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ABSTRACT 
 

Background: Prediabetes is a global epidemic with rising prevalence rates, but its diagnosis 

based on traditional risk factors is challenging. Application of novel machine-intelligence based 

methods to public health databases could provide valuable insights into the disease process. 

 

Aim: To build predictive models to elucidate the determinants of prediabetes using machine 

learning algorithms on a nationally representative sample of the US population. 

 

Method: Two datasets containing general (n = 6346) and dental (n = 3167) variables were 

prepared from the National Health and Nutrition Examination Survey (NHANES) 2013-2014 

and were randomly partitioned to create train and internal validation data. Feature selection 

algorithms were run on the train (n = 3174) data containing 156 pre-selected general variables. 

Five machine learning algorithms were applied on train data containing general (n = 3174) and 

dental (n = 1584) variables as well as on re-sampled datasets built using 4 resampling methods. 

Predictive models were tested on internal validation data containing general (n = 3172) and 

dental (n = 1583) variables. External validation was done on 2 datasets containing general (n = 

3000) and dental (n = 1500) variables prepared from the NHANES 2011-2012. Model 

performance was evaluated using area under the receiver operating characteristic curve (AUC). 

Determinants were elucidated by odds ratios in logistic regression models and by variable 

importance values in other algorithms. The CDC prediabetes screening tool was chosen as the 

benchmark against which the performance of optimal models was compared. 

 

Results: Seven optimal (>70% AUC) models built on the dataset containing general variables 

elucidated 25 determinants of prediabetes including a few novel associations; 20 were identified 

by both logistic regression and other non-linear/ensemble models while 5 were solely elucidated 

by the latter. Dental variables by themselves were not predictive of, and periodontitis appeared 

the only dental determinant of, prediabetes. The optimal machine learning model (AUC = 

71.6%) built on the data containing general variables outperformed the chosen benchmark while 

that built on dental data equaled the performance of the screening tool. 

 

Conclusion: A range of determinants of prediabetes was identified through validated and 

benchmarked models highlighting the potential of a systematic, machine intelligence-based 

modelling approach on a public health database to elucidate the determinants of prediabetes 

including novel predictors. 

Keywords: prediabetes, determinants, machine learning, feature selection, NHANES 
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DEFINITIONS 

 

Machine learning A discipline focused on developing computer 

algorithms for transforming data into intelligent 

action by the concomitant use of both computing 

power and statistical methods (Lantz, 2013). 

 

Predictive analytics  

(predictive modelling) 

Application of statistical methods including 

machine learning algorithms on both new and 

historical data to make predictions about future or 

unknown events (Strickland, 2015) 

 

Data mining Application of machine learning, statistics, and 

informatics methods on large amounts of data to 

extract new knowledge (Zhao, 2012) 

 

Supervised learning Learning process involving the modelling of a set 

of input (independent) variables and an output 

(dependent) variable and the prediction on new data 

using constructed models (Tripathi, 2017) 

 

Unsupervised learning Learning process involving the modelling of input 

data without response variables to explore patterns 

and statistical structures in the data (Tripathi, 2017) 

 

Classification and regression tree 

(CART/Decision tree) 

A machine learning algorithm comprised of a set of 

split conditions aiming for accurate prediction 

(continuous response variable) or classification 

(categorical response variable) of cases (Loh, 2011) 

 

Bagging 

(Bootstrap aggregating) 

 A machine learning ensemble meta-algorithm to 

improve accuracy and stability and reduce variance. 

Multiple bootstrap (i.e. sampling with replacement) 

train samples are used to train different models and 

the model outputs are combined by averaging (in 

regression) or voting (in classification) to create a 

single output (Breiman, 1996). 

 

Boosting  A machine learning ensemble meta-algorithm to 

improve accuracy, reduce bias (and also, variance 
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in supervised learning) that convert weak learners 

to a strong prediction rule (Schapire, 2003) 

 

Bagged CART An ensemble learner in which bagging/bootstrap 

aggregating is applied to decision tree algorithm. 

Multiple bootstrap sub-samples of train data are 

created, a decision tree model is trained on each 

sample, and a single output is produced by 

averaging (in regression tree) or voting (in 

classification tree) (Breiman, 1996) 

 

Gradient boosting An ensemble machine learning algorithm used for 

classification and regression that consists of 

boosting and optimization of a loss function 

(Friedman, 2001; Friedman, 2002) 

 

Random forest An ensemble machine learning algorithm used for 

classification and regression in which a large 

number of decision trees are constructed during the 

training process and the mode of the predicted 

classes (in classification) or the mean prediction of 

individual trees (in regression) is produced as 

output (Breiman, 2001) 

 

Artificial neural network A non-linear machine learning algorithm modelled 

on the human brain and nervous system that learns 

from and adapts to initial inputs. An artificial 

neural network model generally consists of a set of 

adaptive weights (numeric parameters tuned by a 

learning algorithm) and can be approximated by a 

non-linear function of its inputs (Strickland, 2015) 

 

Ensemble learning A machine learning method in which many 

classifiers are generated, and their outputs are 

aggregated. Most frequently used methods are 

based on bagging and boosting (Zhang & Ma, 

2012). 

 

Resampling  Restructuring a dataset having class imbalance 

through an iterative random sampling process to 
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obtain more balanced data for training machine 

learning algorithms. Has been proven to be an 

effective strategy for training imbalanced data 

(Jagelid & Movin, 2017) 

 

Random oversampling  

(ROSE) 

A resampling method by which the prevalence of 

the minority class is increased in the data (Lauron 

& Pabico, 2016) 

 

Synthetic minority oversampling 

technique  

(SMOTE) 

A resampling method in which a combination of 

over-sampling the minority class and under-

sampling the majority class is employed to achieve 

optimal classifier performance (Chawla et al, 2002) 

 

Class imbalance The situation in which a dataset overrepresents one 

class and under-represents the other class. This 

poses a problem in machine learning because many   

algorithms    tend to bias the majority class and 

ignore/misclassify the minority class (Longadge & 

Dongre, 2013) 

 

Confusion matrix A table illustrating the performance of a machine 

learning algorithm. Rows of the matrix represent 

the instances in predicted classes and columns 

represent the instances in actual classes (or vice 

versa) (Lesmeister, 2017) 

 

Receiver operating characteristic (ROC) 

curve 

A graph illustrating the predictive ability of a 

binary classifier at varying discrimination 

thresholds. Obtained by plotting true positive rate 

(sensitivity) of a classifier against its false positive 

rate (1-specificity) (Lesmeister, 2017) 

 

Area under the ROC curve  

(AUC) 

A robust indicator of a machine learning 

algorithm’s predictive performance preferred in 

imbalanced data training (Chawla, 2009) 

 

Accuracy A confusion matrix metric indicating how correct 

overall a given classifier’s prediction performance 

is. 
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Accuracy = (number of true positives + number of 

true negatives)/number of total predictions 

 

Sensitivity  True positive rate; the proportion of positives that 

are correctly identified as such 

Sensitivity = number of true positives/number of 

total positives = number of true positives/ (number 

of true positives + number of false negatives) 

 

Specificity  True negative rate; the proportion of negatives that 

are correctly identified as such 

Specificity = number of true negatives/number of 

total negatives = number of true negatives/ (number 

of true negatives + number of false positives) 

 

Negative predictive value  

(NPV) 

The proportion of negative results that are true 

negative results. Indicates the probability that 

subjects with a negative prediction outcome are 

truly outcome-negative. 

NPV = number of true negatives/ (number of true 

negatives + number of false negatives) 

 

Positive predictive value  

(PPV) 

The proportion of positive results that are true 

positive results. Indicates the probability that 

subjects with a positive prediction outcome truly 

have the outcome. 

PPV = number of true positives/ (number of true 

positives + number of false positives) 

 

Kappa A measure of how well the classifier performed as 

compared to how well it would have performed 

simply by chance.  

Kappa = (Observed agreement - chance 

agreement)/ (1-chance agreement) 

 

Multivariate imputation by chained 

equations (MICE) algorithm 

A proven method of multiply imputing missing 

data which can handle both continuous and 

categorical variables as well as complex missing 

data structures (Azur et al, 2011) 
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Feature selection The strategies applied for selecting a subset of 

relevant attributes/variables/predictors for building 

statistical or machine learning models. Objectives 

are to make simple, parsimonious models, reduce 

training time and enhance predictive ability (Guyon 

& Elisseeff, 2003) 

 

Variable importance An evaluation metric of machine learning models 

indicating the relative contribution/usefulness of 

each variable for predicting the response variable 

and are analogous to the concept of statistical 

significance. Methods of calculation may differ by 

algorithms and packages used but there is no one 

“best” measure neither a single definition 

(Grömping, 2009) 
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ABBREVIATIONS AND ACRONYMS 

 

AA degree………………………… Associate of Arts degree 

ADA……………………………… American Diabetes Association 

ALT……………………………… Alanine amino transferase 

AMT……………………………… Aspartate amino transferase 

ANN………………………………. Artificial neural network 

AUC………………………………... Area under the receiver operating characteristic curve 

Bagged CART……………………... Bootstrap aggregated classification and regression tree 

BMI………………………………… Body mass index 

CDC………………………………... Centers for Disease Control and Prevention 

CI…………………………………... Confidence interval 

CVD………………………………... Cardiovascular disease 

DBP………………………………… Diastolic blood pressure 

DM ………………………………… Diabetes mellitus 

DPP4……………………………….. Dipeptidyl peptidase-4 

ERB………………………………… Research Ethics Review Board 

FPG………………………………… Fasting plasma glucose 

GB………………………………….. Gradient boosting 

GGT………………………………... Gamma glutamyl transferase 

GLM……………………………….. Generalized linear model 

HbA1c……………………………… Glycated hemoglobin 

HBV………………………………... Hepatitis B virus 

HCV………………………………... Hepatitis C virus 

HIIT………………………………... High intensity interval training 

IgG…………………………………. Immunoglobulin G 

MICE………………………………. Multivariate imputation by chained equations algorithm 

MICT………………………………. Moderate intensity continuous training 

NCHS………………………………. National Center for Health Statistics 

NHANES…………………………... National Health and Nutrition Examination Survey 

OGTT………………………………. Oral glucose tolerance test 

OR………………………………….. Odds ratio  

RBC………………………………… Red blood cell count 

RF…………………………………... Random forest 

ROC………………………………... Receiver operating characteristic analysis/curve 

ROSE………………………………. Random oversampling algorithm 

SBP………………………………… Systolic blood pressure 

SD………………………………….. Standard deviation 

SMOTE…………………………….. Synthetic minority oversampling technique 

US…………………………………... United States 

WBC………………………………... White blood cell count 

WHO………………………………... World Health Organization 
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1. INTRODUCTION 

 

 

1.1. Background 

 

Prediabetes is a global epidemic, the prevalence of which is on the rise across the world 

(Edwards et al., 2016). It encompasses the high-risk pool in the intermediate, reversible stage 

between normal glucose tolerance and overt diabetes mellitus (DM) which deserves unequivocal 

attention as it presents a window of opportunity to curtailing progression to established diabetes 

and reverting to normal blood glucose levels by receiving timely, evidence-based care. 

Prediabetes management strategies frequently consist of simple lifestyle interventions, and less 

frequently, pharmacotherapy and bariatric surgery (Bansal, 2015). 

Meta-analyses have provided high levels of evidence for the complications associated with 

prediabetes including cardiovascular disease (CVD) (Huang et al., 2016), stroke (Lee, M. et al., 

2012), chronic kidney disease (Echouffo‐Tcheugui et al., 2016), cancer especially liver, 

endometrial, stomach/colorectal (Huang et al., 2014), and pancreatic (Fu et al., 2016). Socio-

demographic parameters such as poverty and older age (Mainous et al., 2014), clinical 

parameters such as obesity, hypertension, periodontitis (Demmer et al., 2015; Andriankaja et al., 

2014) hypertriglyceridemia (Hilawe et al., 2016), arthritis (Okwechime et al., 2015) and 

biochemical parameters such as dipeptidyl peptidase-4 (DPP4) (Zheng et al., 2014), mean serum 

uric acid (Zhang et al., 2016), adiponectin (Jiang et al., 2016), c-reactive protein (Jaiswal et al., 

2012) and serum ferritin (Sharifi et al., 2008) have been associated with prediabetes as concluded 

by studies done in various geographic settings among different study groups. 

1.2. The database 

The national health and nutrition examination survey (NHANES) is a continuous 

epidemiological study designed to assess the health and nutrition of the population of the United 

States (US). The survey is unique in that it combines interviews and physical examinations and 

provides a comprehensive database for epidemiological research comprised of a nationally-

representative sample of the US population. The NHANES provides interview data of 

demographic, socioeconomic, dietary, and health-related parameters, examination data on 

medical, dental, and physiological measurements, as well as data on various laboratory tests 
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administered by trained professionals. Therefore, it provides a unique opportunity to perform 

high-powered predictive analytics on a nationally-representative database to determine the 

predictors of various diseases. For example, Villa-Zapata et al. (2016) performed risk modelling 

to determine the predictors of microalbuminuria using regression-based techniques on the 

NHANES 2007-2008. 

The NHANES database provides data to build prediction models using dental variables as well. 

In fact, several studies revealed that dental parameters by themselves could also be used to 

identify prediabetes in a dental clinic setting (Lalla et al., 2011; Holm et al., 2016) although their 

predictive potential in a public health database has not been evaluated to date.  On the other 

hand, dental variables such as periodontal disease which is known as the sixth complication of 

diabetes (Löe,1993) and demonstrates a strong, bidirectional relationship with diabetes (Grossi 

and Genco, 1998; Lalla & Papapanou, 2011), and the number of missing teeth (Lalla et al., 2011) 

could be potential indicators of precursor stages of diabetes and their validity in a community 

setting for diagnosing prediabetic individuals has neither been adequately explored. 

1.3. Diagnostic tests of prediabetes 

The NHANES contains data on 3 diagnostic tests for prediabetes/diabetes; fasting plasma 

glucose (FPG), oral glucose tolerance test (OGTT) and glycated hemoglobin (HbA1c). A 

concomitant use of multiple prediabetes/diabetes tests has been found more effective than using 

a single test (Aekplakorn et al., 2015; Ghazanfari et al., 2010). The HbA1c test, universally 

considered the gold standard of chronic glycemic control, is not only a standard diagnostic 

marker of prediabetes and diabetes but also a robust prognostic indicator of diabetic 

complications. For instance, HbA1c levels of prediabetic range are associated with a higher risk 

of diabetes and CVD even after adjusting for fasting glucose and key CVD risk factors (Selvin et 

al., 2010). Along the continuum of the natural history of the disease, HbA1c therefore has 

important implications as a diagnostic tool of prediabetes (Warren et al., 2017). Nevertheless, its 

performance seems highly context-specific which performed poorly (Hellgren et al., 2017; 

Nowicka et al., 2011) and was inferior to both OGTT and FPG tests (Dong et al., 2011; 

Ghazanfari et al., 2010) in several settings. On the other hand, using more than one diagnostic 

criterion yielded superior performance ((Kim et al., 2015).  
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Differences prevailing in the diagnostic criteria for prediabetes recommended by the World 

Health Organization (WHO) and the American Diabetes Association (ADA) (Bansal, 2015) are 

worthy of note. The WHO cut-off figures for diagnosing prediabetes are 110-125 mg/dl for FPG 

and 140-200 mg/dl for OGTT (World Health Organization, 2006). Corresponding ADA cut-offs 

for OGTT is the same but the range for FPG is 100-125 mg/dl. Moreover, the ADA diagnostic 

criteria have included a range of 5.7%-6.4% HbA1c as indicative of prediabetes (American 

Diabetes Association, 2014). 

1.4. Public health relevance 

From a public health perspective, elucidating the predictors of impaired glucose control (i.e., 

prediabetes) at an early stage prior to diabetes development can pave the way for timely 

identification of the high-risk pool across the disease spectrum. This in turn may facilitate the 

design of early and effective public health interventions aimed at high-risk individuals before the 

onset of diabetes addressing the factors associated with their increased susceptibility to 

demonstrate persistently poor glycemic control. Prediabetes, though essentially precedes the 

onset of overt diabetes, frequently exists an asymptomatic condition, posing a diagnostic 

challenge (Bansal, 2015). 

The primary aim of prediabetes screening tools is to diagnose high-risk individuals before the 

onset of diabetes and both ADA and CDC screening tools were found to perform robustly among 

the US population (Poltavskiy et al., 2016). Therefore, these screening tools may act as feasible 

benchmarks to be compared against the performance of any newly-constructed predictive 

models. For instance, a standard screening tool validated for the Korean population (Lee, Y.H. et 

al., 2012) was used for benchmarking machine learning models for prediabetes built from a 

Korean public health database (Choi et al., 2014).  

Early diagnosis of prediabetes through multifactorial risk scores is a cost-containing strategy 

highly beneficial to any health system since relatively low-cost lifestyle modifications are the 

cornerstone of its management that may reduce the relative risk of developing diabetes by 40%-

70% (Tabá et al., 2012). Current prediabetes risk assessment tools based on a broadly similar set 

of risk factors could be enhanced by incorporating novel attributes such as hematological and 

metabolic traits (Rathmann et al., 2010; Wilson et al., 2007). An entire health system may be 
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benefited by an effective diagnostic strategy of prediabetic individuals as it will cut down the 

exorbitant costs associated with overt diabetes management. 

1.5. Analytic approach: machine learning 

Both descriptive (association and clustering) and predictive (classification and regression) data-

mining methods, also known as unsupervised and supervised machine learning techniques 

respectively, are increasingly being applied in big data based public health research using large 

datasets. Though more complex than traditional statistical analyses, such data mining approaches 

are often preferred due to their merits such as the ability to generate new hypotheses and provide 

novel insights into various diseases (Kavakiotis et al., 2017). A systematic review of data mining 

technologies for diabetes revealed that they were applied in domains such as the prediction and 

diagnosis of diabetes and diabetic complications, feature selection, health care flow analysis, 

adverse drug effect analysis, clinical guidelines enrichment, prediction of early mortality, 

epigenetic and genomic data analysis and biomarker identification (Marinov et al., 2011). A 

summary review of studies of prediction models applied in prediabetes and associated conditions 

is presented in the appendix: table 1. 

1.6. The need for additional strategies 

A systematic review of the quality of predictive models on diabetes revealed that the most 

common methodological drawbacks were univariate pre-screening of variables, categorization of 

continuous attributes and poor handling of missing data (Collins et al., 2011). Another systematic 

review of prediabetes risk assessment tools identified additional methodological issues such as 

the lack of external validation and calibration of tools (Barber et al., 2014). Also, it has been 

reported that single feature selection methods are likely to be more biased than ensembles 

(Neumann et al., 2017). Class imbalance is a common phenomenon in medical databases which 

can heavily deteriorate classifier performance as they tend  to  optimize  the  overall  accuracy  

without  considering  the  relative distribution of each class (Mazurowski et al., 2008; Li et al., 

2010; Lusa, 2010), and several techniques such as resampling methods (Li et al., 2010; Rahman 

& Davis, 2013) and ensemble learning (Han et al., 2015; Alghamdi et al., 2017) have been 

suggested to circumvent this problem. 
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Since the reliability and accuracy of a prediction model is dependent on the methodological 

quality, rigorous steps would be needed to overcome these common methodological flaws which 

may include the use of advanced feature selection tools for dimension reduction, plausible 

construction of composite variables, sound missing data management techniques, external 

validation and benchmarking of models as well as the use of strategies such as resampling 

methods and ensemble learners to overcome the class imbalance issue.  

In this context, the present study addressed the following aim and objectives: 

1.7. Aim and objectives 

The study aimed at building and validating prediction models to elucidate general and dental 

determinants of prediabetes using machine learning algorithms on a public health database. 

Specific objectives were: 

1. To determine the general (socio-economic, clinical, and biochemical) predictors of 

prediabetes by a machine learning based predictive modelling approach using the 

NHANES 2013-2014 database 

2. To determine the dental predictors of prediabetes by a machine learning based predictive 

modelling approach using the NHANES 2013-2014 database 

3. To evaluate the predictive modelling performance of machine learning models that were 

constructed using general and dental parameters against a national benchmark for 

prediabetes screening; the CDC prediabetes screening tool 

 

1.8. Research questions 

Aligned to the above, the present study addressed the following research questions 

1. Can a machine learning based predictive modelling approach on the NHANES 

effectively identify general (socio-economic, clinical, and biochemical) and dental 

determinants of prediabetes? 

2. How would a machine learning based predictive modelling approach on the NHANES 

perform, compared to a standard prediabetes screening tool applied among the US 

population? 
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2. METHOD 

Analyses were done using R statistical software and its assortment of machine learning packages. 

A brief description of the main R statistical packages used is given in the appendix: table 2. 

Study population comprised of participants of the NHANES 2013-2014; the latest data available 

in the NHANES database. The methodological approach is illustrated in the appendix: figure 1. 

2.1. Construction of the binary outcome variable i.e. prediabetic versus normoglycemic 

The binary outcome variable i.e. prediabetic versus normoglycemic in the present study was 

defined integrating all 3 diagnostic tests available in the NHANES database, namely, FPG, 

OGTT and HbA1c tests, which is commensurate with the approach adopted by Ogunyemi et al. 

(2015) and Zhang et al. (2015). The NHANES 2013-2014 database provided HbA1c 

measurements for a full sample as well as FPG and OGTT results for sub-samples. Standard 

reference ranges for prediabetic, diabetic and normoglycemic statuses recommended by the ADA 

are as follows: HbA1c: normoglycemic <5.7%, pre-diabetic = 5.7%-6.4%, diabetic>6.4%; FPG: 

normoglycemic <100 mg/dl, pre-diabetic = 100-125 mg/dl, diabetic>125 mg/dl; OGTT: 

normoglycemic <140 mg/dl, prediabetic = 140-200 mg/dl, diabetic >200mg/dl (American 

Diabetes Association, 2014).  

Since the study was based on a nationally-representative sample of the US population, standard 

prediabetes diagnostic criteria recommended by the ADA were used. Individuals with HbA1c 

>6.4% or FPG >125 mg/dl or OGTT >200mg/dl indicating prevalent diabetes were first 

excluded. Of the remaining sample, participants were classified as prediabetic if they met at least 

one of the following criteria; FPG 100-125 mg/dl, OGTT = 140-200mg/ dl, HbA1c = 5.7-6.4%. 

Thus, a dichotomous outcome variable was created, premised on the agreed cut-off levels of 

each; prediabetic (HbA1c = 5.7% - 6.4% or FPG = 100-125mg/dl or OGTT = 140-200 mg/dl) 

versus normoglycemic otherwise.  

Self-reported prediabetes data were also available in the NHANES database in the form of the 

responses to the question “Have you ever been told by a doctor or other health professional that 

you have prediabetes?” A receiver operating characteristic (ROC) analysis of self-reported status 

of having ever been told prediabetic versus current HbA1c, FPG, and OGTT among the study 

sample was carried out to assess the feasibility of using these data for the definition of the 
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outcome variable. Based on the ROC analysis, self-reported prediabetes data were excluded from 

outcome definition (figure 1). 

2.2. Preparation of data 

Two different datasets from the NHANES 2013-2014 were constructed for modelling with 

general and dental variables as described below. Also, two corresponding datasets with relevant 

general and dental variables were constructed from the NHANES 2011-2012 for the external 

validation of optimal models. 

2.3. Variable handling, missing data management, and the construction of train and 

validation datasets for objective 1 (modelling with general socio-economic, clinical, 

physiological, and biochemical variables) 

Variables with 30% or more missing data were excluded. From the repertoire of variables in the 

NHANES 2013-2014, 156 variables were pre-selected following a comprehensive literature 

review on the determinants of prediabetes. The list of pre-selected variables and the 

evidence/rationale for their inclusion is given in the appendix: table 3. Of note, the list 

contained a few newly created/modified/ composite variables and information about their 

construction is also provided in the appendix: table 3. A “missing at random” pattern of the 

missing data distribution was assumed and hence a multiple imputation was deemed feasible. 

