classified 

individuals can be found in the Supporting Information (Table S1).  

Next, we observed the frequency of variables selected in 1000 bootstrap iterations to build the 

simplified model (Fig. 2). There were three variables that were selected in >90% of bootstrapping 

iterations in UT2DM as well as IFG prediction: history of high blood sugar; age; and gender. For 

UT2DM prediction, there were two more variables that were selected in >50% bootstrap iterations 

when building the simplified predictive model. Both physical activity and waist circumference are 

variables that can be influenced through lifestyle-based interventions aimed at risk reduction.         
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Waist circumference was also part of the simplified model for IFG prediction in the majority of 

bootstrapping iterations. An interesting variable selection pattern could be observed in both simplified 

models, with waist circumference being kept in the model at the cost of BMI, which was excluded 

from both UT2DM and IFG models for most of the bootstrap iterations. A significant difference in the 

frequency of selection for the family history-related variables can be observed between the IFG and 

UT2DM models (Fig. 2). Two binary variables were used in the models as a result of dichotomization 

of the variables related to the question on family history of diabetes mellitus, for which participants 

were offered three answers. 

Additionally, we introduced an interaction term between waist measurement and gender as in the 

original FINDRISC questionnaire. The same experimental setup as used in the initial validation was 

used for the interaction term validation. In comparison with the original results, we did not observe 

any significant improvement in AUC. More specifically, the full prediction models achieved AUC 

values of 0.854 (95% CI 0.812–0.898) for UT2DM and 0.841 (95% CI 0.815–0.865) for IFG. In the 

case of the simplified models, we even observed a small but insignificant deterioration of 

performance, with AUC values of 0.849 (95% CI 0.798–0.895) for UT2DM and 0.829 (95% CI 

0.800–0.856) for IFG. More detailed results can be found in the Supporting Information. 

Finally, we built and validated separate models for male and female samples (Tables S2 and S3 in the 

Supporting Information). Figure 3 shows the results for UT2DM and IFG prediction models for both 

gender-based groups. Observing the predictive performance of the FINDRISC model with different 

thresholds, we noted that the optimal AUC-based threshold for men lay at 14 and 12 for UT2DM and 

IFG, respectively. In women, the threshold of 14 provides the best AUC results for both UT2DM and 

IFG prediction. It should be noted that there were very small differences for thresholds between 12 

and 15 for both groups. The predictive performance of the proposed full model and simplified model 

did not differ significantly between men and women.  
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Model derivation 

After assessing the predictive performance and variable importance using bootstrap-based evaluation, 

we applied the same predictive model derivation procedure to all available data (n = 2073) to obtain 

the final simplified models for predicting UT2DM and IFG. Tables 2 and 3 show the binomial logistic 

regression model characteristics for the UT2DM and IFG models, respectively.  

The selection of variables in the final two simplified models strongly correlates with the results of the 

bootstrap-based variable selection evaluation. In the UT2DM model, we observed five variables (age, 

sex, waist circumference, blood sugar history and physical activity), of which two, physical activity 

and waist circumference, are modifiable and can be targeted by lifestyle change interventions (Table 

2). In the case of IFG model (Table 3), six variables were selected (age, sex, waist circumference, 

blood sugar history, family history of diabetes, and hypertension drug use), with four of them 

overlapping with the five UT2DM model variables. The correlation between numerical variables and 

log odds of the model response variable was significant for all variables (P<0.001). The Spearman 

correlation coefficient of age and waist circumference for the UT2DM (IFG) model was 0.428 (0.514) 

for age and 0.607 (0.561). The optimal threshold in the UT2DM and IFG predictive model was set to 

0.126 and 0.224, respectively. 