Default functions of the “mice” (multivariate imputation by chained equations) package in R 

(Buuren & Groothuis-Oudshoorn, 2010) were used for multiply imputing missing values of each 

type of variable; predictive mean matching for numeric, Bayesian polynomial logistic regression 

for multi-level (>2 levels) categorical, and Bayesian binary logistic regression for dichotomous 

categorical variables, respectively. Goodness of fit of the imputed data was evaluated by 

comparing summary measures and distributions of variables in the original and complete datasets 

(appendix: tables 4 & 6). 

A random 50/50 partitioning of the processed, complete dataset from NHANES 2013-2014 was 

done to create a train dataset for modelling (N = 3174) and an internal validation dataset (N = 

3172). In addition, a random sample with corresponding variables was created from the 

NHANES 2011/2012 database for external validation of the constructed models (N = 3000). 

Missing data of the external validation dataset were handled similarly to the method used for the 
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NHANES 2013-2014 described above using the multiple imputation functions of the “mice” 

package. Of note, one variable, namely “diagnosed jaundice”, was not available in the NHANES 

2011-2012 and a random, simulated sample of values from the NHANES 2013-2014 data of this 

variable was added to the external validation dataset. 

2.4. Feature selection for objective 1 (modelling with general socio-economic, clinical, 

physiological, and biochemical variables) 

In accordance with the fundamental principle of feature selection that it should be performed on 

the data that are not used for internal or external validation of models (Guyon & Elisseeff, 2003), 

feature selection algorithms were run only on the train data. Thus, an array of feature selection 

algorithms encompassing all 3 types - wrapper, filter and embedded - was run on the train dataset 

(N = 3174) containing the 156 pre-selected variables. A summary of feature engineering 

algorithms employed, and the features extracted by each method are given in table 2. Based on 

the results of feature engineering as well as the comprehensive literature review, 46 variables 

that would minimize redundancy were selected for modelling. When several similar or 

comparable variables had appeared in the output, objectively-measured physiological or 

biochemical variables were selected in favor of those emanating from self-reported data. A 

descriptive summary of the selected 46 features is given in table 1.1.  

2.5. Modelling and model validation process for the objective 1 

Five algorithms were used to encompass linear, non-linear and ensemble models as follows:  

1. Logistic regression (linear) 

2. Artificial neural network (ANN) (non-linear) 

3. Random forests (RF) (ensemble) 

4. Gradient boosting (GB) (ensemble) 

5. Bootstrap aggregated classification and regression tree (Bagged CART) (ensemble) 

To address the issue of class imbalance inherent in the data, 2 methods endorsed in literature 

were used; 3 ensemble models as mentioned above ((Han et al., 2015; Alghamdi et al., 2017) and 

resampling techniques (Li et al., 2010; Rahman & Davis, 2013). Thus, in addition to the 3 

ensemble algorithms mentioned above, 4 resampling techniques, namely, under-sampling, 

oversampling, random oversampling (ROSE) (Lunardon et al., 2014) and synthetic minority 
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oversampling (SMOTE) (Chawla et al., 2002) were employed. Therefore, using each of the 5 

algorithms, 5 models were built as follows: a model with;  

1. Original data 

2. Resampled data using under-sampling 

3. Resampled data using oversampling 

4. Resampled data using ROSE  

5. Resampled data using SMOTE.  

Parameter tuning and five-fold cross-validation were performed for the ANN models while the 

other 4 algorithms were trained using default parameters and ten-fold cross-validation and the 

methodological details are given in the appendix: table 2. The resulting 25 machine learning 

models built on the train data consisting of extracted general predictors were tested on both the 

internal and external validation data. Predictive accuracy of models on validation data was 

gauged via confusion matrix metrics and area under the ROC curve (AUC). The relative impact 

of predictors in logistic regression models was gauged via adjusted odds ratios (OR), their 

confidence intervals (CI), and corresponding p-values while the variable importance values were 

used for elucidating predictors in case of the other 4 classification algorithms. Default, in-built 

functions available in the R statistical packages were used to calculate the variable importance 

estimates and methodological details are given in the appendix: table 2. Owing to the class 

imbalance of the sample (prevalence of prediabetes of the sample = 23.43%), AUC was chosen 

as the model performance evaluation criterion (Chawla, 2009; Kotsiantis et al., 2006). The cut-

off AUC and other performance evaluation metrics that maximized the Youden index (sensitivity 

+ specificity – 1) were determined for each model. The Youden index was chosen as it is 

preferred in imbalanced datasets (Bekkar et al., 2013). Thus, a benchmark AUC of 70% which 

had been endorsed as an acceptable prediction level (Jayanthi et al., 2017) was set, and 7 optimal 

models exceeding the benchmark were identified. A summary of these optimal models and 

determinants elucidated are given in table 3.1. and table 3.2. 

2.6. Variable handling, missing data management, and the construction of train and 

validation datasets for objective 2 (modelling with dental variables) 

Similar to the method adopted for the objective 1, variables with 30% or more missing data were 

excluded. Dental variables available in the NHANES 2013-2014 were selected via a 
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comprehensive literature survey on their association with prediabetes. Owing to the fewer 

number of variables (i.e. 15), feature selection was not performed. Details about the 

selected/constructed composite variables, their definition/construction and the rationale for their 

inclusion are given in the appendix: table 5 while a descriptive summary is given in the table 

1.2. Of note, the study sample comprised only of adult >= 30 years of age. This was deemed 

necessary because a number of dental variables, namely, periodontitis, dental floss use 

frequency, mouthwash use frequency, ever having a periodontal treatment, and self-reported 

tooth mobility, had been measured only on individuals of 30 years of age or older. This approach 

was further supported by the skewed distribution of prediabetes; nearly 81% of the prediabetic 

individuals in the sample consisting of general predictors (N= 6346) were 30 years or older. 

Missing data were multiply imputed via the same method adopted for the objective 1 and post-

hoc accuracy analyses of the imputation was performed (appendix: table 6). A random 50/50 

partitioning of the processed, complete dataset from NHANES 2013-2014 was done to create a 

train dataset for modelling (N = 1584) and an internal validation dataset (N = 1583). In addition, 

a random sample was created from the NHANES 2011/2012 database for external validation of 

the constructed models (N = 1500). Missing data of the external validation dataset were also 

multiply imputed using the “mice” algorithm described above.  

2.7. Model-building and validation process for the objective 2 

The process was similar to that which was adopted for the objective 1. Thus, 5 models, 1 with 

original data and 4 with re-sampled data, were built using each of the 5 algorithms resulting in 25 

models in total. Parameter tuning and five-fold cross-validation were performed for the ANN 

models while the other 4 algorithms were trained using default parameters and ten-fold cross-

validation and the methodological details are given in the appendix: table 2. Owing to the class 

imbalance of the sample (prevalence of prediabetes of the sample = 29.46%), AUC was chosen 

as the model performance evaluation criterion. The cut-off AUC and other performance 

evaluation metrics that maximized the Youden index (sensitivity + specificity – 1) were 

determined for each model. Since none of the 25 models exceeded the chosen benchmark AUC 

of 70% which had been endorsed as an acceptable prediction level (Jayanthi et al, 2017), a 

summary of the optimal models having the highest AUC built using each algorithm and 

determinants elucidated are given in table 4. The relative impact of predictors was gauged via 
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adjusted OR, CI and corresponding p-values in the case of logistic regression models and via 

variable importance values in case of other classification algorithms. Default, in-built functions 

available in the R statistical packages were used to calculate variable importance estimates and 

details are given in the appendix: table 2. 

2.8. Benchmarking of predictive models (objective 3) 

Predictive performance estimates of constructed optimal models under objectives 1 & 2 which 

had the highest AUC on the internal and external validation data were compared against the 

performance of a national benchmark using standard test metrics (i.e. accuracy, sensitivity, 

specificity, kappa, and AUC). A screening tool endorsed for the US population by the Centers 

for Disease Control and Prevention (CDC), namely, the CDC prediabetes screening test (CDC 

prediabetes screening test, 2018) was adapted for benchmarking as the study data were from a 

nationally-representative sample of the US population. The CDC prediabetes screening tool 

consists of 7 questions pertaining to age, having delivered an overweight baby (>9lb), siblings or 

parents having diabetes, physical activity, and obesity. The total score ranges 0-18 and the cut-

point for prediabetes is 9. Adaptation of the CDC screening tool to be able to use on the 

NHANES data and the allocation of corresponding scores was as per Poltavskiy et al. (2016) and 

details are presented in the table 6. Age was categorized with the cut-points of 45 and 65. Since 

the NHANES 2013-2014 did not collect family history of diabetes information separately for 

parents and siblings, the 2 questions on the parents’ and siblings’ diabetes were combined and 

assigned the score of 2. Classification of obesity as per the given weight and height chart 

corresponds to BMI cut-point of 27 kg/m2 and thus two categories were created and the obese 

were allocated a score of 5. For “physical activity”, a binary variable was created based on if any 

of the following activities were done 5 or more days in a typical week: vigorous or moderate 

work, recreational work, walk or bicycle and were given different scores considering both the 

age and the physical activity, as shown in the table 6. A score of 1 was given if a female reported 

of having an overweight baby at birth (>9lb). Individuals with a total score ≥ 9 were categorized 

as pre-diabetic and those with <9 non-prediabetic. This classification was performed on both 

internal and external validation datasets containing general and dental variables, the performance 

evaluation metrics were calculated and were compared with those of optimal models built under 

the objectives 1 & 2. For statistical comparisons of predictive performance of optimal models 
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against the benchmark, the test for comparing AUC of two ROC curves by Hanley and McNeil 

(1982) was used. Findings are summarized in table 5.  

2.9. Ethical considerations 

Ethical approval for the NHANES 2013-2014, specified as “Continuation of Protocol #2011-17”, 

was obtained from the National Center for Health Statistics (NCHS) Research Ethics Review 

Board (ERB) (National Center for Health Statistics, 2018). Strictest confidence of the collected 

data was guaranteed, and the written informed consent process consisted of assuring that the 

collected information would be used only for stated purposes and would not be rendered 

accessible to third parties without the prior consent of the survey participants. Publicly-available 

NHANES 2013-2014 data have been anonymized. Rigorous measures to ensure safety and 

privacy of participants were taken since the NHANES involved collection, storage, and retrieval 

of biological specimens and the use of invasive data collection procedures. Iatrogenic risks were 

minimized by deploying trained personnel for data collection. Since the present study entailed a 

secondary analysis of open-access, anonymized survey data, ethical approval was not required. 
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3. RESULTS 

 

3.1.Analysis of predictive value of self-reported prediabetes 

The Youden index-maximizing AUC estimates of ROC curves illustrating the diagnostic ability 

of self-reported status of ever being told prediabetic versus current Hb1Ac (figure 1: plot a), 

FPG (figure 1: plot b) and OGTT (figure 1: plot c) levels were 66.1%, 64.7%, and 65.7% 

respectively, and since they were thus below the 70% benchmark AUC indicating sub-optimal 

predictive performance, self-reported prediabetes data were not used for defining prediabetes. 

3.2. Post-hoc analyses of the multiple imputation algorithm’s robustness 

Distributional analyses of the imputed and original datasets containing general variables revealed 

that out of the 156 attributes, only 1 numeric variable, namely, processed food expenditure 

(missing data percentage =1.61%), and 6 categorical variables, namely, having ever served in the 

armed forces (missing data percentage = 14.36%), marital status (missing data percentage = 

21.87%), self-reported kidney stones (missing data percentage = 21.92%), past any tobacco use,  

(missing data percentage = 22.90%), self-reported urinary leakage (missing data percentage = 

28.88%), and functional limitations (missing data percentage = 21.82%) demonstrated 

significantly different distributions between the 2 datasets(appendix: table 4). There were no 

significant differences in the distributions of any of the numerical and categorical variables 

between original and imputed datasets containing dental attributes (appendix: table 6). 

3.3. Characteristics of the datasets containing general and dental variables 

Characteristics of the datasets containing general variables 

Prevalence of prediabetes in the sample containing general predictors (N = 6346) was 23.43%. A 

majority considered that they were not at risk of diabetes (N = 4678), were female (N = 3340), 

belonged to a race other than (non-Hispanic) White (N = 3839), were US citizen (N = 5578), 

were married or living with partner (N = 4627), used alcohol (defined as having  had at least 12 

drinks of any type of alcoholic beverage in any year; N = 4429), did not use any tobacco product 

last 5 days (N = 4921), were not diagnosed as hypertensive (N = 4463), had no self-reported 

hepatitis B (N = 6289) or hepatitis C (N = 6280), were not diagnosed jaundiced (N = 6217), had 
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no familial diabetes (N = 3925), were hepatitis B surface antibody negative (N = 4571), were 

hepatitis E IgG negative (N = 6061), had an education level of college/ Associate of Arts (AA) 

degree/above (N = 2915), did not engage in vigorous activity (N = 3710) but had moderate 

activity (N = 4493), had no gestational diabetes (only 172 females reported of gestational 

diabetes), had no overweight baby at birth (only 327 females reported of having had an 

overweight baby at birth), had no hysterectomy (only 525 females reported of having had 

hysterectomy), had no bilateral ovariectomy (only 281 females reported of having had bilateral 

ovariectomy), and had no female hormone intake (only 482 females reported of having had 

female hormones).  

The sample had a mean age of 40.68 years (SD = 20.45 years; range=12-80 years), a mean 

income poverty ratio of 2.44 on a  continuous scale ranging 0-5 (SD = 1.65), mean food security 

of 3.40 (SD = 0.97) on a continuous scale ranging 1-4, a mean daily TV watching duration of 

2.34 hours (SD = 1.63 hours), a mean body mass index (BMI) of 27.73 kg/m2 (SD = 7.09 kg/m2), 

a mean waist circumference of 94.59 cm (SD = 17.40 cm), a mean white blood cell (WBC) count 

of 7.22×109/L (SD = 2.27×109/L), a mean monocyte count of 0.58 ×109/L (SD = 0.20×109/L), a 

mean red blood cell (RBC) count of 4.68 million cells/uL (SD = 0.49 million cells/uL), a mean 

hemoglobin level of 13.97 g/dL (SD = 1.49 g/dL), a mean alanine amino transferase (ALT) level 

of 23.63 IU/L (SD = 18.20 IU/L), a mean aspartate amino transferase (AMT) level of 24.87 IU/L 

(SD = 17.54 IU/L), a mean serum total calcium level of 9.49 mg/dL (SD = 0.36 mg/dL), a mean 

serum globulin level of 2.81 g/dL (SD = 0.43 g/dL), a mean gamma glutamyl transferase (GGT) 

level of 24.34 U/L (SD = 33.51 U/L), a mean serum iron level of 84.16 ug/dL (SD = 36.98 

ug/dL), a mean serum potassium level of 4.02 mmol/L (SD = 0.35 mmol/L), a mean osmolality 

of 278.84 mmol/kg (SD = 4.71 mmol/kg), a mean serum phosphorus level of 3.95 mg/dL (SD = 

0.65 mg/dL), a mean serum triglyceride level of 134.27 mg/dL (SD = 97.56 mg/dL), a mean 

serum uric acid level of 5.31 mg/dL (SD = 1.38 mg/dL), a mean systolic blood pressure (SBP) of 

119.32 mm Hg (SD = 17.28 mm Hg), a mean diastolic blood pressure (DBP) of 66.85 mm Hg 

(SD = 13.09 mm Hg), and a mean hematocrit of 41.34 (SD = 4.04). 

Characteristics of the datasets containing dental variables 

Prevalence of prediabetes in the sample containing dental predictors (N = 3167) was 29.46%. A 

majority were US citizen (N = 2728), female (N = 1668), married or living with partner (N = 
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2260), belonged to a race other than (non-Hispanic) White (N = 1762), had never undergone 

periodontal therapy (N=2409), had no periodontitis (N = 1968), had no self-reported tooth 

mobility (N = 2708), and had an education of college/AA degree/college graduate or above (N = 

1897). The sample had a mean age of 51.04 years (SD = 14.24 years; range: 30-80 years), a 

mean income poverty ratio of 2.69 on a continuous scale ranging 0-5 (SD = 1.67), and a mean 

number of teeth of 24.34 (SD = 6.41). 

Univariate distributional analyses 

Distribution of the characteristics of the NHANES 2013-2014 data samples prepared for building 

prediction models using general (N =6346) and dental (N = 3167) attributes between prediabetic 

and non-prediabetic individuals are summarized in table 1.1 and table 1.2, respectively. 

According to the univariate distributional analyses of the categorical variables in the dataset 

containing general predictors, self-perceived DM risk, males, diagnosed hypertension, presence 

of hepatitis E IgG, college/AA degree/above education level, moderate activity, having an 

overweight baby at birth, hysterectomy, bilateral ovariectomy, and female hormone intake were 

significantly higher in the prediabetic group (N = 1487) while the presence of hepatitis B surface 

antibody, education level of 9-11 grade, and vigorous activity were significantly higher in the 

non-prediabetic group (N = 4859). Among continuous variables, mean values of age, duration of 

watching TV, BMI, waist circumference, RBC count, hemoglobin, ALT, AMT, serum calcium, 

serum globulin, GGT, osmolality, serum uric acid, mean SBP, mean DBP, and hematocrit were 

significantly higher in the prediabetic group while food security, serum potassium and serum 

phosphorus were significantly higher in the non-prediabetic group (table 1.1). 

Corresponding univariate analyses of the categorical variables in the dataset consisting of dental 

variables revealed that periodontitis, males, self-reported tooth mobility, education <9th grade 

and 9-11 grade were significantly higher in the prediabetic group (N = 933) while college/AA 

degree/college graduate/above education level was significantly higher in the non-prediabetic 

group (N = 2234). Among continuous variables, mean age was significantly higher in the 

prediabetic group while the mean values of income-poverty ratio and the number of teeth were 

significantly higher in the non-prediabetic group (table 1.2). 

3.4. Features selected for modelling 
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Feature selection algorithms employed upon the train dataset containing the 156 general 

attributes and the features extracted by each method are given in the table 2. A descriptive 

summary of the ultimate set of 46 variables selected for modelling that was decided upon 

considering both the output of the feature selection algorithms and the evidence from the 

comprehensive literature review of the determinants of prediabetes (appendix: table 3) is given 

in the table 1.1. This comprised of 22 categorical variables, namely, self-perceived DM risk, 

gender, race, citizenship, marital status, alcohol use, past any tobacco use, diagnosed 

hypertension, hepatitis B, hepatitis C, diagnosed jaundice, familial diabetes, hepatitis B surface 

antibody, hepatitis E IgG, education, vigorous activity, moderate activity, gestational DM, 

overweight baby at birth, hysterectomy, bilateral ovariectomy, and female hormone intake, and 

24 numeric variables, namely, age, income-poverty ratio, food security, duration of watching 

TV, BMI, waist circumference, WBC count, monocyte count, RBC count, hemoglobin level, 

serum ALT, serum AMT, serum calcium, serum globulin, serum GGT, serum iron, serum 

potassium, osmolality, serum phosphorus, triglyceride level, serum uric acid, mean SBP, mean 

DBP, and hematocrit. 

3.5. Optimal models and elucidated determinants 

Twenty determinants of prediabetes in total encompassing various socio-economic, 

physiological, and biochemical variables, namely, age, income-poverty ratio, marital status, food 

security, citizenship, mean SBP, RBC count, serum triglyceride level, hematocrit, serum GGT, 

serum uric acid, diagnosed hypertension, hepatitis C, ALT, osmolality, serum potassium, 

vigorous activity, monocyte count, serum calcium, and hysterectomy, were elucidated by one or 

more of the 3 optimal logistic regression models as shown in the table 3.1. The 3 optimal models 

were the logistic regression with original, un-resampled train data, with majority class under-

sampling and with minority-class oversampling which had AUC of 70.76%, 70.30% and 70.83% 

respectively, upon the internal validation dataset. 

Four optimal models were produced by non-linear/ensemble machine learning algorithms, 

namely, RF with minority class oversampling, RF with SMOTE, ANN with original, un-

resampled data and GB with original, un-resampled data which had AUC of 71.59%, 70.66%, 

70.21% and 70.55% respectively, upon the internal validation dataset (N = 3172) (table 3.2). 

The optimal ANN model built from the original, un-resampled data via a linear output function 
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was a feed-forward, five-fold cross-validated neural network containing uncorrelated (correlation 

coefficient <0.75), automatically standardized variables with tuned parameters of one hidden 

layer, decay parameter of 0.1, 24 nodes in the hidden layer, 5 neural networks trained with 

different random number seeds and their predictions averaged. The other 3 optimal models were 

ten-fold cross-validated ensembles containing automatically standardized variables with default 

functions and parameters. Via one or more of these 4 optimal non-linear/ensemble models, 25 

variables were elucidated as important predictors of prediabetes, which consisted of the same 20 

predictors elicited by logistic regression models and 5 additional predictors, namely, waist 

circumference, BMI, WBC count, hepatitis B and AMT (table 3.2). Two predictors were 

common to all 7 optimal (3 logistic regression and 4 non-linear/ensemble) models, namely, age 

and serum potassium. None of the bagged CART models reached the benchmark AUC of 70% 

and hence were not presented. 

None of the 25 models built using dental variables reached the benchmark of 70% AUC and 

therefore the best models having the highest AUC built using each algorithm and the elucidated 

predictors are presented in the table 4. The AUC (range: 54.53%-59.43%) estimates were sub-

optimal. The optimal ANN model built from the ROSE resampled data (AUC on the internal 

validation data = 58.21%) via a linear output function was a feed-forward, five-fold cross-

validated neural network containing automatically standardized variables with tuned parameters 

of one hidden layer, decay parameter of 0.1, 7 nodes in the hidden layer, 5 neural networks 

trained with different random number seeds and their predictions averaged. The other optimal 

models built using RF with ROSE resampling, GB with ROSE resampling and bagged CART 

with original data were ten-fold cross-validated ensembles containing automatically standardized 

variables with default functions and parameters. The logistic regression model with ROSE 

resampling (AUC on the internal validation data = 59.43%) was the best performing model and 

elucidated 5 predictors including periodontitis and the self-reported tooth mobility. Periodontitis 

was an important determinant of prediabetes as per all the other 4 non-linear/ensemble models as 

well (table 4). 

3.6. Benchmarking 

As shown in the table 5, the optimal model built on the train data consisting of the general 

predictors (N = 3174) outperformed the CDC prediabetes screening tool on both internal (N = 
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3172) and external (N = 3000) validation data with 71.59% and 70.01% AUC respectively. The 

corresponding AUC of the CDC prediabetes screening tool on the internal (N =3172) and 

external (N = 3000) validation data were 64.40% and 62.80%, respectively. As per the statistical 

test for comparing two ROC curves by Hanley & McNeil (1982), AUC of the optimal model was 

significantly higher than that of the CDC prediabetes screening tool on both internal (absolute 

difference = 7.19%, z = 4.3086, non-directional/two-tailed p value = 0.000017) and external 

(absolute difference = 7.21%, z = 4.2227, non-directional/two-tailed p value = 0.000024) 

validation data. 

The performance of the optimal model built on the train data consisting of the dental predictors 

(N = 1584) was comparable to that of the CDC prediabetes screening tool on both internal (N = 

1583) and external (N = 1500) validation data which demonstrated 59.43% and 57.88% AUC 

respectively. The corresponding AUC of the CDC prediabetes screening tool on the internal (N 

=1583) and external (N = 1500) validation data were 59.10% and 58.80%, respectively (table 5). 