 

Discussion 

Many risk-scoring models have been developed for detecting individuals at high risk of developing 

Type 2 diabetes and for detecting undiagnosed Type 2 diabetes, to reduce healthcare and personal 

costs [25,26]. Kengne et al. [27] analysed 12 prediction models for Type 2 diabetes in eight European 

countries. They concluded that every predictive model needs to be evaluated and adjusted to the needs 

of the population in which it will be implemented. In the present study, we proposed two predictive 

risk models based on the FINDRISC model with simplifications (i.e. reduction of the number of 

questions) that reflect the characteristics of the data collected in Slovenia. 
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Our results indicate that the performance of both simplified risk models in screening for UT2DM and 

IFG was very high, as indicated by the AUC and other predictive performance measures. Significant 

differences were observed when we compared the performance of both simplified models to the 

original FINDRISC models with different thresholds. The models developed in the present study 

included all eight non-invasive variables of FINDRISC, but we used continuous values (age, weight, 

height, BMI) instead of the intervals that are used in the original FINDRISC questionnaire. Additional 

differences in the performance gap between the proposed binomial logistic regression models and the 

original FINDRISC model are assumed to originate from the rounding of the regression coefficients 

in the original FINDRISC. We believe that in the era of digital screening tests there is no need to 

simplify regression functions to simple scoring systems leading to huge differences in the predictive 

performance of such models.  

In the present study, the optimal threshold for detection of UT2DM using the FINDRISC was 14, with 

a sensitivity of 76%, specificity of 73% and an AUC of 0.75 (95% CI 0.70–0.79). For predicting IFG, 

an optimal threshold of 13 resulted in a sensitivity of 68% and a specificity of 76%, with an AUC of 

0.72 (95% CI 0.70–0.75). A related study from Finland [28] showed similar results with an UT2DM 

threshold of 11, sensitivity of 66% in men and 70% in women and an AUC of 0.72 in men and 0.73 in 

women. In other similar studies where the FINDRISC test was used to detect UT2DM, thresholds 

ranged from 9 to 15, with AUC results very similar to the results obtained in the present study. More 

specifically, the AUC of the proposed models achieved 0.74 (threshold of 9) [16], 0.72 (threshold of 

13) [12], 0.72 (threshold of 15) [11] and 0.70 (threshold of 10) [14]. A study from Germany proposed 

a simplified FINDRISC-based model to predict UT2DM using only age, BMI, waist circumference, 

use of blood pressure medication, and history of high blood glucose to obtain AUC values of 0.88 

[29]. Different thresholds were also demonstrated when separate models were built for men and 

women. In the present study, we did not find any significant difference between the predictive 

performances of both proposed models in different gender groups. These results confirm the findings 

from our previous study, in which a large gap in predictive performance was shown when comparing 

classic paper and pencil questionnaires with fully developed regression models [30]. Nevertheless, 
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using logistic regression models instead of simplified tests does limit the spectrum of usage for such a 

test, mainly to information technology-supported environments. We believe, however, that in modern 

society the online environment is the most appropriate one for the deployment of screening tests 

intended to reach a wide target population. Additionally, we believe that both models can be used in 

the clinical environment to support the preventive work of healthcare professionals by visual 

demonstration of risk and influence of lifestyle changes at different ages. It should be noted that at 

least an external validation of the proposed models should be performed, before they can be used in 

the clinical environment.  

Studies conducted in different European countries show a higher probability of developing 

overweight, obesity, and central obesity in people with higher levels of blood glucose [25]. Physical 

activity, diet, weight, well-being, alcohol consumption and smoking are the most commonly 

mentioned risk factors related to the development of Type 2 diabetes that one can target using 

lifestyle-related interventions. The Diabetes Prevention Program shows that the intensive lifestyle 

interventions could reduce the incidence of Type 2 diabetes over 3 years by up to 58% [31]. Such 

interventions include weight loss and moderate physical activity [32]. 

Our results from binomial logistic regression (Tables 2 and 3) show that the incidence of Type 2 

diabetes was higher among men, older people, physically inactive people, people with a large waist 

circumference, and those with a history of high levels of blood glucose. Similar results were obtained 

in a study conducted among eight European countries. The incidence of Type 2 diabetes was higher in 

men, people aged >60 years, and people with a large waist circumference [27]. 

Several studies show that we can prevent the development of Type 2 diabetes with specific 

interventions. To apply these interventions, we need to identify individuals who are at high risk of 

developing Type 2 diabetes at the right time. The proposed models represent a simple non-invasive 

tool for predicting UT2DM and IFG. Using the proposed models, participants need to answer seven 

questions, the answers to which would be used to simultaneously estimate the risk for UT2DM and 

IFG. Alternatively, it is possible to ask five Type 2 diabetes-related questions first and then ask two 
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additional IFG-related questions to estimate the risk of pre-diabetes (IFG) in case of a negative 

outcome for UT2DM.    

Two variables out of nine derived from the original FINDRISC questionnaire were omitted altogether 

in our models. Unsurprisingly, our results showed that BMI and waist circumference were closely 

related. Consequently, our models included waist circumference instead of BMI. The question arises 

as to whether replacing BMI by waist circumference makes sense from the end-user perspective. One 

could assume that for most people it is easier to remember their height and weight than their waist 

circumference, which is rarely measured. However, inclusion of only BMI did not significantly 

change the results. The only question, therefore, should be whether waist circumference or BMI 

should be used; asking both questions in the same questionnaire should be avoided to save time in 

filling out the questionnaire. There is also a wide body of literature that confirms problems with BMI 

as it is not able to distinguish fat from fat-free mass, such as muscle and bone [33]. 

The second omitted variable was daily fruit and vegetable consumption. Table 1 shows that the 

majority of the population answered this question positively (89% in the UT2DM group, 90% in the 

FPG ≥ 6.1 mmol/L group, and 92% in the normal FPG group). It should be noted that eating habits 

differ between Slovenia and Finland, for example, in different sources of flavonoid-rich plant 

products that are frequently found in Mediterranean and Scandinavian diets [34]. Perhaps even more 

importantly, eating habits do change over time. More precisely, the original FINDRISC test [8], that 

actually points out the insignificant contribution of this question was developed using data from a 

cohort sampled in 1987. The same study mentioned a significant difference between the answers to 

this question in the development and validation data collected in 1992 that were used to validate the 

predictive model. Perhaps these questions should be set out more explicitly nowadays, possibly 

broken into two or more separate questions, especially given the fact that there are many studies 

confirming new associations between different food consumption patterns and Type 2 diabetes [35].  

The present study has some limitations that should be mentioned. First, an even higher predictive 

performance of the models could possibly be achieved by using state-of-the-art machine learning 
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approaches, such as boosting approaches [36] or deep neural networks [37], to name just two. 

However, one should be aware that introduction of advanced predictive models often leads to 

different levels of complexity that can strongly reduce the interpretability of prediction models. As 

inclusion of the variable representing history of high blood glucose in most bootstrap iterations 

suggests, this variable represents a strong predictor of UT2DM or IFG. This may represent a problem 

as the mere fact that blood sugar measurement was carried out in the past may suggest that this person 

already has Type 2 diabetes or IFG. The only way to check for this was exclusion of records with a 

reported diagnosis of Type 2 diabetes. A further limitation of this study is the potential for bias 

attributable to missing data as only the complete samples were used to develop prediction models. As 

reported in the study by Stiglic et al. [19] on a smaller subset (n=952) of data from three healthcare 

centres in Slovenia, the imputation of missing data has a significant impact on the performance of a 

predictive model, but only for smaller samples. As demonstrated in Stiglic et al. [19] where an 

UT2DM predictive model was built on increasing fraction of complete samples, the predictive 

performance stabilizes at ~600 complete records used to build the model.       

Although the bias towards a too optimistic predictive performance was reduced by introduction of 

bootstrap-based evaluation of the models, other external validations should be performed to further 

evaluate the predictive performance of the proposed models.  

 

In conclusion, in the present study we present two simplified prediction models for the screening of 

undiagnosed Type 2 diabetes and IFG for the Slovenian population. The results show that a 

significant improvement in performance can be achieved compared with the original FINDRISC 

questionnaire. Two variables used in the original FINDRISC questionnaire were excluded in the 

simplified predictive models derived in the present study. Waist circumference was used instead of 

the highly correlated variable BMI and the variable consumption of fruit and vegetables was excluded 

because of its non-significant contribution to prediction performance. The proposed models were also 
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applied in the web-based application for the general population and are available at 

http://www.ri.fzv.um.si/modest2/slorisk/en/. 