As per the statistical test for comparing two ROC curves by Hanley & McNeil (1982), there was 

no significant difference between AUC of the optimal model and that of the CDC prediabetes 

screening tool on both internal (absolute difference = 0.33%, z = 0.146, non-directional/two-

tailed p value = 0.883922) and external (absolute difference = 0.92%, z = 0.3957, non-

directional/two-tailed p value = 0.692326) validation data. 
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4. DISCUSSION 

A number of socio-economic, physiological and biochemical determinants of prediabetes were 

elucidated by machine learning models having an optimal predictive power. The set of predictors 

included a few new potential attributes as well. Models built using dental variables were 

comparatively less predictive of prediabetes where periodontitis and self-reported tooth mobility, 

which is a proxy indicator of periodontal disease appeared significant dental determinants of the 

disease. Models built using general predictors outperformed while those containing dental 

attributes were on a par with the chosen benchmark, i.e. the CDC prediabetes screening tool. 

4.1. Socio-economic determinants 

Age, income-poverty ratio, marital status, food security, and citizenship were predictors of 

prediabetes elucidated by both linear and non-linear machine learning models; age and not being 

a US citizen increased the odds of having prediabetes while higher income-poverty ratio, being 

married, and higher food security reduced the odds of being prediabetic as per logistic regression 

models giving valuable insights into the impact of socio-economic factors on the disease. In fact, 

age is the single most important predictor which has been allocated the highest score in both the 

ADA prediabetes screening test (ADA prediabetes screening test, 2018) and the CDC 

prediabetes risk prediction tool (CDC prediabetes screening test, 2018). As suggested by 

previous studies, the co-existence of socio-economic risk factors such as advancing age, lower 

income, diminished food security, unmarried status and not having the citizenship may create a 

socio-economic gradient of the disease prevalence favoring its aggregation among the socio-

economically-deprived groups (Meranus, 2015; Cai et al., 2017). Therefore, public health 

programs to curb prediabetes among the US population can be rendered more effective by 

addressing these socio-economic determinants which tend to place disadvantaged groups at 

higher risk. 

4.2. Clinical, physiological, and biochemical determinants 

4.2.1. Anthropometry 

Multiple anthropometric measures are associated with overt diabetes (Borné et al., 2015). Waist 

circumference and BMI were predictors of prediabetes elucidated by non-linear/ensemble 
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models in the present study and were consistent with the findings of Shearer et al. (2016) and 

Tao et al. (2017) who reported that anthropometric attributes were proven markers of future 

dysglycemic risk and might act as potentially useful variables for designing an individualized 

approach to early diagnostic and preventive interventions along the disease trajectory. A plethora 

of research supports the predictive value of anthropometry in prediabetes and diabetes risk 

modelling and anthropometric attributes are also included in both the ADA prediabetes screening 

test (ADA prediabetes screening test, 2018) and the CDC prediabetes risk score tool (CDC 

prediabetes screening test, 2018). 

4.2.2. Vigorous physical activity 

It is well-known that physical activity exerts a sustained protective effect against the onset of 

prediabetes (Chow et al., 2016). However, vigorous physical activity was found to have a 

protective effect in the present study while moderate physical activity was not predictive of 

prediabetes. Findings are congruous with Jung et al. (2015) who revealed that high-intensity 

interval training (HIIT) is more effective than moderate-intensity continuous training (MICT) for 

prediabetic adults and Earnest (2008) who proposed that interval training – a type of vigorous 

exercise improves physiology of prediabetic individuals. Reversal of vascular endothelium-

dependent dysfunction (Liu et al., 2013), maintenance of a proper lean-to-fat balance with 

respect to body mass, increase in the insulin sensitivity and glucose tolerance (Helmrich et al., 

1991) have been suggested as the possible mechanisms by which physical activity exerts a 

protective effect on prediabetes. 

4.2.3. Triglycerides 

Elevated triglyceride levels are a well-established predictor of prediabetes (Deepa et al., 2015; 

Akehi et al., 2010) and may even be useful as a risk profiling tool as Abbasi et al. (2016) 

reported that hypertriglyceridemia can be used as a simple approach to identify insulin resistance 

and enhanced cardio-metabolic risk in patients with prediabetes. There is evidence to support the 

premise that alterations of the plasma lipidome including hypertriglyceridemia observed in overt 

diabetes may in fact prevail in prediabetes as well (Meikle et al., 2013), further warranting 

interventions aimed at early dysglycemic states. Since insulin resistance and obesity are 

associated with adipose tissue inflammation and increased production of coagulation factors 
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(Lallukka et al., 2017), triglyceridemia in prediabetic individuals is likely to aggravate their 

negative hemodynamic profile and elevate the risk of adverse cardiovascular outcomes. 

4.2.4. Hysterectomy 

There is some evidence to support that hysterectomy is associated with diabetes (Luo et al., 

2017; Wilson & Mishra,2017; Appiah et al., 2014) but little evidence exists for its possible 

association with prediabetes. Noteworthily, high levels of evidence from clinical trials are 

available that postmenopausal therapy with estrogen alone in women who have had a 

hysterectomy may reduce the incidence of diabetes (Bonds et al., 2006). Experimental data 

confirmed a protective role exerted by estrogens on glucose metabolism (Le May et al., 2006) 

while women who had undergone hysterectomy experienced a sudden, marked reduction in their 

estrogen production (Korse et al., 2009) which might be a plausible explanation for their elevated 

risk of diabetes. The present study indicates that this association might be manifest at the 

prediabetic phase as well. 

4.2.5. Hemodynamics 

Mean SBP, osmolality and being diagnosed hypertensive were positively associated with 

prediabetes in this study reflecting the role of hemodynamic predictors in its pathogenesis. Since 

hypertension is an established risk factor for prediabetes (Casapulla et al., 2017; Okwechime et 

al., 2015) manifest as impaired fasting glucose, impaired glucose tolerance, and the metabolic 

syndrome where the last condition is characterized by hypertension along with several other 

metabolic disorders, Garber (2011) argued that blood pressure control strategies in prediabetes 

ought to be similar to those applied in overt diabetes. Though it is well-known that blood 

viscosity is elevated in diabetes due to the rise in osmolality causing increased capillary 

permeability leading to a rise in hematocrit, Irace et al. (2014) was the first to report a direct 

relationship between blood viscosity and blood glucose suggesting that the association is 

observable in normoglycemic and diabetic precursor stages as well. This supports the hypothesis 

that alterations are very early and observable even in physiologically normal states. Therefore, 

hemodynamic profile, especially osmolality, can be a potential source for early identification of 

high-risk individuals before the onset of prediabetes. 

4.2.6. Hematological markers 
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Increased hematocrit and red cell count and reduced monocyte count were associated with 

prediabetes which are consistent with findings from previous studies. For instance, an increased 

RBC count, partially attributable to elevated HbA1c levels (Simmons; 2010) as well as elevated 

hematocrit possibly due to increased blood viscosity and consequent rise in capillary 

permeability (Meisinger et al., 2014) were found to be associated with prediabetes. Noteworthily, 

WBC count was also found an important predictor exclusively by ensemble models in the 

present study, namely RF and GB, indicating a complex, non-linear relationship with the disease. 

A rise in WBC count was found in incident diabetes (Twig et al., 2013; Vozarova et al., 2002), 

whereas a meta-analysis (GKrania-Klotsas et al., 2010) provided further insights by revealing 

that elevations in total WBC, constituent neutrophil and lymphocyte counts but reductions in 

monocyte count were associated with diabetes. As Twig et al. (2013) reported that WBC count is 

an independent risk factor for diabetes even within the normal range, it is possible that changes 

manifest much earlier in the natural course of the disease. Observed changes in the number of 

white cells suggest that a chronic activation of the immune system may play a role in the 

pathogenesis and further research may hence be warranted to explore the role of different white 

cell types in the early course of the disease. 

4.2.7. Liver function profile 

Although hepatitis C virus (HCV) infection’s association with both prediabetes (Burman et al., 

2015; Ali et al., 2014; Mukhtar et al., 2012) and diabetes (Howard et al., 2003; Wang et al., 

2003) is well established and possible hypotheses for its pathogenesis such as HCV infection-

induced hepato-steatosis leading to metabolic changes that result in diabetes (Alexander, 2000) 

and HCV-infection induced disruption of insulin signaling pathways triggering abnormalities in 

glucose homeostasis (Mukhtar et al., 2012) have been put forward, the impact of hepatitis B 

virus (HBV) infection on prediabetes is not as straightforward. Despite having some evidence for 

an association of HBV infection with overt diabetes (Gisi et al., 2017; Khalili et al., 2015), there 

is little evidence for its effect on precursor stages of diabetes. However, the present study found 

via non-linear machine learning models that HBV is a predictor of prediabetes. Conversely, 

elevated ALT and GGT levels are consistently associated with both prediabetes (Fei et al., 2012; 

Nguyen et al., 2011) and diabetes (Ko et al., 2015; Kubo et al., 2007), but the relationship of 

AMT levels with either condition is not clear although Al-Jameil et al. (2014) found a weak 
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association between AMT and T2DM. The present study found AMT was a predictor of 

prediabetes as elucidated by non-linear models indicating a possibly non-linear association. On 

the whole, the inflammatory milieu associated with chronic viral infections as well as liver 

damage indicated by elevated liver enzymes stand as strong predictors of prediabetes as shown 

by our study. 

4.2.8. Molecular serum markers 

Serum uric acid, potassium and calcium levels were found to be predictors of prediabetes in the 

present study. Associations of elevated serum uric acid (Anothaisintawee et al., 2017; Vučak et 

al., 2012; Chu et al., 2017) and low serum potassium (Meisinger et al., 2013) with prediabetes 

have been reported. The causal mechanism behind elevated serum uric acid in prediabetes 

remains largely inconclusive although a possible negative impact on pancreatic β-cell function 

has been suggested (van der Schaft et al., 2017). Similarly, the pathophysiological basis of the 

association of hypokalemia with prediabetes is also currently inconclusive although Meisinger et 

al. (2013) who first revealed this association argued that it could be due to decreased insulin 

secretion or a higher ratio of proinsulin to insulin secretion triggered by low serum potassium 

levels. Despite a lack of evidence for the association of elevated serum calcium with prediabetes, 

a number of studies reported its association with overt diabetes (Rooney et al., 2016; Suh et al., 

2017; Sing et al., 2016; Fu et al., 2015). It is possible that aberrations of calcium homeostasis are 

indeed manifest earlier in the natural history of the disease than suggested by previous studies. 

Rooney et al. (2016) hypothesized that altered calcium homeostasis causes abnormal β cell 

functioning leading to dysglycemia which could be the pathological mechanism underlying this 

association. 

4.3. Potentially novel determinants 

It is noteworthy that several established biomarkers of elevated risk of diabetes albeit with only 

sparse evidence for their associations with precursor stages of the disease were identified as 

potential determinants of prediabetes in the present study. Markers of the early stages of the 

disease may help timely diagnosis of high-risk individuals prior to developing diabetes, where 

standard risk factors may not corroborate an early diagnosis. According to Suvitaival et al. 

(2018), such markers may be present years before the onset of diabetes, which a machine-
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intelligence based approach may identify unlike by a linear model. Most of the markers of 

prediabetes spanning socio-economy (age, income-poverty ratio, marital status, food security, 

and citizenship), anthropometry (waist circumference, BMI), hemodynamics (mean SBP, 

osmolality, and diagnosed hypertension), life-style (vigorous activity), lipidome (serum 

triglycerides), hematology (RBC count, WBC count, hematocrit and monocyte count), liver 

function profile (GGT, ALT, and hepatitis C) and serum biomarkers (uric acid & potassium) 

identified in the present study are established determinants of the disease and are reinforced by a 

substantial body of evidence as discussed above. However, several known diabetes risk markers 

newly identified as determinants of prediabetes in the present study such as serum calcium, 

hysterectomy, hepatitis B and AMT (Abbasi et al., 2012) provide directions for future research 

which could be potential indicators of the precursor stages of diabetes. 

4.4. Dental determinants 

While prediabetes screening in a dental clinic setting has been proven effective (AlGhamdi et al., 

2013; Maples et al., 2015), public health databases might not yield high predictive power when 

dental predictors are used in stand-alone models as revealed by the present study. However, 

further research is required to assess if a combined model containing both dental and general 

predictors from a public health database could substantially enhance predictive power. 

Moreover, since the models with dental predictors were built using a smaller train sample and a 

narrower age range, a larger sample size having a wider age range is suggested for future 

predictive modelling studies. Studies have found that periodontal disease is associated with 

dysglycemic states such as HbA1c progression (Demmer et al., 2010), incident diabetes 

(Demmer et al., 2008) and prediabetes (Arora et al., 2014; Mustapha, 2014; Ilievski et al., 2016) 

for which a possible microbial etiopathogenesis has been suggested (Demmer et al., 2015). The 

present study reinforced its value as a clinical marker of dysglycemia which can be used in a 

dental setting. 

4.5. Strengths and limitations 

Despite reports that prediabetes is more difficult to predict than diabetes (Choi et al., 2014), we 

built models with general attributes that outperformed the chosen benchmark, and the elucidated 

predictors are internally valid indicating their utility among the US population. Nevertheless, 
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their generalizability to non-US populations may be constrained by the cross-sectional study 

design and the context-specific nature of some variables. While the strategies such as using a mix 

of linear, non-linear and ensemble models, handling class imbalance via resampling methods, 

applying extensive feature selection methods and careful handling of missing data would have 

helped to construct models with general predictors that outperformed the CDC prediabetes 

screening tool, measures that were not used in the present study such as the use of a different set 

of algorithms and parameter tuning (Bergstra et al., 2013) might have the potential to further 

enhance their predictive power and hence are suggested to be implemented in future studies. 

To the best of our knowledge this is the first study that applied an extensive methodology 

comprised of a range of feature selection methods and machine learning algorithms on a single 

NHANES database to elucidate the determinants of prediabetes. As recommended by Collins et 

al. (2011), a systematic approach was adopted in the present study to select attributes, apply 

algorithms, and handle missing data which enabled to not only produce models with adequate 

predictive power also identify a few novel predictors of prediabetes which may provide avenues 

for emerging areas of prediabetes research. Many well-established determinants were also 

elucidated standing as proof of concept for our analytical approach. For instance, all 20 

determinants elucidated by logistic regression models were identified as important predictors by 

other non-linear machine learning models while the latter also identified 5 additional predictors. 

This is comparable to the big-data based, hypothesis-free machine learning method endorsed by 

Anderson et al. (2016) who developed powerful prediction models for progression to diabetes 

using high-dimensional electronic health records. The present study thus demonstrates that a 

machine intelligence-based approach is highly applicable to studies that use public health 

databases to elucidate determinants of prediabetes as it has the potential to generate new 

knowledge and trajectories for future research. While inherent pitfalls of a cross-sectional study 

design may have affected the present study, it is noteworthy that the constructed prediction 

models contained 46 independent variables and were adjusted for many potential confounders 

enhancing the validity of findings.  

An inherent limitation of non-linear and ensemble machine learning algorithms is the diminished 

interpretability; directionality of associations cannot be easily illustrated as via a linear model 

such as logistic regression (Cafri et al., 2016). While data mining by non-linear and ensemble 

algorithms offer superior predictive performance than conventional parametric models, 
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deciphering variable effects may prove difficult. Therefore, novel predictors identified by such 

algorithms should be evaluated in conjunction with the current knowledge and existing body of 

evidence while further research is recommended to elucidate the pathophysiology underlying 

those non-linear, complex associations with prediabetes. Since we used data from a national, 

cross-sectional study, elucidated associations do not indicate temporality and further studies, 

preferably prospective cohort studies, are required to elicit directionality especially in relation to 

novel predictors. In addition, cross-sectional studies are known to suffer from a range of biases 

and confounding although the latter effect may have been greatly reduced due to the advanced 

feature selection tools applied and multivariate models consisting of many potential confounders 

that were constructed. However, causality is not indicated in these cross-sectional associations 

owing to the limitations of the study design. 

 

4.6. Methodological issues  

An empirical issue is posed by the differences in the definitions of prediabetes used in various 

settings. In addition, the use of self-reported data on ever-being diagnosed as having prediabetes 

may not be prudent for the purpose of outcome classification, because, unlike diabetes, 

prediabetes is often undiagnosed due to its asymptomatic nature (Bansal, 2015), is reversible so 

that some self-reported ever-prediabetic individuals may have shifted to normoglycemic status or 

alternatively progressed to diabetic stage along the disease spectrum when the data were 

collected. In fact, it has been reported that up to 70% of individuals with prediabetes will 

eventually develop diabetes, with around 5–10% of people with prediabetes becoming diabetic 

annually (Tabá et al., 2012). The feasibility of excluding self-reported data on prediabetes was 

reinforced by the ROC analysis performed in the present study which demonstrated their poor 

discriminant power (figure 1). 

Missing data management was reported as a critical area that lacked quality in a systematic 

review of the methodological issues of prediction models of prediabetes (Collins et al., 2011). In 

a predictive modelling study by Ogunyemi et al. (2015) the cut-off for exclusion of variables was 

set at 50% of missing data, but, in the present study, variables having >30% missing data were 

excluded and thus, despite having a much larger sample size, a more conservative approach was 

adopted. An extensive, post-hoc accuracy analysis of the multiple imputation was also conducted 
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which was proved to be adequate with only a few variables having significantly different 

distributions between original and imputed samples. 

The model performance is context-dependent; a prediction model based on a clinical database 

having a higher prevalence of the condition of interest usually achieves a high AUC whereas 

models built on imbalanced, public health data which closely resemble the true and essentially 

lower prevalence of a condition may not achieve comparable AUC estimates. For example, a 

prospective, population-based cohort study (N = 10,038) on diabetes screening demonstrated 

AUC values of 70% and 69% for HbA1C and FPG tests, respectively (Choi et al., 2011). 

4.7. Public health implications 

Although the use of biomarkers in prediction models increases predictive value (Abbasi et al., 

2013), their applicability in community screening tools is fraught with difficulty because large-

scale collection of some biological data such as blood specimens may be imprudent due to high 

cost, required technical expertise, and ethical constraints. Also, special care may be required to 

achieve safe storage of biological specimens collected in public health surveys in the context of 

challenges like bio-terrorism (Regidor, 2004). However, simpler markers such as directly 

measurable anthropometry or non-invasively measurable saliva- or urine- based markers may be 

useful for community-level diagnosis purposes. As conventional prediabetes screening tools 

reportedly fail to diagnose a large proportion of undetected prediabetic individuals (Dall et al., 

2014), these simpler biomarkers may be useful as additional predictors to enhance the predictive 

ability of screening tools. 

The broad range of socio-economic, physiological, and biochemical predictors elucidated by the 

present study may be applied for risk profiling to effectively capture the individuals who are 

most likely to develop prediabetes. Some of the predictors may not be efficient for use on a 

population level though they may be useful in clinical settings. Therefore, further research is 

required to consolidate the determinants elucidated by the present study which may eventually be 

used in clinical and community settings. 

4.8. Conclusions 
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In conclusion, the present study elucidated a range of socio-economic, physiological, and 

biochemical determinants of prediabetes including a few potentially novel associations via 

optimal prediction models with adequate predictive power. Dental models by themselves were 

not predictive of prediabetes although periodontal disease was associated with the disease. 

Models containing general predictors outperformed whilst those with dental predictors equaled 

the chosen benchmark i.e., the CDC prediabetes screening tool. The present study, thus, 

demonstrated the potential applicability of a systematic, machine intelligence-based modelling 

approach on a public health database to elucidate the determinants of prediabetes and provided 

novel insights into its etio-pathogenesis. 
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TABLES AND FIGURES 

 

(a)                                                                                  (b)                                              

 

 

                                                       (c)                   

Figure 1: Receiver operating characteristic curves of self-reported status of ever being told 

prediabetic versus current glycated hemoglobin/Hb1Ac (plot a), fasting plasma 

glucose/FPG (plot b) and oral glucose tolerance test/OGTT (plot c) among the study sample 

(N = 6346) 
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Table 1.1. Distribution of the characteristics of the dataset (N = 6346) containing the 46 

extracted general variables of the NHANES 2013-2014 database between prediabetic and 

non-prediabetic individuals.  

Variable  Non-prediabetic (n= 4859) Prediabetic(n=1487) p-value* 

Categorical variables n (%) n (%)  

Self-perceived DM risk¥    

No 3646 (75.04) 1032 (69.40) <0.0001 

Yes 1213 (24.96) 455 (30.60)  

Gender¥    

Female 2631(54.15) 709 (47.68) <0.0001 

Male 2228 (45.85) 778 (52.32)  

Race¥    

(Non-Hispanic) White 1905 (39.21) 602 (40.48) NS 

Othera 2954 (60.79) 885 (59.52)  

Citizenship¥    

Yes 4290 (88.29) 1288 (86.62) NS 

No 569 (11.71) 199 (13.38)  

Marital status¥    

Married/ Living with partner 3564 (73.35) 1063 (71.49) NS 

Otherb 1295 (26.65) 424 (28.51)  

Alcohol usec, ¥    

No 1465 (30.15) 452 (30.40) NS 

Yes 3394 (69.85) 1035 (69.60)  

Past any tobacco use¥    

No  3757 (77.32) 1164 (78.28) NS 

Yes  1102 (22.68) 323 (21.72)  

Diagnosed hypertension¥    

No 3573 (73.53) 890 (59.85) <0.0001 

Yes 1286 (26.47) 597 (40.15)  

Hepatitis B¥    

Yes 41 (0.84) 16 (1.08) NS 

No 4818 (99.16) 1471 (98.92)  

Hepatitis C¥    

Yes 48 (0.99) 18 (1.21) NS 

No 4811 (99.01) 1469 (98.79)  

Diagnosed jaundice¥    

No 4759 (97.94) 1458 (98.05) NS 

Yes 100 (2.06) 29 (1.95)  

Familial diabetes¥    

No 3025 (62.26) 900 (60.52) NS 

Yes 1834 (37.74) 587 (39.48)  

Hepatitis B surface antibody    

Negative 3418 (70.34) 1153 (77.54) <0.0001 

Positive 1441 (29.66) 334 (22.46)  

Hepatitis E IgG    

Negative 4661 (95.93) 1400 (94.15) 0.0038 

Positive 198 (4.07) 87 (5.85)  

Education¥,d    

<9th grade 733 (15.08) 207 (13.92) NS 

9-11 grade 985 (20.27) 256 (17.22) 0.0093 

High school 944 (19.43) 306 (20.58) NS 

College/AA degree/above 2197 (45.22) 718 (48.28) 0.0377 

Vigorous activityŧ    

No 2762 (56.84) 948 (63.75) <0.0001 
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Yes 2097 (43.16) 539 (36.25)  

Moderate activityŧ    

No 1383 (28.46) 470 (31.61) 0.0196 

Yes 3476 (71.54) 1017 (68.39)  

Gestational DM¥    

No 4731 (97.37) 1443 (97.04) NS 

Yes 128 (2.63) 44 (2.96)  

Overweight baby at birth (> 9lb) ¥    

No 4635 (95.39) 1384 (93.07) 0.0004 

Yes 224 (4.61) 103 (6.93)  

Hysterectomy¥    

No 4514 (92.90) 1307 (87.90) <0.0001 

Yes 345 (7.10) 180 (12.10)  

Bilateral ovariectomy¥    

No 4669 (96.09) 1396 (93.88) 0.0003 

Yes 190 (3.91) 91 (6.12)  

Female hormones intake¥    

No 4537 (93.37) 1327 (89.24) <0.0001 

Yes 322 (6.63) 160 (10.76)  

Numeric variables 

Variable Mean (SD) Mean; SD p-value* 

Age (years) ¥ 38.18 (20.00) 48.87 (19.74) <0.0001 

Income-poverty ratio 2.43 (1.65) 2.46 (1.63) NS 

Food security¥,d 3.50 (0.91) 3.37 (0.99) <0.0001 

Duration of watching TV (hours) ¥ 2.29 (1.63) 2.50 (1.62) <0.0001 

Body mass index (kg/m2) 27.21 (6.87) 29.43 (7.54) <0.0001 

Waist circumference (cm) 92.94 (17.10) 99.98 (17.28) <0.0001 

White cell count(×109/L) 7.14 (2.20) 7.25 (2.29) NS 

Monocyte count(×109/L) 0.579 (0.20) 0.577 (0.19) NS 

Red cell count (million cells/uL) 4.65 (0.48) 4.75 (0.51) <0.0001 

Hemoglobin(g/dL) 13.90 (1.47) 14.19 (1.54) <0.0001 

Alanine aminotransferase (U/L) 24.49 (13.51) 26.10 (26.74) 0.0019 

Aspartate aminotransferase (U/L) 22.95 (17.67) 25.83 (19.66) <0.0001 

Serum calcium (mg/ dL) 9.46 (0.35) 9.50 (0.37) 0.0002 

Serum globulin (g/dL) 2.80 (0.43) 2.85 (0.43) <0.0001 

Gamma glutamyl transferase (U/L) 23.40 (33.29) 27.41 (34.04) <0.0001 

Serum iron (ug/dL) 83.78 (37.73) 85.40 (34.41) NS 

Serum potassium (mmol/L) 4.07 (0.36) 4.00 (0.34) <0.0001 

Osmolality (mmol/kg) 278.60 (4.63) 279.64 (4.88) <0.0001 

Serum phosphorus (mg/dL) 3.98 (0.65) 3.85 (0.65) <0.0001 

Triglycerides (mg/dL) 133.89 (97.85) 135.50 (96.65) NS 

Serum uric acid (mg/dL) 5.22 (1.35) 5.60 (1.42) <0.0001 

Mean SBP (mmHg) 118.00 (16.89) 123.66 (17.82) <0.0001 

Mean DBP (mmHg) 66.55 (13.03) 67.81 (13.26) 0.0012 

Hematocrit 41.11 (3.96) 42.06 (4.20) <0.0001 

* Chi-squared test for 2 proportions and 2-samples t-test were used for univariate analyses of categorical and continuous 

variables, respectively. Level of significance p = 0.05, NS-not significant, a = Mexican American, other Hispanic, non-

Hispanic Black, non-Hispanic Asian & other races including multi-racial, b = widowed, divorced, separated or never-

married, c = defined as use of at least 12 drinks of any alcoholic beverage in any 1 year, ¥ = self-reported data, ŧ = 

composite variables derived using NHANES questionnaire, d = modelled as continuous variables, DM = diabetes mellitus, 

SBP = systolic blood pressure, DBP = diastolic blood pressure, SD = standard deviation, IgG = immunoglobulin G, AA 

degree = Associate of Arts degree, equivalent to the first two years of a bachelor's degree 
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Table 1.2. Distribution of the characteristics of the dataset containing dental variables of 

the NHANES 2013-2014 between prediabetic and non-prediabetic individuals. Chi-squared 

test for two proportions and two-samples t-test were used for univariate distributional 

analyses of categorical and continuous variables, respectively. 