As already mentioned, the external validation of the proposed prediction model was not part of this 

study; however, the arrangements have already been made for evaluation of the proposed prediction 

models in five additional healthcare centres in Slovenia. Additionally, a temporal external validation 

is planned for all five healthcare centres included in this study. By further validation, the developed 

models might become ready for clinical use. The clinical use of such models should not be limited 

exclusively to screening purposes as there is the potential to use both risk tests presented in this study 

also for educational purposes, mainly to demonstrate the consequences of lifestyle changes in terms of 

changes in the estimated risk.     
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Supporting information 

 

Additional Supporting Information may be found in the online version of this article:  

Table S1. Predictive performance for FINDRISC at different cut-off values ranging from 10 to 20, for 

the full model (FM) and the simplified model (SM) with and without the interaction term (IT). 

Table S2. Predictive performance for FINDRISC at different cut-off values ranging from 10 to 20, for 

the full model (FM), and the simplified model (SM) for the female population. 

Table S3. Predictive performance for FINDRISC at different cut-off values ranging from 10 to 20, for 

the full model (FM), and the simplified model (SM) for the male population. 

Table S4. Study participant demographics, FINDRISC related characteristics and percentage of 

missing values for incomplete cases belonging to the undiagnosed UT2DM, IFG, and NFG groups, 

defined by the corresponding FPG threshold values. 

Table S5. Difference between mean values for complete and incomplete cases belonging to the 

undiagnosed UT2DM, IFG, and NFG groups, defined by the corresponding FPG threshold values. 
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FIGURE 1 Boxplot visualization of predictive performance (AUC) based on 1000 bootstrap 

iterations for FINDRISC at different cut-off values ranging from 10 to 20, the full model (FM) and 

the simplified model (SM). 

FIGURE 2 Relative variable importance measured as the frequency of variable inclusion in the 

simplified impaired fasting glucose and undiagnosed Type 2 diabetes predictive models. 

FIGURE 3 Boxplot visualization of predictive performance [area under the receiver-operating 

characteristic curve (AUC)] by gender based on 1000 bootstrap iterations for FINDRISC at different 

cut-off values ranging from 10 to 20, the full model and the simplified model. 
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Table 1 Study participant demographics and FINDRISC-related characteristics for individuals 

belonging to the undiagnosed Type 2 diabetes (UT2DM), impaired fasting glucose and normal fasting 

glucose groups, defined by the corresponding fasting plasma glucose thresholds 

 UT2DM 

FPG ≥ 7.0 mmol/L 

(n = 146, 7.0%) 

IFG 

6.1 ≤ FPG < 7.0 

(n = 435, 21.0%) 

NFG 

FPG < 6.1 mmol/L 

(n = 1,492, 72.0%) 

P* 

Mean (SD) age 59.8 (9.4) 58.8 (9.4) 53.5 (11.4) < 0.001 

Age, n (%)      

< 45 years 11 (7.5) 33 (7.6) 351 (23.5) 

< 0.001 
45–54 years 30 (20.5) 107 (24.6) 417 (27.9) 

55–64 year 60 (41.1) 169 (38.9) 457 (30.6) 

> 64 years 45 (30.8) 126 (29.0) 267 (17.9) 

Weight, kg 91.8 (20.8) 86.2 (14.8) 79.2 (15.6) < 0.001 

Height, m 168.6 (11.2) 168.6 (9.1) 167.8 (34.7) < 0.001 

Mean (SD) BMI, kg/m2 33.0 (16.2) 30.3 (4.8) 28.5 (8.0) < 0.001 

BMI, n (%)     

<25 kg/m2 15 (10.3) 49 (11.3) 376 (25.2) 

< 0.001 25–30 kg/m2 42 (28.8) 175 (40.2) 633 (42.4) 

>30 kg/m2 89 (61.0) 211 (48.5) 483 (32.4) 