Variable  Non-prediabetic 

(n = 2234) 

Prediabetic 

(n = 933) 

p-value* 

Numeric variables    

Variable Mean (SD) Mean; SD  

Age (years) ¥ 49.92 (14.10) 53.71 (14.22) <0.0001 

Income-poverty ratio 2.74 (1.68) 2.59 (1.66) 0.0216 

Time since last dental visit¥,e 2.51 (1.83) 2.63 (1.89) NS 

Self-rated oral health¥,f 2.96 (1.11) 3.04 (1.14) NS 

Dental floss/device use frequency¥,g 3.46 (2.91) 3.46 (2.97) NS 

Mouthwash use frequency¥,h 2.99 (3.11) 3.07 (3.13) NS 

Number of teeth 24.56 (6.23) 23.81 (6.80) 0.0027 

Categorical variables n (%) n (%)  

Periodontitisa    

No 1413 (63.25) 555(59.49) 0.0465 

Yes 821 (36.75) 378 (40.51)  

Gender¥    

Male 1020 (45.66) 479 (51.34) 0.0035 

Female 1214 (54.34) 454 (48.66)  

Race¥    

(Non-Hispanic) White 1006 (45.03) 399 (42.77) NS 

Otherb 1228 (54.97) 534 (57.23)  

Citizen of United States¥    

Yes 1926 (86.21) 802 (85.96) NS 

No 308 (13.79) 131 (14.04)  

Marital status¥    

Married/ Living with partner 1595 (71.40) 665 (71.28) NS 

Otherc 639 (28.60) 268 (28.72)  

Ever had periodontal treatment¥    

Yes 540 (24.17) 218 (23.37) NS 

No 1694 (75.83) 715 (76.63)  

Self-reported tooth mobility¥    

Yes 303 (13.56) 156 (16.72) 0.0214 

No 1931 (86.44) 777 (83.28)  

Educationd, ¥    

<9th grade 141 (6.31) 83 (8.90) 0.0097 

9-11 grade 243 (10.88) 128 (13.72) 0.0234 

High school 473 (21.17) 202 (21.65) NS 

College/AA degree/ college graduate or above 1377 (61.64) 520 (55.73) 0.0020 

NS-not significant, *Level of significance was set at p = 0.05, a = see no:8 of the table 5 in the appendix for 

details, b = Mexican American, other Hispanic, non-Hispanic Black, non-Hispanic Asian & other races 

including multi-racial, c = widowed, divorced, separated and never-married, d = modelled as a continuous 

variable, SD = standard deviation, AA degree = Associate of Arts degree, equivalent to the first two years of a 

bachelor's degree, ¥ = self-reported data, e- entered as a continuous variable scaled 1-7; see appendix: table 5 

(no:5), f- entered as a continuous variable scaled 1-5; see appendix: table 5 (no:3), g- number of days during 

the past week dental floss was used, h- number of days during the past week a mouthwash/oral rinse was used 
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Table 2: A summary of the feature selection algorithms employed on the train dataset (n = 

3134) containing the 156 general variables and the attributes selected by each algorithm 

Wrapper algorithms 

package Feature selection algorithm Extracted variables 

“Boruta” 

(Kursa & 

Rudnicki, 

2010) 

An all-relevant feature selection algorithm using a random 

forest classifier. The algorithm consists of several steps 

summarized below (Kursa & Rudnicki, 2010):  

*First, randomness is added to the dataset by creating 

shuffled copies of all features which are also called shadow 

features. 

*Then, a random forest classifier is run on the extended 

data set and a feature importance measure (the default is 

mean decrease accuracy) is applied to evaluate the 

importance of features. 

*At every iteration, the algorithm checks whether a real 

feature has a higher importance than the best of its shadow 

features (i.e. whether the feature has a higher Z score than 

the maximum Z score of its shadow features) and 

constantly removes features which are deemed unimportant. 

*Finally, the algorithm stops either when all features get 

confirmed or rejected or it reaches a specified limit of 

random forest runs. 

confirmed (20): age, marital status, 

advised self-measured BPa, advised to lose 

weight, advised to reduce salt intake, 

advised to reduce fat intake, BMIb, arm 

circumference, waist circumference, 

sagittal abdominal diameter, red cell 

count, hemoglobin, osmolality, 

triglyceride level, education, bilateral 

ovariectomy, female hormones intake, 

mean SBPc, mean DBPd, hematocrit 

 

tentative (10): reducing salt intake, advised 

to increase exercise, diagnosed 

hypercholesterolemia, GGTe, hepatitis E 

IgGf, served in armed forces, diagnosed 

hypertension, serum potassium level, 

serum uric acid, hysterectomy 

Filter algorithms 

“FSelector” 

(Romanski & 

Kotthoff, 

2009) 

 

The package contains both filter and wrapper functions but 

only the filter functions were used in the present study, 

namely, gain ratio, symmetrical uncertainty, random forest, 

and relief. For using entropy-based methods, continuous 

features were discretized. 

 

 1)Gain ratio: An entropy-based filter based on information 

gain criterion derived from a decision-tree classifier 

modified to reduce bias on highly branching features with 

many values. Bias reduction is achieved through 

normalizing information gain by the intrinsic information of 

a split (Harris, 2002). 

 

Top 30: age, waist circumference, sagittal 

abdominal diameter, monocyte count, 

mean SBPc, diagnosed 

hypercholesterolemia, BMIb, diagnosed 

hypertension, uric acid, GGTe, serum 

phosphorus, arm circumference, vigorous 

activity, familial diabetes, marital status, 

advised to reduce salt intake, advised to 

lose weight, advised self-measured BP, 

serum potassium , self-measured BP, 

hepatitis B, hepatitis C, race, ALTg, 

overweight baby at birth, gender, 

hepatitis B surface antibody, advised to 

reduce fat intake, bilateral ovariectomy, 

self-perceived DM riskh 

  

2)Symmetrical uncertainty: An entropy-based filter based 

on information gain criterion but modified to reduce bias on 

highly branching features with many values. Bias reduction 

is achieved through normalizing information gain by the 

corresponding entropy of features (Press et al., 1996). 

 

Top 30: age, waist circumference, sagittal 

abdominal diameter, mean SBPc, 

diagnosed hypercholesterolemia, BMIb, 

gender, GGTe, race, serum uric acid, 

phosphorus, arm circumference, hepatitis 

E IgGf, advised to increase exercise, 

hepatitis B, serum potassium, food 

security, advised to lose weight, advised 
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to reduce salt intake, ALTg, self-measured 

BP, hepatitis B surface antibody, advised 

to reduce fat intake, hepatitis C, advised 

self-measured BP, self-perceived DM 

riskh, self-rated general health, self-rated 

health trend, female hormone intake, 

hysterectomy 

 

3)Random forest: The algorithm finds weights of attributes 

using random forest algorithm. Random forest is an 

ensemble learner with additional randomness incorporated 

to independently-constructed and bootstrap aggregated 

classification trees (Liaw & Wiener, 2002). 

Top 30: age, waist circumference, sagittal 

abdominal diameter, BMIb, mean SBPc, 

arm circumference, mean DBPd, income-

poverty ratio, hematocrit, osmolality, 

triglycerides level, bilateral 

ovariectomy, RBC counti, female 

hormones intake, poverty index, advised 

self-measured BPa, advised to reduce salt 

intake, WBCj count, diagnosed 

hypercholesterolemia, advised to reduce 

fat intake, marital status, serum uric 

acid, hemoglobin, GGTe, monocyte 

count, serum calcium, hepatitis E IgGf, 

annual household income, serum 

phosphorus, family income 

 

4)Relief: The algorithm finds weights of continuous and 

discrete attributes basing on a distance between instances 

(Urbanowicz et al, 2017).  

Top 30: education, managing weight, past 

any tobacco use, duration of computer 

use, health insurance availability, hepatitis 

C, poverty category, reducing fat intake, 

diagnosed asthma, vigorous activity, self-

rated general health, overweight baby at 

birth, citizenship, reducing salt intake, 

alcohol use, female hormone intake, 

moderate activity, hysterectomy, nightly 

urinating frequency, duration of watching 

TV, annual family income, annual 

household income, bilateral ovariectomy, 

gestational DMh, advised to reduce fat 

intake, monthly family income, diagnosed 

jaundice, duration of sleep, familial 

diabetes. Hepatitis E IgGf 

Embedded algorithms 

“glmnet” 

(Friedman et 

al, 2010) 

Lasso (Least Absolute Shrinkage and Selection Operator) 

regularization: This puts a constraint on the sum of the 

absolute values of the model parameters. The sum should 

be less than a fixed value (upper bound).  A shrinking 

(regularization) process is used where it penalizes the 

coefficients of the regression variables shrinking some of 

them to zero.  The variables that have a non-zero coefficient 

after the shrinking process are selected.  The process 

minimizes the prediction error (Fonti & Belitser, 2017). 

 

15 features: self-perceived DM riskh, age, 

citizenship, diagnosed hypertension, 

diagnosed hypercholesterolemia, self-rated 

health trend, advised to increase exercise, 

waist circumference, sagittal abdominal 

diameter, RBCi count, hepatitis E IgGf, 

serum iron, serum calcium, serum 

globulin, serum potassium 

“caret” (Kuhn 

et al, 2017) 

Recursive feature elimination: A resampling based 

recursive feature elimination method is applied by default 

by the caret package. A random forest algorithm is used on 

each iteration to evaluate the model. The algorithm is 

configured to explore all possible subsets of the attributes 

Top 30: age, waist circumference, sagittal 

abdominal diameter, duration of 

watching TV, mean SBPc, hematocrit, 

WBCj count, GGTe, gestational DMh, 

mean DBPd, arm circumference, hepatitis 
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(Kuhn et al, 2017). E IgGf, income-poverty ratio, food 

security, diagnosed hypercholesterolemia, 

RBCi count, marital status, osmolality, 

diagnosed jaundice, pulse character, 

advised self-measured BPa, annual 

household income, serum uric acid, 

overweight baby at birth, serum iron, 

advised to reduce fat intake, BMIb, AMTk, 

hysterectomy, advised to lose weight 

a-BP=blood pressure, b-BMI=body mass index, c-SBP=systolic blood pressure, d-DBP= diastolic blood 

pressure, e-GGT=gamma glutamyl transferase, f-IgG=immunoglobulin G, g-ALT=alanine amino transferase, 

h-DM=diabetes mellitus, i-RBC=red blood cells, j-WBC=white blood cells, k-AMT=aspartate amino 

transferase 
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(shadowMin=Minimum shadow score, cpk=creatine phosphokinase, psoriasis=diagnosed psoriasis, milk=milk 

consumption, mi=diagnosed heart attack, hepc=hepatitis C, basop=basophil count, copd=diagnosed chronic 

obstructive pulmonary disease, ocp=oral contraceptive use, ldh=lactate dehydrogenase, healthdev=self-rated health 

trend, wbc=white cell count, citizen=citizenship status, gdm=gestational diabetes, cuttingsalt=reducing salt intake, 

edu=education, rbc=red cell count, armc=arm circumference).  

Default functions of the “Boruta” R package were used; feature importance measure = mean decrease accuracy, 

maximal number of random forest runs = 100. Red, yellow, green, and blue boxplots represent Z scores of rejected, 

tentative, confirmed and shadow attributes respectively. Shadow (minimum, mean, and maximum) features are 

reference points for deciding which attributes are truly important and these values are generated by the algorithm via 

shuffling values of the original attributes (Kursa & Rudnicki, 2010). The 20 confirmed and the 10 tentative features 

selected by the “Boruta” algorithm are given in the table 2. 

Figure 2.1. Feature selection using Boruta algorithm: Variable importance plot 
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The lambda value that minimizes the cross validated mean squared error determines the sparse model containing the 

selected features. Default functions of the “glmnet” R statistical package were used. Fifteen features selected by the 

algorithm are given in the table 2. 

Figure 2.2. Feature selection using Lasso regularization 
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A random forest classifier with two-fold cross-validation was specified with other default functions of the “caret” 

package in R to extract features via recursive feature elimination. The 30 most important features selected by the 

recursive feature elimination algorithm are given in the table 2. 

Figure 2.3. Feature selection using recursive feature elimination 
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Objective1 

Table 3.1: Determinants of prediabetes elucidated by predictive models with an AUC > 

70% built using logistic regression algorithm 

Logistic regression models and elucidated determinants 

GLM originala 

(AUCinternal = 70.76%) 

(AUCexternal=69.56%) 

GLM undersampledb 

(AUCinternal = 70.30%) 

(AUCexternal = 69.01%) 

GLM oversampledc 

(AUCinternal = 70.83%) 

(AUCexternal = 69.62%) 

Predictor OR (95% CI) Predictor OR (95% CI) Predictor OR (95% CI) 

Socio-economic  Socio-economic  Socio-economic  

Age 1.02 (1.01-1.03) Age 1.02 (1.01-1.03) Age 1.02 (1.01-1.03) 

Citizenship 

(reference = yes) 

1.38 (1.04-1.81) Clinical  Citizenship 

(reference = yes) 

1.23 (1.01-1.50) 

Marital status 

(reference = unmarried) 

0.95 (0.90-1.00) Hepatitis C  

(reference = no) 

1.20 (1.02-1.43) Marital status 

(reference = unmarried) 

0.95 (0.91-0.98) 

Income-poverty ratio 0.94 (0.88-1.00) Biochemical  Income-poverty ratio 0.92 (0.88-0.96) 

Food security 0.85 (0.76-0.94) Monocyte count 0.44 (0.20-0.94) Food security 0.82 (0.77-0.89) 

Clinical  Serum potassium 0.60 (0.43-0.83) Clinical  

Diagnosed HT 

(reference = no) 

1.26 (1.02-1.55) Uric acid 1.14 (1.03-1.26) Diagnosed HT 

(reference = no) 

1.18 (1.02-1.37) 

Mean SBP 1.01 (1.00-1.02)   Vigorous exercise 

(reference = no) 

0.47 (0.28-0.76) 

Biochemical    Hysterectomy  

(reference = no) 

1.42 (1.04-1.93) 

Monocyte count 0.45 (0.24-0.82)   Biochemical  

Red cell count 1.51 (1.14-2.01)   GGTe 1.10 (1.00-1.20) 

Serum calcium 1.39 (1.06-1.82)   Monocyte count 0.43 (0.28-0.65) 

ALTd 1.33 (1.07-1.65)   Red cell count 1.32 (1.07-1.62) 

Serum potassium 0.58 (0.45-0.75)   Serum calcium 1.39 (1.15-1.67) 

Triglycerides 1.01 (1.00-1.02)   ALTd 1.46 (1.24-1.71) 

    Serum potassium 0.58 (0.49-0.70) 

    Osmolality 1.02 (1.00-1.03) 

    Uric acid 1.11 (1.04-1.20) 

    Triglycerides 1.01 (1.00-1.02) 

    Hematocrit 1.09 (1.03-1.14) 

a=logistic regression model on original, un-resampled data, b= logistic regression model on the train data re-

structured by majority class under-sampling, c= logistic regression model on the train data re-structured by 

minority class oversampling, AUC=area under receiver operating characteristic curve, AUCinternal=AUC on 

the internal validation data, AUCexternal=AUC on the external validation data, OR=odds ratio, CI=confidence 

interval, HT=hypertension, SBP=systolic blood pressure, d=serum alanine amino-transferase, e=serum 

gamma glutamyl transferase 
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Table 3.2: Determinants of prediabetes elucidated by predictive models with an AUC > 

70% built using non-linear and ensemble machine learning algorithms. Importance values 

of the 20 most influential socio-economic, clinical, and biochemical predictors of each 

model are given in descending order. 

Optimal non-linear/ensemble machine learning models and elucidated determinants 

RF oversampleda 

(AUCinternal =71.59%) 

(AUCexternal =70.01%) 

RF SMOTEb 

(AUCinternal = 70.66%) 

(AUCexternal =69.23%) 

ANN originalc 

(AUCinternal =70.21%) 

(AUCexternal =68.95%) 

 

 

XGB originald 

(AUCinternal = 70.55%) 

(AUCexternal = 69.45%) 

Predictor import

ancee 

Predictor  importa

ncef 

Predictor importa

nceg 

Predictor importa

nceh 

Socio-economic  Socio-economic  Socio-economic  Socio-economic  

Age 115.16 Age  113.93 Age 0.6457 Age 100.00 

Income-poverty ratio 75.71 Income-poverty ratio 74.85 Marital status 0.5848 Food security 5.12 

Clinical  Clinical   Food security 0.5363 Citizenship 2.36 

Waist circumference 103.60 Waist circumference 101.23 Clinical  Clinical  

Body mass index 94.50 Body mass index 90.78 Mean SBP 0.5961 Waist circumference 35.12 

Mean SBP 90.44 Mean SBP 88.20 Body mass index 0.5888 Hepatitis C 8.76 

Diagnosed HT 81.26 Hepatitis C 81.25 Diagnosed HT 0.5668 Body mass index 4.78 

Hepatitis C 79.98 Hepatitis B 74.55 Hepatitis C 0.5554 Mean SBP 4.27 

Hepatitis B 78.35 Vigorous exercise 73.52 Hepatitis B 0.5548 Hepatitis B 2.82 

Vigorous exercise 67.07 Diagnosed HT 72.95 Vigorous exercise 0.5387 Diagnosed HT 2.23 

Biochemical  Biochemical  Waist circumference 0.5381 Biochemical  

Red cell count 87.82 GGTi 88.69 Hysterectomy 0.5376 Serum potassium 15.13 

Triglycerides 86.61 Serum potassium 86.86 Biochemical  Red cell count 14.48 

Serum potassium 85.63 Serum calcium 82.67 GGTi 0.5894 Triglycerides 13.97 

GGTi 84.45 Uric acid 80.70 Uric acid 0.5812 Hematocrit 11.77 

Serum calcium 83.72 Osmolality 79.46 Serum potassium 0.5765 GGTi 10.49 

Uric acid 82.39 Triglycerides 79.46 ALTj 0.5731 Osmolality 8.18 

White cell count 80.59 Monocyte count 78.14 AMTk 0.5640 Uric acid 6.91 

ALTj 75.74 ALTj 77.35 Hematocrit 0.5636 White cell count 5.57 

Osmolality 74.55 Red cell count 77.18 Osmolality  0.5630 ALTj 4.54 

AMTk 70.65 Hematocrit 77.17 Red cell count 0.5517 AMTk 4.37 

Hematocrit 70.55 White cell count 74.72 Triglycerides 0.5357 Serum calcium 2.25 

a=random forest model on train data restructured by minority class oversampling, b= random forest model 

on train data restructured by synthetic minority oversampling algorithm, c=artificial neural network model 

on original, un-resampled train data, d=gradient boosting model on original, un-resampled train data, e,f= by 

default, mean decrease in prediction accuracy after a variable is permuted, g= default method is based on 

Gevrey et al (2003), which uses combinations of the absolute values of the weights, h=same approach as a 

single tree (i.e. reduction in the loss function attributed to each variable at each split is tabulated, summed 

over each node, and totaled.) but sums the importance estimates over each boosting iteration, AUC=area 

under receiver operating characteristic curve, AUCinternal=AUC on the internal validation data, 

AUCexternal=AUC on the external validation data, HT=hypertension, SBP=systolic blood pressure, i=gamma 

glutamyl transferase, j=alanine amino-transferase, k=aspartate aminotransferase 
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Objective 2 
 

Table 4: Determinants of prediabetes elucidated by optimal predictive models built using 

dental variables and machine learning algorithms 

Optimal model using each algorithm and elucidated determinants 

GLM ROSEa ANN ROSEb RF ROSEc XGB under-sampledd Bagged CART originale 

AUCinternal =59.43% 

AUCexternal=57.88% 

AUCinternal=58.21% 

AUCexternal=56.93% 

AUCinternal=58.91% 

AUCexternal=57.29% 

AUCinternal= 58.38% 

AUCexternal= 57.14% 

AUCinternal = 54.53% 

AUCexternal= 53.38% 

Variable;  

OR (95% CI) 

Variable;  

importancef 

Variable;  

importanceg 

Variable;  

Importanceh 

Variable;  

Importancei 

Age 

1.02 (1.01-1.03) 

Age; 

0.5687 

Age;  

65.74 

 Age;  

100.00 

Age;  

100.00 

Periodontitis* 

(reference = no);  

1.43 (1.12-1.82) 

Race;  

0.5380 

Periodontitis*;  

57.79 

Income-poverty ratio;  

26.73 

Income-poverty ratio;  

91.50 

Mobile teeth (reference = 

no);  

1.59 (1.14-2.17) 

Periodontitis*;  

0.5354 

Education**;  

57.56 

Periodontitis*;  

19.78 

Periodontitis*;  

68.98 

Gender 

(reference = female);  

1.47 (1.19-1.82) 

Education**;  

0.5270 

Gender;  

55.51 

Race;  

14.53 

Race;  

42.41 

Education**;  

0.87; (0.77-0.99) 

Gender;  

0.5256 

Race;  

52.77 

Gender;  

9.66 

Education**;  