Waist circumference measured 
below the ribs at the level of the 
navel 

    

Mean (SD), cm  104.2 (13.0) 100.4 (12.7) 94.2 (12.1) < 0.001 

Men < 94 cm, n (%)  
Women < 80 cm, n (%) 

16 (11.0) 65 (14.9) 357 (23.9) 

< 0.001 
Men 94–102 cm, n (%) 
Women 80–88 cm, n (%) 

30 (20.5) 103 (23.7) 377 (25.3) 

Men >102 cm 
Women >88 cm 

100 (68.5) 267 (61.4) 758 (50.8) 

Women, n (%) 49 (34) 186 (43) 888 (60) < 0.001 

Do you usually have daily at 
least 30 min of physical activity? 
Yes, n (%) 

78 (53) 164 (38) 459 (31) < 0.001 

Have you ever taken medication 
for high blood pressure? 
Yes,  n (%) 

81 (55) 210 (48) 352 (24) <0.001 

Have you ever been found to 
have high blood glucose? 
Yes, n (%) 

117 (80) 234 (54) 117 (8) < 0.001 

How often do you eat fruit or 
vegetables? (0, daily; 1, less 
frequently) 
Daily, n (%) 

16 (11) 42 (10) 122 (8) 0.376 
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Have any of the members of 
your immediate family or other 
relatives been diagnosed with 
diabetes? 

    

No, n (%) 87 (59.6) 259 (59.5) 1072 (71.8)  

Yes; grandparent, aunt, uncle, 
or first cousin (but not own 
parent, brother, sister or 
child), n (%) 

10 (6.8) 32 (7.4) 99 (6.6) < 0.001 

Yes; parent, brother, sister or 
child, n (%) 

49 (33.6) 144 (33.1) 321 (21.5)  

FPG, mmol/l 8.1 (1.9) 6.4 (0.2) 5.3 (0.4) < 0.001 

FPG, fasting plasma glucose; IFG, impaired fasting glucose; NFG, normal fasting glucose. 

*P value of the statistical test performed between the UT2DM, IFG and NFG groups, where for continuous values either 

parametric one-way ANOVA or non-parametric Kruskal–Wallis test was performed and for binary values a chi-squared test 

was performed. 

 

Table 2 Binomial logistic regression model for predicting undiagnosed Type 2 diabetes 

 
Estimate

SE
z value Odds ratio (95% CI) Pr(>|z|)

(Intercept) –8.49 1.04 –8.19 0.00 (0.00–0.00) < 0.001

Age (years) 0.03 0.01 3.26 1.03 (1.01–1.05) 0.001

Waist circumference (cm) 0.03 0.01 3.52 1.03 (1.01–1.045) < 0.001

Female –0.75 0.20 –3.68 0.47 (0.32–0.70) < 0.001

Physical inactivity 0.62 0.20 3.20 1.87 (1.27–2.74) 0.001

Blood sugar history 2.54 0.22 11.47 12.64 (8.31–19.82) < 0.001
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Table 3 Binomial logistic regression model for predicting impaired fasting glucose 

 
Estimate

SE
z value Odds ratio (95% CI) Pr(>|z|)

(Intercept) –6.48 0.66 –9.89 0.00 (0–0.01) < 0.001

Age (years) 0.04 0.01 6.23 1.04 (1.03–1.05) < 0.001

Waist circumference (cm) 0.03 0.01 5.05 1.03 (1.02–1.04) < 0.001

Female –0.78 0.13 –6.13 0.46 (0.36–0.59) < 0.001

Taking hypertension drugs 0.32 0.14 2.31 1.37 (1.05–1.80) 0.021

Blood sugar history 2.58 0.14 19.01 13.17 (10.13–17.24) < 0.001

Diabetes in family  

Grandparent, aunt, uncle or  

first cousin 
0.57 0.24 2.34 1.77 (1.09–2.84) 0.019

Parent, brother, sister or own  

Child 
0.52 0.14 3.68 1.69 (1.28–2.22) < 0.001
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