41.94 

a=logistic regression on train data restructured by random oversampling(ROSE) algorithm, b=artificial 

neural network model on train data restructured by random oversampling(ROSE) algorithm, c=random 

forest model on train data restructured by random oversampling(ROSE) algorithm, d=gradient boosting 

model on train data re-structured by majority class under-sampling, e=Bagged CART model on original, un-

resampled train data, f= default method is based on Gevrey et al (2003), which uses combinations of the 

absolute values of the weights, g= by default, mean decrease in prediction accuracy after a variable is 

permuted, h=same approach as a single tree (i.e. reduction in the loss function attributed to each variable at 

each split is tabulated, summed over each node, and totaled.) but sums the importance estimates over each 

boosting iteration, i=The same methodology as a single tree (i.e. reduction in the loss function attributed to 

each variable at each split is tabulated and the sum is returned) is applied to all bootstrapped trees and the 

total importance is returned, OR=odds ratio, CI=confidence interval, AUC=area under receiver operating 

characteristic curve, AUCinternal=AUC on the internal validation data, AUCexternal=AUC on the external 

validation data, *classified as per Eke et al (2012) and dichotomized; see no:8 of the table 5 in the appendix 

for details, **modelled as a continuous variable 
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Objective 3 

Table 5: Comparison of the performance of the Centers for Disease Control and prevention 

(CDC) prediabetes screening tool upon the NHANES database with that of optimal 

predictive models 

Benchmarking with the optimal model containing general predictors* 

Criterion CDC prediabetes screening tool Optimal machine learning model* 

Performance upon 

the internal 

validation dataseta 

(N = 3172) 

Performance upon the 

external validation 

datasetb 

(N = 3000) 

Performance upon the 

internal validation 

dataseta 

(N = 3172) 

Performance upon 

the external 

validation datasetb 

(N = 3000) 

AUC 64.40% 62.80% 71.59% 70.01% 

Sensitivity 63.53% 62.50% 71.87% 72.33% 

Specificity 59.78% 59.55% 61.67% 59.22% 

Accuracy 61.07% 60.24% 63.43% 75.68% 

PPV 32.57% 32.11% 34.72% 36.88% 

NPV 84.27% 83.84% 86.57% 85.40% 

Kappa 0.1766 0.1660 0.2175 0.1543 

Benchmarking with the optimal model containing dental predictors**  

Criterion  CDC prediabetes screening tool Optimal machine learning model** 

Performance upon 

the internal 

validation dataseta 

(N = 1583) 

Performance upon the 

external validation 

datasetb 

(N = 1500) 

Performance upon the 

internal validation 

dataseta 

(N = 1583) 

Performance upon 

the external 

validation datasetb 

(N = 1500) 

AUC 59.10% 58.80% 59.43% 57.88% 

Sensitivity  71.28% 70.24% 71.24% 68.93% 

Specificity  42.84% 42.61% 42.52% 44.80% 

Accuracy 51.56% 51.14% 59.13% 58.95% 

PPV 34.24% 33.85% 34.09% 34.58% 

NPV 78.12% 77.40% 78.00% 79.51% 

Kappa 0.1080 0.0980 0.1448 0.1549 
* This was a random forest model on train data restructured by minority class oversampling, ** This was a logistic 

regression model on train data restructured by random oversampling(ROSE) algorithm, a=from NHANES 2013-

2014, b=from NHANES 2011-2012, AUC= area under the receiver operating characteristic curve, PPV=positive 

predictive value, NPV= negative predictive value 
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Table 6: Derivation of the variables of the Centers for Disease Control and prevention 

(CDC) prediabetes screening tool using the National Health and Nutrition Examination 

Survey (NHANES) database and corresponding parameter scores applied 

Variable 

 

How information was retrieved/derived from the NHANES database Score 

Age < 65 years & 

physically inactive 

Age was categorized with the cut-points of 45 and 65. See below for 

“physically inactive” 

5 

Age 45 – 64 years  5 

Age ≥ 65 years 

 

 9 

Parent DM 

Sibling DM 

 

NHANES questionnaire collects information on familial DM but not separately 

for parent’s and sibling’s DM so the 2 questions were combined and assigned 

the score of 2 

 

2 

BMI ≥ 27 kg/m2 The CDC score provides a table of weight and height where the classification 

corresponds to BMI cut-point of 27 kg/m2 (2 groups) 

 

5 

Physically inactive Derived a binary variable by checking if any of the following activities were 

done in 5 or more days of a typical week: vigorous or moderate work, 

recreational work, walk or bicycle 

 

See 

“age” 

above 

Baby > 9 pounds birth 

weight (women only) 

Available in the questionnaire 1 

DM= diabetes mellitus, BMI = body mass index, NHANES = National Health and Nutrition Examination Survey 
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APPENDIX 

Table 1: A summary review of predictive modelling studies for prediabetes, diabetes 

related conditions and phenomena 

Study  Condition 

/phenomenon 

Predictors Modelling 

technique 

Key facts and findings 

Heikes et al, 

2008 

Diabetes and 

prediabetes 

18 established 

predictors requiring 

no lab tests 

Logistic regression 

and CART 

NHANES III (N = 7092) was used as the database. External 

validation was done against NHANES 1999–2004 data. The 

AUC for prediabetes or undiagnosed diabetes was found to be 

0.75. The study proposed the concept of “diabetes risk 

calculator”; a noninvasive screening tool to detect both pre-

diabetes and undiagnosed diabetes in the US population. 

 

Ogunyemi et 

al, 2015 

Diabetic 

retinopathy 

11 clinical predictors 

from a pool of 24 

and 10 public health 

predictors from a 

pool of 33 were 

selected using Lasso 

regularization 

 

Ensemble 

classifiers with &    

without 

adjustments for 

class imbalance 

Two databases, namely, clinical data from urban safety net 

clinics (N = 513) & public health data from NHANES 2005-

2008 (N = 2874) were used. Only clinical data predicted 

disease; best model had an AUC of 0.72. Classifiers on 

NHANES 2005-2008 data were not predictive of diabetic 

retinopathy. 

 

Choi et al, 

2014 

Prediabetes  9 established risk 

factors were used 

based on literature 

review 

ANN and SVM Data from the Korean National Health and Nutrition 

Examination Survey (KNHANES) 2010 (𝑛 = 4685) were used 

for training and internal validation whilst data from 

KNHANES 2011 (𝑛 = 4566) were used for external validation 

of models. In addition, model performance was compared with 

that of a screening score tool used among the Koreans. Two 

optimal models were reported; an ANN model with an AUC of 

0.768 and a SVM model with an AUC of 0.761 on the internal 

validation data. The AUC of the screening score on the internal 

validation data was 0.734. 

 

Lee et al, 

2012 

Diabetes  6 established 

predictors were used 

for the screening 

model 

Logistic regression *Data from KNHANES 2001 & 2005 (N = 9602) were used 

for building the predictive model and the external validation 

was performed against KNHANES 2007-2008 data. The 

developed screening tool for undiagnosed diabetes was 

compared with other similar tools. The AUC of the model was 

0.73. 

 

Baan et al, 

1999 

Diabetes  15 established 

predictors in total in 

3 different models 

Logistic regression A sample of participants from the Rotterdam Study (n = 1016) 

was used for building the models. The sample consisted of 

people aged 55–75 years. The external validation was 

performed against another Dutch population-based study, the 

Hoorn Study (n = 2364). The AUC of the best model was 0.74. 

 

Anderson et 

al, 2016 

Progression 

to 

prediabetes 

and diabetes 

442 variables 

spanning 

demographics, lab 

tests, clinical 

examinations, ICD-9 

diagnosis codes and 

prescriptions were 

used 

A novel ensemble 

analytic platform; 

Reverse 

Engineering and 

Forward 

Simulation (REFS) 

Bayesian Analytics 

Platform 

 

Electronic health records data of 24 331 retrospectively 

followed patients were used for building the prediction models. 

The optimal model had an AUC of 0.76. Models of progression 

to prediabetes elucidated novel predictors whilst models of 

progression to diabetes elucidated established predictors. 
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Dall et al, 

2014 

Diabetes and 

prediabetes 

16 variables 

including 2 

potentially new risk 

factors; 

history/previous 

diagnosis of asthma 

and arthritis were 

used 

 

Multinomial and 

binary logistic 

regression 

Predictive modelling was performed on NHANES 2003–2010 

(n = 19,056) data whilst the external validation of predictive 

models was done on the 2010 Medical Expenditure Panel 

Survey. Using the prediction model, the number of adults who 

would be detected with prediabetes and/or type 2 diabetes if 

screened under ADA or USPSTF guidelines were estimated. 

The ADA screening model was proved more robust. 

Meng et al, 

2013 

Diabetes or 

prediabetes 

12 established risk 

factors were used. 

Logistic regression, 

ANN, and decision 

tree 

The sample consisted of 1487 (735 volunteered 

prediabetic/diabetic patients and 752 normal controls) 

individuals. A standard questionnaire was used to obtain 

information on risk factors. Three optimal predictive models, 

namely, a decision tree, a logistic regression model and an 

ANN having classification accuracies of 77.87%, 76.13% and 

73.23% respectively, were constructed.  

 

Yokota et al, 

2017 

Conversion 

of 

prediabetes 

to diabetes 

10 established risk 

factors and alanine 

aminotransferase 

were used 

Logistic regression Aim of the study was to clarify the natural course of 

prediabetes and develop predictive models for conversion to 

diabetes. Data of 2105 prediabetic adults from a retrospective 

longitudinal study were used for building models. The 

prediction model for incident diabetes had an AUC of 0.80. 

Moreover, weight reduction was associated with lowered 

conversion rate. 

 

Morteza et 

al, 2013 

Albuminuria 

in T2DM 

Sex, duration of 

diabetes, SBP, DBP, 

GFR, HDL, LDL, 

TG, HDL/TG ratio, 

cholesterol, FPG, & 

Hb1Ac were used as 

predictors 

 

ANN & 

conditional logistic 

regression 

Data from a matched case-control study (N = 1104) were used. 

The two predictive models elucidated markedly different 

predictors. Authors concluded that the ANN model 

complements the current risk factor models to improve the 

care of diabetic patients 

Kandhasamy 

et al, 2015 

diabetes 8 predictors; number 

of times pregnant, 

plasma glucose 

concentration, DBP, 

triceps skin fold 

thickness, 2-hour 

serum insulin, BMI, 

diabetes pedigree 

function, and age, 

were used. 

 

J48 decision tree, 

KNN, RF, SVM 

Aim of the study was to compare the diabetes prediction 

performance of four different machine learning algorithms. 

The algorithms were tested with data samples downloaded 

from UCI machine learning data repository. Performances of 

the algorithms were measured in two different contexts, 

namely, on a dataset with noisy data (before pre-processing) 

and on a dataset set without noisy data (after pre-processing). 

The performances were compared in terms of accuracy, 

sensitivity, and specificity. Before pre-processing, decision tree 

J48 classifier achieved the highest accuracy of 73.82 %. After 

pre-processing: both KNN (k=1) and random forest provided 

100% accuracy 

Jahani & 

Mahdavi, 

2016 

Diabetes 

 

Age, fasting blood 

sugar, diastolic 

blood pressure, BMI, 

and change in body 

weight were used 

ANN The aim of the study was to predict diabetes using clinical and 

lifestyle characteristics. Memetic algorithms and parameter 

tuning were used to enhance model accuracy. The sample 

consisted of 515 individuals; 345 diabetic and 170 non-

diabetic. The memetic algorithm improved the accuracy from 

88.0% to 93.2%. For the memetic algorithm model, sensitivity, 

specificity, positive predictive value, negative predictive value, 

and AUC were 96.2, 95.3, 93.8, 92.4, and 0.958 respectively. 

Authors argued that the results of this study provide a basis to 

design a decision support system for risk management and 

planning of care for individuals at risk of diabetes. 
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Farran et al, 

2013 

T2DM, HT, 

& 

comorbidities 

 4 algorithms; 

KNN, logistic 

regression, 

multifactor 

dimensionality 

reduction & SVM 

Data from a retrospective cohort study were used. Fivefold 

cross validation was applied to prediction models to obtain 

generalization accuracy. The sample consisted of 270 172 

hospital visitors (of which, 89 858 were diabetic, 58 745 

hypertensives and 30 522 comorbid) and included Kuwaiti 

natives, as well as Asian and Arab expatriates. Optimal 

classification accuracies of >85% (for diabetes) and >90% (for 

hypertension) were achieved using only simple non-laboratory-

based parameters. Risk assessment tools based on KNN models 

assigned ‘high’ risk to 75% of diabetic patients and to 94% of 

hypertensive patients. Only 5% of diabetic patients were 

assigned ‘low’ risk. Two-stage aggregate classification models 

and risk assessment tools built combining both the component 

models on diabetes (or on hypertension), performed better than 

individual models. Authors concluded that these tools aid in 

the preliminary non-intrusive assessment of the population. 

Ethnicity was a significant predictor. The need for building risk 

assessment tools using regional data was highlighted by 

demonstrating the applicability of the American Diabetes 

Association online calculator on data from Kuwait. 

Abbreviations: CART-classification and regression tree, NHANES-National Health and Nutrition Examination 

Survey, AUC-area under the receiver operating characteristic curve, US-United States, ANN-artificial neural 

network, SVM-support vector machine, ICD-international classification of diseases, ADA-American Diabetes 

Association, USPSTF-United States Preventive Services Task Force, T2DM-type 2 diabetes mellitus, SBP-systolic 

blood pressure, DBP-diastolic blood pressure, GFR- glomerular filtration rate, HDL-high density lipoproteins, LDL-

low density lipoproteins, TG-triglycerides, FPG-fasting plasma glucose, Hb1Ac-glycated hemoglobin, BMI-body 

mass index, KNN-k nearest neighbors, RF-random forest, UCI-University of California, Irvine, HT-hypertension 
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Table 2: Key R statistical packages and their functions used for variable importance 

estimation, resampling methods and other analytical steps employed in the study 

Algorithm R statistical packages and the functions used Variable importance estimation 

method 

Logistic 

regression 

The “glm” function in the stats package was used for logistic 

regression modelling (R Core Team, 2018).  

Ten-fold cross-validation was applied using the “trainControl” 

function of the “caret” package (Kuhn et al, 2017). 

The “ovun.sample” function in the ROSE (Random 

Oversampling Examples) package was used to create under- and 

over-sampled datasets while the “ROSE” function of the same 

package was used to create a re-sampled dataset as per ROSE 

algorithm (Lunardon et al, 2014). The “SMOTE” function in the 

“DMwR” (Data Mining with R) package was used to create a 

re-sampled dataset as per the SMOTE (Synthetic Minority 

Over-Sampling Technique) algorithm (Torgo, 2016). 

The AUC of prediction models were calculated using “ROCR” 

package (Sing et al, 2005). 

The “OptimalCutpoints” package was used to determine cut-off 

values that maximize the Youden index for performance 

evaluation metrics of predictive models (López-Ratón et al, 

2014). 

The OR, CI and p-values were 

calculated using default functions 

available in the stats package for 

generalized linear models. 

Artificial neural 

network 

“Model Averaged Neural Network” (“'avNNet') modelling 

method of the “nnet” package (Venables & Ripley, 2002) was 

applied through the “train” wrapper function of the “caret” 

package (Kuhn et al, 2017). 

The “findCorrelation” function of the “caret” (Classification and 

Regression Training”) package (Kuhn et al, 2017) was used to 

take a correlation matrix and determine the column numbers that 

should be removed to keep all pair-wise correlations below a 

threshold level of 0.75. 

A specific candidate set of models were created using the 

“expand.grid” function of the “base” package (R Core Team, 

2018) specifying the ranges for specific parameters, namely, 

size (number of units in hidden layer),  decay (regularization 

parameter to avoid over-fitting) and bag (bagging). 

Five-fold cross-validation was applied using the “trainControl” 

function of the “caret” package (Kuhn et al, 2017). 

The “train” function of the “caret” package (Kuhn et al, 2017) 

was used to specify model parameters which included 

The default function in the “caret” 

package for estimating the variable 

importance values of neural network 

models was used. The default method 

is based on Gevrey et al (2003), 

which uses combinations of the 

absolute values of the weights. For 

classification models, the class-

specific importance values will be 

the same. All measures of importance 

are scaled to have a maximum value 

of 100 by default, but since the scale 

argument was set to FALSE, 

unscaled figures are given. 
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commands to aggregate neural networks using model averaging, 

pre-specified weight, and decay tuning parameters, five-fold 

cross-validation, automatic standardization of data prior to 

modeling and prediction, the maximum allowable number of 

weights, and the maximum number of iterations. 

The”pROC” package was used to calculate the AUC of 

prediction models (Robin et al, 2011). 

The “OptimalCutpoints” package was used to determine cut-off 

values that maximize the Youden index for performance 

evaluation metrics of predictive models (López-Ratón et al, 

2014). 

The “trainControl” function of the “caret” package was used for 

resampling; its “sampling” argument was specified as “down”, 

“up”. “smote” and “rose” to create under-sampled, over-

sampled, “SMOTE” and “ROSE” resampled datasets 

respectively (Kuhn et al, 2017). 

The “dummyVars” function of the “caret” package was used to 

discretize categorical variables (Kuhn et al, 2017). 

Random forest Default functions for random forests modelling in 

“randomForest” package (Liaw & Wiener, 2002) along with the 

“train” wrapper function of the “caret” package (Kuhn et al, 

2017) was used. Default values used: “mtry” (number of 

variables randomly sampled as candidates at each split) 

parameter’s default value for classification is (sqrt(p) where p is 

the number of variables in the dataset,  “ntree” (number of trees 

to grow) which by default is set to 500, and “nodesize” 

(minimum size of terminal nodes), the default value for which in 

a classification model is 1. 

Ten-fold cross-validation was applied using the “trainControl” 

function of the “caret” package (Kuhn et al, 2017). 

The “train” function of the “caret” package (Kuhn et al, 2017) 

was used to specify model parameters which included 

commands for ten-fold cross-validation, automatic 

standardization of data prior to modeling and prediction, and 

default values for other arguments within the random forests 

algorithm 

The”pROC” package was used to calculate the AUC of 

prediction models (Robin et al, 2011). 

The “OptimalCutpoints” package was used to determine cut-off 

values that maximize the Youden index for performance 

evaluation metrics of predictive models (López-Ratón et al, 

By default, mean decrease in 

prediction accuracy after a variable is 

permuted is presented as variable 

importance estimates. It is computed 

from permuting “out-of-bag” (OOB) 

data: For each tree, the prediction 

error on the out-of-bag portion of the 

data is recorded (error rate for 

classification). Then the same is done 

after permuting each predictor 

variable. The difference between the 

two are then averaged over all trees 

and normalized by the standard 

deviation of the differences. 
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2014). 

The “trainControl” function of the “caret” package was used for 

resampling; its “sampling” argument was specified as “down”, 

“up”. “smote” and “rose” to create under-sampled, over-

sampled, “SMOTE” and “ROSE” resampled datasets 

respectively (Kuhn et al, 2017). 

Gradient 

boosting 

Default functions for gradient boosting classification tree model 

in “xgboost” (Extreme Gradient Boosting) package (Chen et al, 

2017) along with the “train” wrapper function of the “caret” 

package (Kuhn et al, 2017) were used; “nrounds” (number of 

boosting iterations) default = 100, “eta” (step size shrinkage 

used in update to prevents overfitting a.k.a. learning rate) 

default = 0.3, “gamma” (minimum loss reduction required to 

make a further partition on a leaf node of the tree a.k.a. 

minimum split loss) default = 0, “max_depth” (maximum depth 

of a tree) default = 6, “min_child_weight” (minimum sum of 

instance weight (hessian) needed in a child) default=1, 

“max_delta_step” (Maximum delta step we allow each tree’s 

weight estimation to be) default=0, “subsample” (subsample 

ratio of the training instance) default=1, “colsample_bytree” 

(subsample ratio of columns when constructing each tree) 

default=1, “colsample_bylevel” (subsample ratio of columns for 

each split, in each level) default=1, and “lambda” (L2 

regularization term on weights) default=1, and “alpha” (L1 

regularization term on weights) default = 0. 

Ten-fold cross-validation was applied using the “trainControl” 

function of the “caret” package (Kuhn et al, 2017). 

The “train” function of the “caret” package (Kuhn et al, 2017) 

was used to specify model parameters which included 

commands for ten-fold cross-validation, automatic 

standardization of data prior to modeling and prediction, and 

default values for other arguments within the gradient boosting 

classification "xgbTree" algorithm described above. 

The”pROC” package was used to calculate the AUC of 

prediction models (Robin et al, 2011). 

The “OptimalCutpoints” package was used to determine cut-off 

values that maximize the Youden index for performance 

evaluation metrics of predictive models (López-Ratón et al, 

2014). 

The “trainControl” function of the “caret” package was used for 

resampling; its “sampling” argument was specified as “down”, 

“up”. “smote” and “rose” to create under-sampled, over-

sampled, “SMOTE” and “ROSE” resampled datasets 

The default function in the “caret” 

package for estimating the variable 

importance values of gradient 

boosting models was used. This 

method uses the same approach as a 

single tree (i.e. reduction in the loss 

function attributed to each variable at 

each split is tabulated, summed over 

each node, and totaled.) but sums the 

importance estimates over each 

boosting iteration. Estimates are 

scaled relative to the best performing 

variable. The variable with the 

highest sum of improvements is 

scored 100, and all other variables 

will have lower scores ranging 

downwards toward zero. 
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respectively (Kuhn et al, 2017). 

The “dummyVars” function of the “caret” package was used to 

discretize categorical variables (Kuhn et al, 2017). 

Bagged CART The bagged CART modelling facility included in the “caret” 

package (Kuhn et al, 2017) via a wrapper for “train” function 

was used which is implemented via packages “ipred” (Peters & 

Hothorn, 2017), “plyr” (Wickham, 2011) and “e1071” (Meyer et 

al, 2017).  

The “caret” package provides no tuning parameters for this 

model. The default parameters were therefore used including 

those as specified in “bagging” and “rpart.control” functions 

(Kuhn et al, 2017). 

Ten-fold cross-validation was applied using the “trainControl” 

function of the “caret” package (Kuhn et al, 2017). 

The “train” function of the “caret” package (Kuhn et al, 2017) 

was used to specify the model which included commands for 

ten-fold cross-validation, automatic standardization of data prior 

to modeling and prediction, and default values for other 

arguments within the bagged CART classification (method = 

"treebag") 

The”pROC” package was used to calculate the AUC of 

prediction models (Robin et al, 2011). 

The “OptimalCutpoints” package was used to determine cut-off 

values that maximize the Youden index for performance 

evaluation metrics of predictive models (López-Ratón et al, 

2014). 

The “trainControl” function of the “caret” package was used for 

resampling; its “sampling” argument was specified as “down”, 

“up”. “smote” and “rose” to create under-sampled, over-

sampled, “SMOTE” and “ROSE” resampled datasets 

respectively (Kuhn et al, 2017). 

The default function in the “caret” 

package for estimating the variable 

importance values of bagged CART 

models was used. The same 

methodology as a single tree (i.e. The 

reduction in the loss function 

attributed to each variable at each 

split is tabulated and the sum is 

returned.) is applied to all 

bootstrapped trees and the total 

importance is returned. Estimates are 

scaled relative to the best performing 

variable. The variable with the 

highest sum of improvements is 

scored 100, and all other variables 

will have lower scores ranging 

downwards toward zero. 
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Objective 1 

Table 3: Variables pre-selected and included in feature selection process for the objective 1 

and the rationale/evidence for their inclusion 

Questionnaire-based/self-reported 

 Variable  Explanation and/or its 

construction and coding 

Association with prediabetes and/or 

diabetes/rationale 

1 Diagnosed DM risk Question from the NHANES 

questionnaire: “Have you ever 

been told by a doctor or other 

health professional that you 

have health conditions or a 

medical or family history that 

increases your risk for 

diabetes?” Responses were 

coded as: 1 = no, 2 = yes 

 

A prospective cohort study (Lyssenko et al, 2005) 

found that a positive family history of diabetes was 

a risk factor for incident diabetes. Perreault et al 

(2012) found that regression from pre-diabetes to 

normal glucose regulation is associated with long-

term reduction in diabetes risk. In the present study, 

it was assumed that being diagnosed as having a 

high risk for developing diabetes is a potential 

predictor of prediabetes. 

2 Self-perceived DM 

risk 

Question from the NHANES 

questionnaire: “Do you feel 

you could be at risk for 

diabetes or prediabetes?”  

Responses were coded as: 1 = 

no, 2 = yes 

A study by Portnoy et al (2014) revealed that worry; 

the most common measure of affective perceptions 

of vulnerability, was a significant predictor of 

protective behavioral intentions among T2DM 

patients and that cognitive and affective perceptions 

interact. It was assumed that self-perceived DM risk 

may be associated with prediabetes. 

 

3 Blood test for DM Question from the NHANES 

questionnaire: “Have you had 

a blood test for high blood 

sugar or diabetes within the 

past three years?” Responses 

were coded as: 1 = no, 2 = yes 

Portnoy et al (2014) found the impact of behavioral 

factors on diabetes. It was assumed that conducting 

blood tests for diabetes indicates higher self-

perceived risk of the disease and maybe associated 

with prediabetes. 

4 Gender Gender. Responses were 

coded as: 1 = female, 2 = male 

A cross-sectional study on the determinants of 

HRQOL among T2DM patients reported that 

compared with men, scores of all QOL domains 

were lower in women (Shamshirgaran et al, 2014). 

Gender differences in risk factor control and 

treatment profile in diabetes (Nilsson et al, 2004; 

Perreault et al, 2008), gender differences in 

prediabetes and insulin resistance among obese 

children (Tester et al, 2013), as well as sex 

differences in endothelial function markers before 

conversion to prediabetes (Donahue et al, 2007) 

have been reported. 

5 Age Question from the NHANES 

questionnaire: “Age in years 

of the participant at the time 

of screening.” Individuals 80 

and over are top coded at 80 

years of age. 

Both CDC prediabetes screening test (CDC 

prediabetes screening test, 2018) and the ADA 

diabetes/prediabetes screening test (ADA 

diabetes screening test, 2018) allocate the highest 

risk scores to advanced age groups. Age is a risk 

factor of prevalent prediabetes as per Hilawe et a 

(2016). Co-morbid conditions most prevalent 

among older people such as frailty and 

sarcopenia are predictors of adverse health 

outcomes in diabetic patients (Liccini et al, 2016). 

6 Race The variable was A population-based cross-sectional study by 
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dichotomized as 1 = (non-

Hispanic) White, 2 = other 

Mainous et al (2014) on the prevalence and 

predictors of prediabetes in England from 2003 to 

2011 found marked socio-economic disparities in 

the disease prevalence. It was assumed in the 

present study that race could be a potential predictor 

of prediabetes among the US population. 

7 Served in armed 

forces  

Question from the NHANES 

questionnaire: “Have you ever 

served on active duty in the 

U.S. Armed Forces, military 

Reserves, or National Guard?” 

Data were collected from both 

males and females 17 - 80 

years of age. Therefore, 

missing data among those >= 

17 years were multiply-

imputed while those among < 

17 years were coded as “no”. 

Assigned codes were: 1 = no, 

2 = yes. 

Work characteristics have been reported to be 

predictors of diabetes incidence among apparently 

healthy employees (Toker et al, 2012). It was 

assumed that occupation in the armed forces may be 

a predictor of prediabetes in the present study. Also 

see above about the study by Mainous et al (2014). 

 

8 Country of birth Question from the NHANES 

questionnaire: “In what 

country were you born?” 

Responses were coded as: 1 = 

USA, 2 = other 

Assumed as a potential socio-economic determinant 

of prediabetes. 

9 Citizenship Question from the NHANES 

questionnaire: “Are you a 

citizen of the United States?” 

Responses were coded as 1 = 

yes, 2 = no. 

Socio-economic deprivation was a predictor of 

prediabetes as per Mainous et al (2014). 

Significant differences in prevalence of 

prediabetes by demographic factors such as race 

and gender were observed by Zhang et al (2014). 

Hence a possible impact of citizenship on 

prediabetes was speculated in this study. 

10 Marital status The variable was 

dichotomized as 1 = 

unmarried/other, 2 = 

married/ living with partner 

Shamshirgaran et al (2014) revealed that the 

quality of life among diabetic individuals was 

influenced by marital status. Hence a possible 

influence on prediabetes was speculated in this 

study. 

11 Household size Total number of people in the 

household  

Assumed as a potential socio-economic predictor of 

the disease. 

12 Family size Total number of people in the 

family 

Family context was found to predict T2DM 

management (Chesla et al, 2003) 

13 Household income Total annual household 

income (reported as a range 

value in dollars) 

Kohler & Soldo (2005) revealed a potentially life-

long impact of socio-economic factors on diabetes. 

14 Family income Total annual family income 

(reported as a range value in 

dollars) 

Kohler & Soldo (2005); see no:13 above 

15 Income-poverty 

ratio 

Ratio of family income to 

poverty. (range of values 0 to 

5) 

Kohler & Soldo (2005) revealed that socio-

economic factors were associated with diabetes. 

Tsenkova et al (2014) found a lifelong impact of 

socioeconomic disadvantage on prediabetes. 

Hence, this variable was included as a proxy 

indicator of socio-economic status in the present 

study. 

16 Alcohol use Question from the NHANES 

questionnaire: “In any one 

An association between alcohol consumption and 

risk of pre-diabetes and type 2 diabetes 
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year, have you had at least 12 

drinks of any type of alcoholic 

beverage?” Responses were 

coded as 1 = no, 2 = yes. 

development was reported in a Swedish population 

(Cullmann et al, 2012). Alcohol consumption, 

heavy consumption in particular, was an 

independent risk factor for the development of 

prediabetes, but not for diabetes in middle-aged and 

elderly Chinese men (Zhang, S. et al, 2016). 

17 Diagnosed 

hypertension 

Question from the NHANES 

questionnaire: “Have you 

ever been told by a doctor or 

other health professional 

that you had hypertension, 

also called high blood 

pressure?” Responses were 

coded as 1 = no, 2 = yes. 

Studies by Okwechime et al (2015) and 

Soewondo & Pramono (2011) revealed a positive 

association between prediabetes and 

hypertension. Prediabetes is considered an 

underlying etiology of metabolic syndrome and 

hypertension in turn is an integral feature of the 

metabolic syndrome (Mayans, 2015). 

18 Self-measured BP Question from the NHANES 

questionnaire: “Did you take 

your blood pressure at home 

during the last 12 months?” 

Responses were coded as 1 = 

no, 2 = yes. 

See no:17 above. 

19 Advised, self-

measured BP 

Question from the NHANES 

questionnaire: “Did a doctor 

or other health professional 

tell you to take your blood 

pressure at home?” Responses 

were coded as 1 = no, 2 = yes 

See no:17 above. 

20 Diagnosed 

hypercholesterolemia 

Question from the NHANES 

questionnaire: “Have you ever 

been told by a doctor or other 

health professional that your 

blood cholesterol level was 

high?” Responses were coded 

as 1 = no, 2 = yes. 

Okwechime et al (2015) revealed a positive 

association between hypercholesterolemia and 

prediabetes. Mamtani et al (2016) argued that 

disturbed lipid metabolism is a hallmark of diabetes 

and developed and validated a cost-effective plasma 

lipidomic risk score (LRS) as a biomarker of future 

T2DM 

21 Gastrointestinal 

disease 

Question from the NHANES 

questionnaire: “Did you have 

a stomach or intestinal illness 

with vomiting or diarrhea that 

started during those 30 days?” 

Responses were coded as 1 = 

no, 2 = yes. 

A study by Gagnon et al (2017) was premised on 

the rationale that diabetic individuals are at 

heightened risk for developing comorbid eating 

disorders than non-diabetic counterparts and 

identified predictors of comorbid eating disorders in 

patients with T1DM or T2DM, which included the 

type of diabetes, body mass indexes, coping styles 

and depressive symptoms. An increased frequency 

of prediabetes in patients with irritable bowel 

syndrome has also been reported (Gulcan et al, 

2009). 

22 Self-reported dietary 

health 

Question from the NHANES 

questionnaire: “How healthy 

is the diet?” Responses were 

coded as 1 = excellent, 2 = 

very good, 3 = good, 4 = fair, 

5 = poor. 

Dietary habits and leisure-time physical activity 

were related to adiposity, dyslipidemia, and incident 

dysglycemia in the pathobiology of prediabetes in a 

biracial cohort study (Boucher et al, 2015). Nouwen 

et al (2011) revealed longitudinal motivational 

predictors of dietary self-care and diabetes control 

in adults with newly-diagnosed T2DM. An 

interventional study found that intensive lifestyle 

intervention can result in long-term reductions in 

total energy intake. Initial success in achieving 

reductions in fat and energy intake and success in 

attaining activity goals appear to predict long-term 
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success at maintaining changes (Davis et al, 2013). 

23 Milk consumption Question from the NHANES 

questionnaire: “In the past 30 

days, how often did you have 

milk to drink or on your 

cereal?” Responses were 

dichotomized as 1 = never or 

rarely, 2 = more frequently 

Early cow's milk exposure was found a potential 

determinant of subsequent T1DM that might 

increase the risk nearly 1.5 times (Gerstein, 1994). 

Among adults, the consumption of milk and dairy 

products was associated with a markedly reduced 

prevalence of the metabolic syndrome which is 

characterized by incident diabetes among other 

indicators (Elwood et al, 2007). 

24 Food security 

 

Household food security 

category for last 12 months. 

Responses were recoded as: 

1 = very low food security, 2 

= low food security, 3 = 

marginal food security 4 = 

full food security and 

included in the models as a 

numeric variable. 

A study done on the NHANES 1999-2002 data 

found that food insecurity was a risk factor for 

diabetes. Authors suggested that increased 

consumption of inexpensive, high-caloric food 

alternatives, among adults with food insecurity 

could play a part in the observed relationship 

(Seligman et al, 2007). Mainous et al (2014) 

revealed the impact of socio-economic factors on 

prediabetes. Food security was added as a proxy 

indicator of socio-economic status and access to 

nutritious food.  

25 Health insurance Question from the NHANES 

questionnaire: “Are you 

covered by health insurance or 

some other kind of health care 

plan?” Responses were coded 

as: 1 = no, 2 = yes. 

The association between health insurance coverage 

and diabetes care was revealed by a study that used 

data from the 2000 Behavioral Risk Factor 

Surveillance System (Nelson et al, 2005). Mainous 

et al (2014) revealed the impact of socio-economic 

factors on prediabetes and the access to health 

insurance is presumably linked to socio-economic 

status and thus was included in the present study. 

26 Hepatitis B Question from the NHANES 

questionnaire: “Has a doctor 

or other health professional 

ever told you that you have 

hepatitis B?” Responses 

were coded as: 1 = no, 2 = 

yes. 

Gisi et al (2017) found a positive association 

between diabetes and hepatitis B. Khalili et al 

(2015) also found a similar positive association 

and suggested that the resulting diabetes could 

be attributable to known metabolic risk factors 

and liver damage, as determined by elevated 

ALT levels. 

27 Hepatitis C Question from the NHANES 

questionnaire: “Has a doctor 

or other health professional 

ever told you that you have 

hepatitis C?” Responses 

were coded as: 1 = no, 2 = 

yes. 

Burman et al (2015), Ali et al (2014) and 

Mukhtar et al (2012) found hepatitis C was a 

strong predictor of prediabetes. Howard et al 

(2003) and Wang et al (2003) revealed a similar 

positive association with diabetes. 

28 Self-rated general 

health 

Question from the NHANES 

questionnaire: “Would you 

say your health in general 

is…?” Assigned response 

codes were: 1 = excellent, 2 = 

very good, 3 = good, 4 = fair, 

5 = poor. 

An association between self-rated health and 

diabetes of long duration was reported by Klein et al 

(1998). Another study found that self-rated health is 

a significant predictor of mortality in people with 

late-onset diabetes but not in those with early onset 

diabetes when physical health status is controlled 

(Dasbach et al, 1994). 

29 Self-rated health 

trend 

Question from the NHANES 

questionnaire: “Compared 

with 12 months ago, would 

you say your health is 

now…?” Responses were 

See no:28 above 
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recoded as 1 = better, 2 = 

about the same, 3 = worse 

30 Healthcare 

availability 

Question from the NHANES 

questionnaire: “Is there a place 

that you usually go when you 

are sick, or you need advice 

about your health?” Responses 

were dichotomized as 1 = no, 

2 = yes. 

A study found that rates of health care access and 

utilization, screening for diabetes complications, 

and treatment of hyperglycemia, hypertension, and 

dyslipidemia in type 2 diabetes are high but health 

status and outcomes are unsatisfactory. Suggested 

reasons for this discrepancy were the intractability 

of diabetes to current therapies, patient self-care 

practices, physician medical care practices, and 

characteristics of U.S. health care systems (Harris, 

2000). A study on healthcare seeking among 

African Americans recently identified with 

prediabetes or early diabetes reinforced the 

importance of preventive healthcare and sustainable 

changes in diet and physical activity and concluded 

that physicians need better tools for motivating and 

supporting their patients to adopt behaviors that can 

reduce diabetes risk (Harris & Chew, 2014) 

 

31 Healthcare use 

frequency 

Question from the NHANES 

questionnaire: “During the 

past 12 months, how many 

times have you seen a doctor 

or other health care 

professional about your health 

at a doctor's office, a clinic, or 

some other place?” (Range 

from 0 to 16/more) 

See no:30 above 

32 Mental healthcare 

use 

Question from the NHANES 

questionnaire: “During the 

past 12 months, have you seen 

or talked to a mental health 

professional such as a 

psychologist, psychiatrist, 

psychiatric nurse, or clinical 

social worker about your 

health?” Responses were 

coded 1 = no, 2 = yes 

A meta-analysis found that the presence of diabetes 

doubled the odds of comorbid depression (Anderson 

et al, 2001). A solid body of evidence exists for the 

relationship between mood disorders and diabetes 

mellitus (Musselman et al, 2003). Mental healthcare 

use was considered a proxy indicator of a mental 

health disorder and was included in the study. 

33 Number of rooms in 

household 

Question from the NHANES 

questionnaire: “How many 

rooms are in this home?” 

Mainous et al (2014) revealed the impact of socio-

economic factors on prediabetes. Assumed as a 

potential socio-economic determinant of 

prediabetes. 

34 Type of house Question from the NHANES 

questionnaire: “Is this mobile 

home/house/apartment owned, 

being bought, rented, or 

occupied by some other 

arrangement by you/you or 

someone else in your family?” 

Responses were dichotomized 

as 1 = owned, 2 = rented or 

other 

Poor housing conditions was an independent risk 

factor of incident diabetes in urban, middle-aged 

African Americans (Schootman et al, 2007). 

Ownership of a house may also be a potential socio-

economic variable. 

35 Hepatitis A 

vaccination 

Question from the NHANES 

questionnaire: “Have you ever 

received hepatitis A vaccine?” 

An association of hepatitis A virus infection with 

T1DM has been repoted (Hasosah et al, 2016). 

Another case report on hepatitis A-induced diabetes 
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Responses were recoded as 1 

= no, 2 = yes; fully or partially 

was reported by Vesely et al (1999). Hepatitis A 

vaccination exerts a protective effect against the 

disease and hence was assumed to be associated 

with diabetes. 

36 Hepatitis B 

vaccination 

Question from the NHANES 

questionnaire: “Have you ever 

received the 3-dose series of 

the hepatitis B vaccine?” 

Responses were recoded as 1 

= no, 2 = yes; fully or partially 

See no:26 above. Since hepatitis B was found to be 

associated with diabetes, it was assumed that 

hepatitis B vaccination may be related to diabetes. 

37 Monthly family 

income 

Monthly family income 

(reported as a range of values 

$0-$8400/above; coded 1-12) 

Assumed as a potential socio-economic determinant 

of prediabetes. 

38 Poverty index Family monthly poverty level 

index; a ratio of monthly 

family income to the HHS 

poverty guidelines specific to 

family size (range of values 0 

– 5) 

Assumed as a potential socio-economic determinant 

of prediabetes. 

39 Poverty category 

 

Family monthly poverty level 

category (1 = Monthly poverty 

level index <= 1.30, 2 = 1.30 

< Monthly poverty level index 

<= 1.85, 3 = Monthly poverty 

level index > 1.85) 

Assumed as a potential socio-economic determinant 

of prediabetes. 

40 Diagnosed kidney 

disease 

Question from the NHANES 

questionnaire: “Have you ever 

been told by a doctor or other 

health professional that you 

had weak or failing kidneys?” 

Responses were coded as 1 = 

no, 2 = yes. 

Tabá et al (2012) reported that nephropathy and 

CKD are associated with prediabetes. A study that 

used NHANES 1999-2006 data found that CKD 

prevalence was high among people with 

undiagnosed diabetes and prediabetes (Plantinga et 

al, 2010). A prospective cohort study showed an 

independent role of prediabetes in development of 

hyperfiltration and albuminuria indicating 

prediabetes might be a target for early treatment to 

prevent chronic kidney disease in chronic 

hyperglycemia (Melsom et al, 2016).  

41 Kidney stones Question from the NHANES 

questionnaire: “Have you ever 

had kidney stones?” 

Responses were coded as 1 = 

no, 2 = yes. 

A study done using the NHANES III 1988-1994 

data reported that metabolic syndrome (traits of 

which include diabetes) were associated with a self-

reported history of kidney stones (West et al, 2008). 

Chu et al (2017) reported an association of uric acid 

calculi with prediabetic and diabetic states. 

42 Urinary leakage 

frequency 

Question from the NHANES 

questionnaire: “How often do 

you have urinary leakage? 

Would you say…?” 

Responses were coded as 1 = 

never, 2 = less than once a 

month, 3 = a few times a 

month, 4 = a few times a 

week, 5 = every day and/or 

night 

A prospective cohort study revealed an association 

between T2DM and urinary incontinence in women 

(Lifford et al,2005). Both polyuria and polydipsia 

were found to be independent predictors of 

prediabetes in a study done by Charfen et al (2009). 

43 Nightly urinating 

frequency 

Question from the NHANES 

questionnaire: “During the 

past 30 days, how many times 

per night did you most 

Nocturia was found to be an independent predictor 

of diabetes (FitzGerald et al, 2007; Yoshimura et al, 

2004)  
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typically get up to urinate, 

from the time you went to bed 

at night until the time you got 

up in the morning?” (0 to 

5/more; coded accordingly 0 - 

5) 

44 Diagnosed asthma Question from the NHANES 

questionnaire: “Has a doctor 

or other health professional 

ever told you that you have 

asthma?” Responses were 

coded as 1 = no, 2 = yes 

A strong positive association between the 

occurrence of T1DM and symptoms of asthma at 

the population level in Europe and elsewhere was 

reported (Stene & Nafstad, 2001). 

45 Diagnosed anemia Question from the NHANES 

questionnaire: “Were you 

taking treatment for anemia 

during past 3 months. 

Responses were coded as 1 = 

no, 2 = yes. 

 Anemia was associated with diabetes particularly in 

diabetic individuals with albuminuria or reduced 

renal function (Thomas et al, 2003).  Davis et al 

(2017) showed that anemia was positively 

associated with diabetic retinopathy 

46 Diagnosed psoriasis Question from the NHANES 

questionnaire: “Have you ever 

been told you have psoriasis?” 

Responses were coded as 1 = 

no, 2 = yes. 

Several studies revealed that psoriasis was 

associated with diabetes (Shapiro et al, 2007; 

Qureshi et al, 2009; Armstrong et al, 2013). A 

similar association between psoriasis and insulin 

resistance was reported by Pereira et al (2011). 

47 Diagnosed celiac 

disease 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have celiac 

disease?” Responses were 

coded as 1 = no, 2 = yes. 

An association between celiac disease and T1DM 

has been reported (Ludvigsson et al, 2006). Also, an 

increased prevalence of diabetes-related 

autoantibodies was reported in celiac disease 

(Rapoport et al, 1996). 

48 Gluten free diet Question from the NHANES 

questionnaire: “Are you on a 

gluten-free diet?” Responses 

were coded as 1 = no, 2 = yes. 

An experimental study found that gluten-free diet 

both delayed and to a large extent prevented 

diabetes in NOD mice that have never been exposed 

to gluten (Funda et al, 1999). Gluten-free diet is 

indicated for celiac disease patients and see no:47 

above regarding its relationship with T1DM. 

49 Diagnosed arthritis Question from the NHANES 

questionnaire: “Did the doctor 

ever say you have arthritis?” 
Responses were coded as 1 = 

no, 2 = yes. 

A positive association between arthritis and 

prediabetes was reported (Okwechime et al, 2015). 

A retrospective study at a rheumatology clinic 

found a higher incidence of prediabetes in patients 

with rheumatic diseases than in patients with other 

diseases and recommended healthcare guidance for 

these high-risk patients to prevent metabolic 

syndrome (Origuchi et al, 2011). 

50 Diagnosed gout Question from the NHANES 

questionnaire: “Did doctor 

ever tell you that you had 

gout?” Responses were coded 

as 1 = no, 2 = yes. 

a high co-prevalence of gout, diabetes and CVD in 

the adult population was reported in a study done by 

Winnard et al (2013). Another study revealed that 

men with gout are at a higher future risk of T2DM 

independent of other known risk factors (Choi et al, 

2008). 

51 Diagnosed 

congestive heart 

failure 

Question from the NHANES 

questionnaire: “Were you ever 

told you had congestive heart 

failure?” Responses were 

coded as 1 = no, 2 = yes. 

Parildar et al (2013) revealed that prediabetes was 

positively associated with hypertension and 

hyperlipidemia. A study of cardiovascular 

physiological changes among prediabetic patients 

revealed that the atrial conduction times, and P 

wave dispersion on surface electrocardiographic 

were longer before the development of overt 

diabetes and the left atrial mechanical functions 
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were also impaired secondary to a deterioration in 

the diastolic functions among them (Gudul et al, 

2017) Another study revealed that, in patients with 

heart failure and reduced ejection fraction, 

dysglycemia is common and prediabetes is 

associated with a higher risk of adverse 

cardiovascular outcomes compared with patients 

with non-prediabetic individuals (Kristensen et al, 

2016). 

52 Diagnosed coronary 

heart disease 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have coronary 

heart disease?” Responses 

were coded as 1 = no, 2 = yes. 

Parildar et al (2013) revealed that prediabetes was 

positively associated with HT and hyperlipidemia. 

A strong association between cardiovascular risk 

factors and confirmed prediabetes was reported by 

Haffner et al (1990). 

53 Diagnosed angina Question from the NHANES 

questionnaire: “Have you ever 

been told you have 

angina/angina pectoris?” 

Responses were coded as 1 = 

no, 2 = yes. 

An association between diabetes and angina pectoris 

was reported in a prospective cohort study 

(Mathenge et al, 2017) 

54 Diagnosed heart 

attack 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have heart 

attack?” Responses were 

coded as 1 = no, 2 = yes. 

Prediabetes and newly diagnosed diabetes were 

found to be highly prevalent in patients with a 

transient ischemic attack or stroke (Fonville et al, 

2013). Parildar et al (2013) showed that prediabetes 

was positively associated with hypertension and 

hyperlipidemia. Naas et al (1998) revealed that QT 

and QTc dispersion are accurate predictors of 

cardiac death in newly diagnosed non-insulin 

dependent diabetes 

55 Diagnosed stroke Question from the NHANES 

questionnaire: “Have you ever 

been told you have a stroke?” 

Responses were coded as 1 = 

no, 2 = yes. 

An association between stroke and prediabetes was 

reported by Lee et al (2012). 

56 Diagnosed 

emphysema 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have 

emphysema?” Responses were 

coded as 1 = no, 2 = yes. 

A study using the Framingham Heart Study data 

revealed a strong adverse effect of glycemic state on 

the pulmonary function (Walter et al, 2003) 

57 Diagnosed thyroid 

disease 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have a thyroid 

problem?” Responses were 

coded as 1 = no, 2 = yes 

Thyroid dysfunction was associated in type 2 

diabetic patients in several studies (Radaideh et al, 

2004; Perros et al, 1995). 

58 Diagnosed chronic 

bronchitis 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have chronic 

bronchitis?” Responses were 

coded as 1 = no, 2 = yes 

See no:56 above. 

59 Diagnosed liver 

disease 

Question from the NHANES 

questionnaire: “Have you ever 

been told you have any liver 

condition?” Responses were 

coded as 1 = no, 2 = yes 

A retrospective cohort study conducted among 

prediabetic patients found that those with non-

alcoholic fatty liver disease(NAFLD) had a 

significantly higher risk of DM than those without 

NAFLD (Nishi et al, 2015). Liver inflammation was 

found to be a risk factor for prediabetes in at-risk 

individuals with and without Hepatitis C infection 
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in a study done by Burman et al (2015). The 

NAFLD independently predicted prediabetes during 

a 7‐year prospective follow‐up (Zelber‐Sagi et al, 

2013) 

60 Diagnosed COPD Question from the NHANES 

questionnaire: “Have you ever 

been told you have COPD?” 

Responses were coded as 1 = 

no, 2 = yes 

An association between COPD and diabetes has 

been reported (Yamane et al, 2013; Stojkovikj et al, 

2016) 

61 Diagnosed jaundice Question from the NHANES 

questionnaire: “Have you ever 

been told you have jaundice?” 

Responses were coded as 1 = 

no, 2 = yes 

See no:59 above. 

A study by Wang, J. et al (2017) revealed that 

serum bilirubin concentrations were positively 

associated with the risk of incident T2DM in 

middle-aged and elderly adults 

62 Diagnosed cancer Question from the NHANES 

questionnaire: “Have you ever 

been told you have cancer or 

malignancy?” Responses were 

coded as 1 = no, 2 = yes 

A study by Huang et al (2014) revealed that 

prediabetes was positively associated with different 

types of cancer as well as overall cancer. Also, an 

association between prediabetes and pancreatic 

cancer was revealed by a meta-analysis (Fu et al., 

2016) 

63 Familial heart attack Question from the NHANES 

questionnaire: “Have any of 

your close relatives ever had 

heart attack?” Responses were 

coded as 1 = no, 2 = yes 

Since cardiovascular disease and complications 

often co-exist with both prediabetes and diabetes, a 

shared risk factor profile at the genetic level for 

both conditions was assumed. A predictive model 

based on genomic data including several novel loci 

and single nucleotide polymorphisms (SNPs) was 

associated with the risk of developing T2DM (Lee 

et al, 2011). Another genetic association study 

suggested that the CDKN2A-rs10811661 

polymorphism, waist-hip ratio, systolic blood 

pressure, and dyslipidemia were significantly 

associated with the increased risk of prediabetes in a 

Vietnamese population (Binh et al, 2015). A cross-

sectional analysis of genetic data demonstrated that 

at least 6 out of 41 genetic variants characteristic of 

individuals with T2DM may also be associated with 

prediabetes. Accumulation of these risk alleles may 

markedly increase the risk for prediabetes (Zyriax et 

al, 2013). 

64 Familial asthma Question from the NHANES 

questionnaire: “Have any of 

your close relatives ever had 

asthma?” Responses were 

coded as 1 = no, 2 = yes 

See no:44 and no:63 above. A familial aggregation 

of the two conditions was speculated. 

 

65 Familial diabetes Question from the NHANES 

questionnaire: “Have any of 

your close relatives had 

diabetes?” Responses were 

coded as 1 = no, 2 = yes 

A community survey in a rural Thai population 

revealed that having a blood relative with diabetes 

was a strong predictor of prediabetes (Lorga et al, 

2012). See also no:63 above. 

66 Advised to lose 

weight 

Question from the NHANES 

questionnaire: “Has doctor 

ever told you to lose weight?” 

Responses were coded as 1 = 

no, 2 = yes 

Prediabetes was positively associated with 

obesity/overweight (Okwechime et al, 2015) 

67 Advised to exercise Question from the NHANES 

questionnaire: “Has doctor 

Independent and combined effects of exercise 

training and pharmacotherapy on insulin sensitivity 
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told you to exercise?” 

Responses were coded as 1 = 

no, 2 = yes 

in prediabetic individuals has been demonstrated 

(Malin et al, 2012). It is reported that pancreatic β-

cell function increases in a linear dose-response 

manner following exercise training in adults with 

prediabetes (Malin et al, 2013) 

68 Advised to reduce 

salt intake 

Question from the NHANES 

questionnaire: “Has doctor 

ever told you to reduce salt in 

diet?” Responses were coded 

as 1 = no, 2 = yes 

Prediabetes was positively associated with HT 

(Okwechime et al, 2015) 

69 Advised to reduce fat 

intake 

Question from the NHANES 

questionnaire: “Has doctor 

told you to reduce 

fat/calories?” Responses were 

coded as 1 = no, 2 = yes  

 

Gholi et al (2016) revealed that both the risk factors 

of CVD and body composition parameters were 

different between the prediabetic and normal 

groups; total cholesterol and triglyceride were 

predictors of the risk of prediabetes. 

70 Managing weight Question from the NHANES 

questionnaire: “Are you now 

controlling or losing weight?” 

Responses were coded as 1 = 

no, 2 = yes 

Prediabetes was found to be positively associated 

with obesity/overweight (Okwechime et al, 2015) 

71 Increasing exercise Question from the NHANES 

questionnaire: “Are you now 

increasing exercise?” 

Responses were coded as 1 = 

no, 2 = yes 

In a biracial cohort comprised of offsprings of 

parents with T2DM, exercise habits correlated with 

measures of adiposity and dyslipidemia and the 

physical activity significantly predicted incident 

dysglycemia during 5.5 years of follow-up. 

(Boucher et al, 2015) 

72 Reducing salt intake Question from the NHANES 

questionnaire: “Are you now 

reducing salt in diet?” 

Responses were coded as 1 = 

no, 2 = yes 

A study revealed that high salt intake increased 

blood pressure and albuminuria in diabetic patients 

with microalbuminuria and the responses were 

associated with insulin resistance and increased 

glomerular pressure leading to the conclusion that 

insulin resistance contributes to higher salt 

sensitivity glomerular pressure & albuminuria 

(Vedovato et al, 2004). 

73 Reducing fat intake Question from the NHANES 

questionnaire: “Are you now 

reducing fat in diet?” 

Responses were coded as 1 = 

no, 2 = yes 

Davis et al (2013) revealed that an intensive 

lifestyle intervention can result in long-term 

changes in dietary behavior and the initial success in 

achieving reductions in fat and caloric intake 

predicted long-term success at maintaining changes. 

74 Duration of 

sedentary activity 

The duration of sedentary 

activity in minutes 

Anjana et al (2015) revealed that physical inactivity 

was a predictor of dysglycemia. Another study 

reported that physical inactivity was an independent 

predictor of incident diabetes (Longo-Mbenza et al, 

2010) 

75 Duration of watching 

TV 

Duration of watching TV or 

videos past 30 days in hours. 

Responses were recoded as: 0 

– don’t watch TV/less than 1 

hour, 1 = 1 hour, 2 = 2 hours, 

3 = 3 hours, 4 = 4 hours, 5 = 5 

hours or more 

See no:74 above 

76 Duration of 

computer use 

Duration of using computer 

past 30 days in hours. 
Responses were recoded as: 0 

– don’t use a computer outside 

See no:74 above 
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of school /less than 1 hour, 1 = 

1 hour, 2 = 2 hours, 3 = 3 

hours, 4 = 4 hours, 5 = 5 hours 

or more 

77 Duration of sleep Question from the NHANES 

questionnaire: “How much 

sleep do you get (hours)?” 

Responses range 2-11 and 

12/more hours, coded 

accordingly 

Physical inactivity was a predictor of dysglycemia 
as per Anjana et al (2015). A cross-sectional study 

revealed that nearly 25% of patients with T2DM 

were diagnosed with a sleep disorder and over 75% 

reported experiencing at least one sleep symptom 

regularly (Gupta & Wang, 2016). A systematic 

review and meta-analysis found that sleep 

disturbances [short (<6 h) and long (>8 h) sleeping 

time, insomnia, obstructive sleep apnea and 

abnormal sleep timing] were associated with 

incident diabetes (Anothaisintawee et al, 2016). A 

prospective cohort study showed that people with 

regular sleep disorders, people with short and long 

sleep duration, but not regular daytime nappers are 

at increased risk of diabetes. Furthermore, regular 

sleep disorders were associated with an increased 

risk of prediabetes (Kowall et al, 2016) 

78 Ever smoking Question from the NHANES 

questionnaire: “Have you 

smoked at least 100 cigarettes 

in life?” Responses were 

coded as 1 = no, 2 = yes 

 

A birth cohort analysis of the high-risk glycated 

hemoglobin trajectories established by mid-20s 

reported that being a smoker at age 26 predicted 

membership of the least favorable trajectory over 

the next 12 years (Shearer et al, 2016). 

79 Number of smokers 

in the household 

Number of people living in the 

household that smoke tobacco. 

Responses ranged from: 0-

3/more and were coded 

accordingly 

A population-based cohort study showed that both 

passive and active smoking are associated with 

T2DM (Kowall et al, 2010). 

80 Past smoking Question from the NHANES 

questionnaire: “Have you 

smoked tobacco last 5 days?” 

Responses were coded as 1 = 

no, 2 = yes  

A cross-sectional study revealed that smoking is 

strongly associated with pre-diabetes in young 

adults with a low burden of smoking exposure and 

underscored nicotine dependence could be a 

potential mechanism of this relationship 

(Aeschbacher et al, 2014). 

81 Past smokeless 

tobacco use 

Question from the NHANES 

questionnaire: “Have you used 

smokeless tobacco last 5 

days?” Responses were coded 

as 1 = no, 2 = yes 

A prospective cohort study showed that high 

consumption of snus (a form of smokeless tobacco) 

predicts risk of developing T2D which may be 

mediated by effects on beta-cell function (Östenson 

et al, 2012) 

82 Past any tobacco use Question from the NHANES 

questionnaire: Have you used 

any tobacco product last 5 

days?” Responses were coded 

as 1 = no, 2 = yes 

See no: 78-81 above 

Physiological and biochemical variables  

83 Pulse rate 60 sec. pulse (30 sec. pulse * 

2) 

A study reported that aortic pulse wave velocity is a 

strong independent predictor of mortality in diabetes 

and may represent a useful integrated index of 

vascular status and hence cardiovascular risk 

(Cruickshank et al, 2002). Another study found that 

diabetes adversely affects left ventricular structure 

and function independently of increases in BMI and 
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blood pressure (Devereux et al, 2000). 

84 Pulse character Is the pulse regular or 

irregular? Responses were 

coded as 1 = no, 2 = yes 

 

Persons with diabetes or borderline glucose 

intolerance were found to have stiffer arteries than 

their counterparts with normal glucose tolerance and 

the decreased elasticity was independent of artery 

wall thickness by a study done by Salomaa et al 

(1995).  

85 Body mass index Body Mass Index (kg/m**2) Okwechime et al (2015) found that 

obesity/overweight was positively associated with 

prediabetes. Haghighatdoost et al (2017) found a 

similar positive association with diabetes. 

86 Arm circumference Arm Circumference (cm) Prediabetes was positively associated with 

obesity/overweight in a study done by Okwechime 

et al (2015). Mid-upper arm circumference is a 

proxy indicator of overweight/obesity 

87 Waist 

circumference 

Waist Circumference (cm) 

 

The World Health Organization (2011) 

recommended the use of waist circumference 

over arm circumference as a risk indicator of 

chronic diseases including diabetes. Okwechime 

et al (2015) found a positive association between 

obesity/overweight and prediabetes. 

Haghighatdoost et al (2017) revealed a similar 

positive association with diabetes. Lorga et al 

(2012) found a positive association between 

impaired fasting plasma glucose status, which is 

a precursor stage of diabetes, and waist 

circumference. A study by Bassareo et al (2013) 

revealed that waist circumference was a better 

risk indicator of hypertension than arm 

circumference. 

88 Sagittal abdominal 

diameter 

Average Sagittal Abdominal 

Diameter (cm) 

Sagittal abdominal diameter was found to be a 

strong anthropometric marker of insulin resistance 

and hyperproinsulinemia in obese men in a study 

done by Risérus et al (2004) 

89 Toxoplasmosis IgG 

antibodies 

Toxoplasmosis IgG antibodies 

(IU/ml) 

A meta-analysis suggested chronic toxoplasmosis as 

a possible risk factor for T2DM. However, based on 

random effects model, no statistically significant 

association was observed between T. gondii and 

T1DM (Majidiani et al, 2016) 

90 Toxoplasmosis IgM 

antibodies 

Toxoplasmosis IgM antibodies See no: 89 above 

91 Urinary albumin Albumin, urine (ug/mL) A longitudinal study revealed that albuminuria is 

positively associated with the conversion from 

prediabetes to diabetes (Wang et al, 2010).  

92 Urinary creatinine Creatinine, urine (mg/dL) A prospective cohort study revealed that an elevated 

albumin: creatinine ratio is associated with higher 

creatinine, insulin resistance, and 

cytokine levels and lower 25-hydroxy vitamin D 

levels in prediabetic individuals. Microalbuminuria 

is associated with decreased reversal to 

normoglycemia and increased progression to 

diabetes.  Low 25-hydroxy vitamin D may be 

associated with increased progression to diabetes, 

perhaps via modulation of the albumin: creatinine 

ratio (Dutta et al, 2014) 

93 Urinary albumin Albumin creatinine ratio See 92 above 
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creatinine ratio (mg/g) 

94 HDL Direct HDL-Cholesterol 

(mg/dL) 

Franks et al (2007) reported that HDL level is 

inversely associated with diabetes. Low HDL level 

was a risk factor of diabetes as per Karim et al 

(2013). 

95 Cholesterol Total Cholesterol (mg/dL) Prediabetes was found to be positively associated 

with hypercholesterolemia (Okwechime et al, 

2015). Another study reported that prediabetes is 

positively associated with coronary atherosclerosis 
(Kurihara et al, 2013) 

96 WBC count White blood cell count (1000 

cells/uL) 

A follow-up study by Twig et al (2013) revealed 

that high WBC count is an independent risk 

factor for diabetes at values well within the 

normal range. A meta-analysis of observational 

studies by Gkrania-Klotsas et al (2010) revealed 

a positive association between WBC count and 

T2DM. Vozarova et al (2002) found in a 

longitudinal study that high WBC count is 

associated with worsening insulin sensitivity and 

predicts the development of T2DM.  

97 Lymphocytes count Lymphocyte number (1000 

cells/uL) 

An association between elevated lymphocyte count 

and T2DM was reported by Gkrania-Klotsas et al 

(2010) in their meta-analysis 

98 Monocytes count Monocyte number (1000 

cells/uL) 

Bulum et al (2014) reported an inverse 

association between the monocyte count and the 

risk of insulin resistance in T1DM. Gkrania-

Klotsas et al (2010) revealed a negative 

association albeit non-significant, between 

monocytes count and T2DM. 

 

99 Neutrophils count Segmented neutrophils num 

(1000 cell/uL) 

An increased neutrophil count was associated with 

T2DM in a meta-analysis done by Gkrania-Klotsas 

et al (2010). 

100 Eosinophils count Eosinophils number (1000 

cells/uL) 

An increased granulocyte count was associated with 

diabetes (Gkrania-Klotsas et al, 2010) 

101 Basophils count Basophils number (1000 

cells/uL) 

An increased granulocyte count was associated with 

diabetes (Gkrania-Klotsas et al, 2010) 

102 RBC count Red blood cell count (million 

cells/uL) 

Simmons (2010) found that an increased red cell 

count is present in diabetes precursor states, 

namely, pre-diabetes, obesity, and the metabolic 

syndrome which could be partially explained by 

an elevated HbA1c level. In contrast, a lowered 

RBC count was reported in overt or untreated 

diabetes (Lin et al, 2014; Al Shehri, 2017; Wang 

et al, 2013) and possible pathophysiological 

mechanisms were presented. 

103 Hematocrit Hematocrit (%) Meisinger et al (2014) found prediabetes and 

other precursor stages of diabetes were positively 

associated with an elevated hematocrit. Ziaee et 

al (2017) revealed that hematological indices are 

markers of vascular complication and glycemic 

control in T2DM patients. Tulloch-Reid et al 

(2004) found that an elevated hematocrit is 

associated with higher risk of incident T2DM, 

possibly mediated through an association with 

insulin resistance. Nakanishi et al (2004) and 
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Tamariz et al (2008) reported a linear association 

of hematocrit level with the risk of incident 

T2DM. 

104 Hemoglobin Serum hemoglobin (g/dL) Anemia is positively associated with diabetic 

retinopathy (Davis et al, 2017). A study on the 

association between mean arterial blood pressure 

and blood viscosity in children with T1DM and 

healthy controls revealed that non-diabetic children 

compensate for the increase in vascular resistance 

due to increased blood viscosity (increased 

emoglobin and hematocrit) while diabetic children 

do not, probably due to endothelial dysfunction 

(Salazar Vázquez et al, 2010). Another study 

reported that elevated blood viscosity and 

hematocrit were found to be emerging risk factors 

for insulin resistance and T2DM (Tamariz et al, 

2008). A study by Li et al (2017) revealed that high 

hemoglobin and hematocrit are associated with 

triglycerides, low-density lipoprotein and high-

density lipoprotein and negatively associated with 

diabetes, in patients at righ Risk of coronary artery 

disease. 

105 Platelet count Platelet count (1000 cells/uL) A Japanese study reported that platelet count is 

independently associated with insulin resistance in 

non-obese type 2 diabetic patients (Taniguchi et al, 

2003) 

106 Hepatitis A antibody Hepatitis A antibody. 

Responses were dichotomized 

as 1 = negative, 2 = 

intermediate/positive 

 

See no: 35 above. Liver inflammation was found to 

be a risk factor for prediabetes in at-risk Latinos 

with and without Hepatitis C infection indicating 

liver inflammation, regardless of the type of 

hepatitis infection, may trigger prediabetes (Burman 

et al, 2015) 

107 Hepatitis B core 

antibody 

Hepatitis B core antibody. 

Responses were coded as 1 = 

negative, 2 = positive 

See no:26 and no:36 above. 

108 Hepatitis B surface 

antigen 

Hepatitis B surface antigen. 

Responses were coded as 1 = 

negative, 2 = positive 

 

See no: 26 and no: 36 above 

109 Hepatitis D Hepatitis D (anti-HDV). 

Responses were coded as 1 = 

negative, 2 = positive 

See no: 106 above 

110 Hepatitis B surface 

antibody 

Hepatitis B Surface Antibody. 

Responses were coded as 1 = 

negative, 2 = positive 

See no: 26 and no:36 above 

111 Hepatitis E IgG Hepatitis E IgG (anti-HEV). 

Responses were coded as 1 = 

negative, 2 = positive 

See no: 106 above. A study reported that diabetic 

patients are prone to develop severe hepatitis and 

liver failure due to hepatitis virus infection (Singh et 

al, 2013). 

112 Hepatitis E IgM Hepatitis E IgM (anti-HEV). 

Responses were coded as 1 = 

negative, 2 = positive 

See no: 111 above 

113 Alkaline phosphatase Serum alkaline phosphatase 

(IU/L) 

Elevation of serum alkaline phosphatase activity 

and related enzymes in diabetes was reported 

(Goldberg et al, 1977; Maxwell et al, 1986) 
supporting an association between the severity of 
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diabetes and diabetic bone disease.  

114 Aspartate 

aminotransferase 

Serum aspartate 

aminotransferase AST 

(IU/L) 

Al-Jameil et al (2014) found that elevated ALT 

and GGT were significantly, whereas elevated 

AST was only marginally, positively associated 

with T2DM. 

115 Alanine 

aminotransferase 

Serum alanine 

aminotransferase ALT 

(IU/L) 

Fei et al (2012) reported that elevated serum 

ALT and GGT were positively associated with 

prediabetes and insulin resistance. Nguyen et al 

(2011) found that elevated ALT and GGT levels 

could be potential biomarkers of risk of incident 

prediabetes and diabetes. Ko et al (2015) found 

that elevated GGT and ALT and lower 

AST/ALT within the physiological range were 

independent, additive risk factors of T2DM and 

IFG; a precursor stage of overt diabetes. 

Kubo et al (2007) reported that serum GGT and 

ALT concentrations are strong predictors of 

diabetes in the general population, independent 

of known risk factors. Yokota et al (2017) found 

in a predictive modelling study that elevated 

ALT was a significant, independent predictor of 

conversion from prediabetes to diabetes. 

 

116 Bicarbonate Plasma bicarbonate (mmol/L) Electrolyte and acid–base disturbances are observed 

in diabetic patients (Palmer & Clegg, 2015). A 

study reported that low urine pH is an independent 

predictor of diabetes and can be an easy practical 

marker for diabetes (Hashimoto et al, 2017). 

117 Calcium Serum total calcium (mg/dL) Rooney et al (2016) found that elevated serum 

calcium was associated with a greater risk of 

T2DM. Suh et al (2017) revealed that the 

elevation of albumin-adjusted serum calcium 

levels was associated with an increased risk of 

T2DM, independent of baseline glycemic status. 

A meta-analysis conducted by Sing et al (2016) 
found that elevated serum calcium concentration 

is associated with incident diabetes. Fu et al 

(2015) revealed that the prevalence of diabetes 

increased significantly with serum calcium level. 

However, Zaccardi et al (2015) observed no such 

association between direct measurement of active 

calcium and risk of T2DM. 

 

118 Creatine 

phosphokinase 

Serum creatine 

phosphokinase(CPK) (IU/L) 

Elevated serum creatine phosphokinase levels are 

observed in patients with skeletal muscle infarction 

induced by diabetes (Grigoriadis et al, 2000). 

Compartmentation of hexokinase and creatine 

phosphokinase is regulated by insulin (Bessman & 

Geiger, 1980). 

119 Chloride Blood chloride (mmol/L) Electrolyte and acid–base disturbances are observed 

in diabetic patients (Palmer & Clegg, 2015). 

120 Creatinine Serum creatinine (mg/dL) Glomerular hyperfiltration was reported in 

prediabetes and prehypertension in a study which 

used serum creatinine to determine the glomerular 

filtration rate (Okada et al, 2011).  Another study 

found that uurinary albumin: creatinine ratio 
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predicts prediabetes progression to diabetes and 

reversal to normoglycemia (Dutta et al, 2014). 

121 Globulin Serum globulin (g/dL) A study found that low sex hormone-binding 

globulin levels are associated with prediabetes in 

Chinese men independent of total testosterone (Zhu 

et al, 2016). In another study decreased IgG and 

IgM, and increased IgA levels were independently 

associated with the prevalence of T2DM among the 

adult population indicating that the 

immunoglobulins might be useful predictive factors 

for T2DM in the general adult population (Guo et 

al, 2016). An association between immunoglobulin 

concentrations and prediabetes prevalence was 

reported in a large Chinese cohort (Wang, H. et al, 

2017). 

122 Gamma glutamyl 

transferase 

Serum gamma glutamyl 

transferase (U/L) 

See also ALT. A Mendelian randomization study 

by Lee et al (2016) found weak genetic evidence 

that GGT levels may have a causal role in the 

development of T2DM. Another Mendelian 

randomization study by Conen et al (2010) 

however found evidence for a direct causal 

relation of GGT with fasting insulin. André et al 

(2007) found GGT, a predictor of type 2 diabetes, 

was associated with a risk of incident metabolic 

syndrome and that the association was mainly 

related with insulin resistance but was 

independent of other confounding factors. 

123 Iron Iron, refrigerated serum 

(ug/dL) 

Mildly elevated body iron stores are associated with 

statistically significant elevations in glucose 

homeostasis indexes (Tuomainen et al, 1997). 

Serum ferritin was found to be a biomarker of 

clinically incident diabetes in a study done by 

Salomaa et al (2010). 

124 Potassium Serum potassium (mmol/L) Meisinger et al (2013) revealed that serum 

potassium levels were independently associated 

with prediabetes. Chatterjee et al (2010) found 

that low serum potassium level is an independent 

predictor of incident diabetes. Chatterjee et al 

(2011) reviewed literature on the association 

between the low serum and dietary potassium 

levels and incident diabetes. Heianza et al (2011) 

revealed mild to moderately low serum 

potassium levels, within the normal range and 

without frank hypokalaemia, could be predictive 

of T2DM in apparently healthy Japanese men. 

125 Lactate 

dehydrogenase 

Serum lactate dehydrogenase 

(U/L) 

 

An experimental study revealed that acute 

overexpression of lactate dehydrogenase-A perturbs 

cell mitochondrial metabolism and insulin secretion 

(Ainscow et al, 2000). Elevated salivary lactate 

dehydrogenase levels were detected in diabetic 

patients (Musumeci et al, 1993). 

126 Sodium Plasma sodium (mmol/L) Electrolyte and acid–base disturbances are observed 

in diabetic patients (Palmer & Clegg, 2015). Inverse 

distributions of serum sodium and potassium were 

observed in uncontrolled diabetic in-patients (Saito 

et al, 1999). Diabetes is associated with both hypo- 
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and hyper-natremia demonstrating the coexistence 

of varying hyperglycemia-related mechanisms 

(Liamis et al, 2014). 

127 Osmolality Osmolality (mmol/Kg) Salazar Vázquez et al (2010) found that normal 

children compensate for the increase in vascular 

resistance due to increased blood viscosity 

(increased hemoglobin and hematocrit) while 

diabetic children do not, probably due to 

endothelial dysfunction indicating a direct 

correlation between blood pressure and blood 

viscosity in diabetes type 1 children but not in 

normal. Irace et al (2014) found a direct 

relationship between blood viscosity and blood 

glucose in nondiabetic subjects and that even 

within glucose values considered completely 

normal, individuals with higher blood glucose 

levels have increased blood viscosity comparable 

with that observed in subjects with prediabetes. 

Marini et al (2017) showed that individuals with 

HbA1c-defined prediabetes have increased 

predicted blood viscosity. 

128 Phosphorus Serum phosphorus (mg/dL) Disturbance of inorganic phosphate metabolism are 

observed in diabetes and clinical manifestations of 

phosphorus-depletion syndrome may be seen during 

recovery from diabetic ketoacidosis (Ditzel et al, 

2010). An inverse association was reported between 

serum phosphorus levels and diabetes in adults 

(Fang & Li, 2016) 

129 Bilirubin Total bilirubin (mg/dL) Serum bilirubin is positively associated with 

incident diabetes (Lee et al, 2017) 

130 Protein Total protein (g/dL)  A matched case-control study reported that total 

protein levels were statistically significantly 

increased compared to controls in diabetic patients 

(Venkataramana et al, 2013). Increased levels of 

acute-phase serum proteins are observed in diabetes 

(McMillan, 1989). The assay for glucosylated serum 

protein is a sensitive indicator of the degree of 

hyperglycemia in diabetes (McFarland et al, 1979).  

131 Triglyceride Triglycerides, refrigerated 

(mg/dL) 

Deepa et al (2015) found that high cholesterol, 

high triglyceride, and low HDL cholesterol levels 

were each independently associated with both 

prediabetes and diabetes. Al-Aubaidy & Jelinek 

(2014) found oxidative stress and triglycerides 

were predictors of subclinical atherosclerosis in 

prediabetes. Gao et al (2017) found that the 

aggravation of serum triglyceride level was 

related to diabetic progression. Abbasi et al 

(2016) found that fasting TG concentration in 

individuals with prediabetes is a marker of high 

risk for insulin resistance, CHD, and diabetes. 

Akehi et al (2010) found that elevated levels of 

GGT, TC and TG are good clinical markers to 

predict diabetic risks, even in young NGT males. 

Calanna et al (2014) found that subjects with 

HbA1c-defined prediabetes and type 2 diabetes, 

respectively, are characterized by abnormalities 



91 
 

in lipid profile and liver steatosis, thus exhibiting 

a severe risk profile for cardiovascular and liver 

diseases. Hilawe et al (2016) revealed that 

elevated TG level is a significant predictor of 

diabetes.  Okwechime et al, 2015 found 

significant positive associations between 

hypercholesterolemia and prediabetes and 

diabetes both. 

 

132 Serum uric acid 

(SUA) 

Uric acid (mg/dL) Anothaisintawee et al (2017) found that an 

increase in SUA was directly and indirectly 

associated with increased FPG but the effect of 

SUA on HbA1c was shown when it was mediated 

through waist circumference (WC). Vučak et al 

(2012) found a positive association between 

hyperuricemia and prediabetes. Chu et al (2017) 

found that there was a remarkable association of 

uric acid calculi with prediabetic and diabetic 

states. Zhang, Q. et al (2016) revealed that mean 

SUA value was strongly and positively related to 

prediabetes risk and showed better predictive 

ability for prediabetes than baseline SUA. Jia et 

al (2013) reported that SUA levels are positively 

associated with incidence of IFG and T2DM, and 

the association might be nonlinear. Van Der 

Schaft et al (2017) reported findings that were 

consistent with the notion that serum uric acid is 

more closely related to early-phase mechanisms 

in the development of type 2 diabetes mellitus 

than late-phase mechanisms. 

133 Tissue 

transglutaminase 

Tissue transglutaminase (IgA 

TTG); Dichotomized as 

negative versus 

positive/weakly positive 

An association between prevalence of tissue 

transglutaminase IgA antibodies and T1DM is 

reported (Gabriel et al, 2011). 

134 Vitamin B12 level Vitamin B12(pg/mL) The B group vitamins, thiamin, pyridoxine, and 

biotin have been found decreased in T2DM patients, 

but the mechanism is inconclusive (Valdés-Ramos 

et al, 2015). Amer et al (2015) investigated link 

between vitamin B12, T2DM, and bone mineral 

density in elderly patients 

Newly created/modified/composite variables 

135 Education Codes were ascribed as 

follows: 1 = < 9th grade, 2 = 9-

11 grade, 3 = high school, 4 = 

college/ AA degree/ college 

graduate/ above 

A study on the impact of socio-economic factors on 

diabetes found a significant inverse relationship 

between maternal education and diabetes in late life 

of adult offspring. Individuals with better educated 

mothers have a lower risk of being diabetic after age 

50. This relationship remains after controlling for 

other childhood and adult risk factors (Kohler & 

Soldo, 2005). Socio-economic factors are strong 

predictors of health-related quality of life among 

diabetic patients (Shamshirgaran et al, 2014). Lower 

educational level is a predictor of incident type 2 

diabetes in European countries (Sacerdote et al, 

2012) 

136 Processed food 

expenditure 

Money spent on junk food as a 

ratio of total expenditure per 

Among offsprings of parents with T2DM, self-

reported dietary habits correlate with measures of 
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month. Calculated as follows: 

(CBD120 + CBD 130)/ 

(CBD070 + CBD090 + 

CBD110 + CBD120 + 

CBD130)  

Variables: CBD120 = Money 

spent on eating out past 30 

days, CBD130 = Money spent 

on carryout/delivered foods 
past 30 days, CBD070 = 

Money spent at 

supermarket/grocery store past 

30 days, CBD090 = Money 

spent on nonfood items past 

30 days, CBD110 = Money 

spent on food at other stores 
past 30 days 

adiposity and dyslipidemia (Boucher et al, 2015). 

Rising consumption of refined carbohydrate and 

decreasing intakes of fiber paralleled the upward 

trend in the prevalence of T2DM in the US during 

the 20th century (Gross et al, 2004). A meta-

analysis revealed that processed meat intake is a 

dietary risk factor for diabetes (Micha et al, 2010). 

137 Creatine kinase A dichotomous variable was 

created as follows: 

1 = no: If responded “no” to 

all the 4 questions below 

2 = yes: If responded “yes” to 

any one or more or all the 4 

questions below;  

Last 3 days strenuous exercise 

= yes OR exercise made 

muscles sore/painful = yes OR 

injury made muscles 

sore/painful = yes OR other 

muscle pain/soreness last 3 

days = yes 

 

Creatine kinase, a biomarker of muscular injury, is 

positively associated with diabetes (Jevrić-Čaušević 

et al, 2006; Lazarov et al, 1990). Bartlett et al 

(2017) revealed an association of the composite 

inflammatory biomarker GlycA, with exercise-

induced changes in body habitus of prediabetic 

individuals. 

138 Number of processed 

food meals 

Sum of the number of meals 

not home prepared (i.e. 

prepared in places such as 

restaurants, fast food places, 

food stands or from vending 

machines), the number of 

ready to eat foods, and the 

number of frozen meals/pizza 

during the past 30 days 

Calculated by summing up the 

following variables: 

(DBD895*4) + DBD905 + 

DBD910 

DBD895 = # of meals not 

home prepared last 7 days * 4, 

DBD905 = # of ready-to-eat 

foods in past 30 days, 

DBD910 = # of frozen 

meals/pizza in past 30 days 

NB: Since DBD895 gives the 

number of meals not home 

prepared last 7 days, the figure 

was multiplied by 4 to 

estimate the monthly figure. 

See no:136 above 
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139 Disability A new variable was created as 

follows:  

1 = no; If responded “no” to 

all the 6 questions below 

2 = yes: If responded “yes” to 

any one or more or all the 6 

questions; Have serious 

difficulty hearing, Have 

serious difficulty seeing, Have 

serious difficulty 

concentrating, Have serious 

difficulty walking, Have 

difficulty dressing or bathing, 

and Have difficulty doing 

errands alone 

Corresponding NHANES 

variables: DLQ010 = Do you 

have serious difficulty 

hearing? DLQ020 = Do you 

have serious difficulty seeing? 

DLQ040 = Do you have 

serious difficulty 

concentrating? DLQ050 = Do 

you have serious difficulty 

walking? DLQ060 = Do you 

have difficulty dressing or 

bathing? DLQ080 = Do you 

have difficulty doing errands 

alone? 

Functional disability and depressive symptoms were 

strongly associated with diabetes (Kalyani et al, 

2017) 

140 HPV vaccination NHANES database provides 

HPV vaccination history for 

male and female participants 

separately. A new 

dichotomous variable (1 = no, 

2 = yes) was created by 

merging the responses to the 

two variables IMQ040 

(females’ self-reported HPV 

vaccination history) and 

IMQ070 (males’ self-reported 

HPV vaccination history) 

A positive association between genital warts and 

diabetes has been reported (Yong et al, 2010). Also, 

an association between diabetes/hyperglycemia and 

the prognosis of cervical cancer patients was found 

by a meta-analysis (Chen et al, 2017). 

141 Urine leakage A dichotomous variable was 

created as follows:  

1 = no; If responded “no” to 

all the 3 questions below 

2 = yes: If responded yes to 

any one or more or all the 3 

questions; Leak urine during 

physical activities, Urinated 

before reaching the toilet, 

Leak urine during nonphysical 

activities 

Corresponding NHANES 

variables: KIQ042 = During 

the past 12 months, have you 

leaked urine during physical 

See no:42 
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activity? KIQ044 = During the 

past 12 months, have you 

urinated before you could 

reach the toilet? KIQ046 = 
During the past 12 months, 

have you leaked urine during 

non-physical activities? 

142 Depression The NHANES uses the Patient 

Health Questionnaire 

(Kroenke & Spitzer, 2002; 

Kroenke et al, 2001), a 9-item 

depression screening tool, to 

determine the prevalence of 

depression. Response 

categories for the nine-item 

instrument "not at all," 

"several days," "more than 

half the days," and "nearly 

every day" are given a score 

ranging from 0 to 3. The 

DSM-IV depression 

diagnostic criteria (Spitzer et 

al.1999) can be used along 

with the tool to categorize into 

groups as follows: Depression 

severity: 0-4 none, 5-9 mild, 

10-14 moderate, 15-19 

moderately severe, 20-27 

severe. However, in the 

present study, the depression 

screening score was included 

as a continuous variable. 

Comorbid depression was found to be a predictor of 

health-related quality of life among people with 

T2DM (Shamshirgaran et al, 2014). Another study 

revealed that depression and anxiety were 

simultaneous predictors of diabetes incidence 

(Khambaty et al, 2017). Also, comorbid depression 

and functional disability were associated with 

diabetes (Kalyani et al, 2017) 

143 Pesticide A dichotomous variable was 

created as follows:  

1 = no: If responded “no” to 

both questions below 

2 = yes: If responded “yes” to 

either of the 2 questions; 

products used in home to 

control insects, products used 

to kill weeds 

Corresponding NHANES 

variables are: PUQ100 = Were 

any chemical products used in 

your home to control fleas, 

roaches, ants, termites, or 

other insects past 7 days? 

PUQ110 = Were any chemical 

products used in your lawn or 

garden to kill weeds past 7 

days? 

Pesticide use, especially organochlorine and 

organophosphate insecticides, were positively 

associated with incident diabetes in a prospective 

cohort study (Montgomery et al, 2008). 

Associations between biomarkers of pesticide 

exposure and diabetes were revealed in a study 

based on the NHANES 1999–2004 data (Everett & 

Matheson, 2010). 

144 Vigorous activity A dichotomous variable was 

created as follows: 

1 = no: If responded “no” to 

both questions below 

2 = yes: If responded “yes” 

Jung et al (2015) found that high-intensity 

interval training is an efficacious alternative to 

moderate-intensity continuous training for adults 

with prediabetes. Malin et al, 2012 revealed 

independent and combined effects of exercise 
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to any one or both the 

questions pertaining to; 

vigorous work activity, 

vigorous recreational 

activities 

Corresponding NHANES 

variables: PAQ605 = Does 

your work involve vigorous-

intensity activity that causes 

large increases in breathing 

or heart rate like carrying or 

lifting heavy loads, digging 

or construction work for at 

least 10 minutes 

continuously? PAQ650 = In 

a typical week do you do any 

vigorous-intensity sports, 

fitness, or recreational 

activities that cause large 

increases in breathing or 

heart rate like running or 

basketball for at least 10 

minutes continuously? 

training and metformin on insulin sensitivity in 

prediabetic individuals. Earnest (2008) proposed 

exercise interval training as an improved 

stimulus for improving the physiology of 

prediabetes. Liu et al (2013) found that exercise 

interventions may reverse vascular endothelium-

dependent dysfunction in middle-aged patients 

with impaired glucose tolerance providing direct 

clinical evidence supporting the use of exercise 

intervention to prevent diabetes during the early 

stage. Anjana et al (2015) found that physical 

inactivity is a predictor of progression to 

dysglycemia in a population-based Asian-Indian 

cohort. Boucher et al (2015) found that among 

African-American and Caucasian offspring of 

parents with T2DM, self-reported dietary and 

exercise habits correlated with measures of 

adiposity and dyslipidemia; however, physical 

activity, but not dietary recall, significantly 

predicted incident dysglycemia during 5.5 years 

of follow-up. 

145 Moderate activity A dichotomous variable was 

created as follows: 

1 = no: If responded “no” to 

both questions below 

 2 = yes: If responded “yes” to 

any one or both the questions 

pertaining to; moderate work 

activity, moderate recreational 

activities 

Corresponding NHANES 

variables: PAQ620 = Does 

your work involve moderate-

intensity activity that causes 

small increases in breathing or 

heart rate such as brisk 

walking or carrying light loads 

for at least 10 minutes 

continuously?  

PAQ665 = In a typical week 

do you do any moderate-

intensity sports, fitness, or 

recreational activities that 

cause a small increase in 

breathing or heart rate such as 

brisk walking, bicycling, 

swimming, or volleyball for at 

least 10 minutes continuously? 

Physical inactivity is a predictor of progression to 

dysglycemia (Anjana et al, 2015). Exercise habits 

correlate with measures of adiposity and 

dyslipidemia and physical inactivity is a predictor of 

incident dysglycemia (Boucher et al, 2015). 

146 Functional limitation A dichotomous variable was 

created as follows: 

1 = no; If responded “no” to 

all the questions below 

2 = yes: If responded “yes” to 

any of the questions pertaining 

See no:142, no:144, and no:145 above. Frailty is an 

independent risk factor for incident T2DM in the 

elderly (Veronese et al, 2016). 
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to: Crawl, walk, run, play 

limitations; Impairment 

requiring special equipment; 

Limitations keeping you from 

working; Limited in amount of 

work you can do; Need special 

equipment to walk; 

Experience confusion/memory 

problems; Physical, mental, 

emotional limitations 

Corresponding NHANES 

variables:  

PFQ020 = Do you have an 

impairment or health problem 

that limits your ability to walk, 

run or play? 

PFQ033 = Do you have any 

impairment or health problem 

that requires you to use special 

equipment, such as a brace, a 

wheelchair, or a hearing aid? 

PFQ049 = Does a physical, 

mental or emotional problem 

now keep you from working at 

a job or business? 

PFQ051 = Are you/ limited in 

the kind or amount of work 

you can do because of a 

physical, mental, or emotional 

problem? 

PFQ054 = Because of a health 

problem, do you have 

difficulty walking without 

using any special equipment? 

PFQ057 = Are you limited in 

any way because of difficulty 

remembering or because you 

experience periods of 

confusion? 

PFQ059 = Are you limited in 

any way in any activity 

because of a physical, mental, 

or emotional problem? 

147 Sleeping trouble A dichotomous variable was 

created as follows: 

1 = no: If responded “no” to 

both SLQ050 and SLQ060 

2 = yes: If responded “yes” to 

either SLQ050 or SLQ060 

Relevant NHANES variables: 

SLQ050 = Have you ever told 

a doctor or other health 

professional that you have 

trouble sleeping? 

SLQ060 = Have you ever 

been told by a doctor or other 

See no:77 above 
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health professional that you 

have a sleep disorder? 

 

148 Secondhand smoking A dichotomous variable was 

created as follows: 

1 = no: If responded “no” to 

all questions below 

2 = yes: If responded “yes” to 

one or more or all 6 questions; 

SMQ858, SMQ862, SMQ868, 

SMQ872, SMQ876, SMQ880 

Relevant NHANES variables: 

SMQ858 = Last 7 days, while 

you were working at a job or 

business outside of the home, 

did someone else smoke 

cigarettes or other tobacco 

products indoors? 

SMQ862 = Last 7 days, while 

you were in a restaurant, did 

someone else smoke cigarettes 

or other tobacco products 

indoors? 

SMQ868 = Last 7 days, while 

you were in a bar, did 

someone else smoke cigarettes 

or other tobacco products 

indoors? 

SMQ872 = Last 7 days, while 

you were riding in a car or 

motor vehicle, did someone 

else smoke cigarettes or other 

tobacco products? 

SMQ876 = Last 7 days, while 

you were in a home other than 

your own, did someone else 

smoke cigarettes or other 

tobacco products indoors? 

SMQ880 = Last 7 days, while 

you were in the other indoor 

area, did someone else smoke 

cigarettes or other tobacco 

products? 

See no:78, no:79 and no:80 above. Both firsthand 

and secondhand smoking are risk factors of T2DM. 

The risk of diabetes is elevated in new quitters but 

decreases substantially as the time since quitting 

increases (Pan et al, 2015). 

149 Gestational DM NHANES question RHQ162: 

During your pregnancy, were 

you ever told by a doctor or 

other health professional that 

you had diabetes, sugar 

diabetes or gestational 

diabetes?  

Responses were recoded as 1 

= no, 2 = borderline/yes 

Since the responses for this 

question were collected only 

from females 20 years of age 

and above, the multiple 

A question on gestational DM is included in the 

ADA prediabetes screening tool as it is a well-

established risk factor for prediabetes (ADA 

diabetes screening test, 2018). Gestational DM was 

found to be a risk factor for subsequent 

development of prediabetes/diabetes and a 

hyperglycemic intrauterine environment seemed to 

be involved in the pathogenesis (Clausen et al, 

2008). 
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imputation was performed for 

missing data among that target 

group. Other missing data 

were categorized as “no” 

150 Overweight baby at 

birth 

NHANES question RHQ172: 

Did your delivery/Did any of 

your deliveries result in a baby 

that weighed 9 pounds (4082 

g) or more at birth? 

Responses were recoded as 1 

= no, 2 = yes 

Since the responses for this 

question were collected only 

from females 20 years of age 

and above, the multiple 

imputation was performed for 

missing data among that target 

group. Other missing data 

were categorized as “no” 

A question on having an overweight baby at birth is 

included in the CDC prediabetes screening test as it 

is a strong predictor of prediabetes (CDC 

prediabetes screening test, 2018). 

151 Hysterectomy NHANES question RHD280: 

Have you had a 

hysterectomy that is, surgery 

to remove your uterus or 

womb? 

Responses were recoded as 1 

= no, 2 = yes 

Since the responses for this 

question were collected only 

from females 20 years of age 

and above, the multiple 

imputation was performed 

for missing data among that 

target group. Other missing 

data were categorized as 

“no” 

Luo et al (2017) observed that hysterectomy, 

regardless of oophorectomy status, was 

associated with increased risk of diabetes among 

postmenopausal women. Wilson & Mishra (2017) 

found an association between hysterectomy and 

the incidence of diabetes mediated through BMI. 

Appiah et al (2014) reported that women with 

hysterectomy concomitant with bilateral 

oophorectomy (BSO) status may represent a 

unique population with elevated risk for 

diabetes. 

152 Bilateral 

ovariectomy 

NHANES question RHQ305: 

Have you had both of your 

ovaries removed (either when 

you had your uterus removed 

or at another time)? 

Responses were recoded as 1 

= no, 2 = yes 

Since the responses for this 

question were collected only 

from females 20 years of age 

and above, the multiple 

imputation was performed for 

missing data among that target 

group. Other missing data 

were categorized as “no” 

Bilateral oophorectomy increases the risk of 

incident diabetes in postmenopausal women 

(Appiah et al, 2014). Similar and additive effects of 

ovariectomy and diabetes on insulin resistance and 

lipid metabolism have been revealed (Tawfik et al, 

2015). 

153 Oral contraception NHANES question RHQ420: 

Have you ever taken birth 

control pills for any reason? 

Responses were recoded as 1 

= no, 2 = yes 

Since the responses for this 

In a hospital-based study among diabetic patients, 

steroid use showed a steady threefold increase in 

odds for suboptimal glycemic control across all 

rates of use (Bender et al, 2015). Hormonal 

contraceptive intake has been shown to adversely 

affect glycemic homeostasis (Cortés & Alfaro, 
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question were collected only 

from females 12 years of age 

and older, the multiple 

imputation was performed for 

missing data among that target 

group. Other missing data 

were categorized as “no” 

2014). The effects of different combined oral 

contraceptives on glucose tolerance test glucose and 

insulin profiles may be due to a combination of 

estrogen-induced insulin resistance and progestin-

associated changes in insulin half-life (Godsland et 

al, 1992) 

154 Female hormones 

intake 

NHANES question RHQ540: 

“Have you ever used female 

hormones such as estrogen 

and progesterone? Please 

include any forms of female 

hormones, such as pills, 

cream, patch, and injectables, 

but do not include birth 

control methods or use for 

infertility.” 

Responses were recoded as 1 

= no, 2 = yes 

Since the responses for this 

question were collected only 

from females 20 years of age 

and older, the multiple 

imputation was performed for 

missing data among that target 

group. Other missing data 

were categorized as “no” 

See no:153 above. Hormone replacement therapy 

was associated with increased insulin sensitivity and 

may improve insulin resistance and glucose 

homeostasis in women with diabetes (Bitoska et al, 

2016). 

155 Mean SBP Average value of the 3 or 4 

SBP readings made on each 

participant of the study 

(BPXSY1, BPXSY2, 

BPXSY3, BPXSY4) 

 Hypertension is an independent predictor of 

prediabetes (Casapulla et al, 2017; Satman et al, 

2013; Anjana et al, 2011; Soewondo & Pramono, 

2011) 

156 Mean DBP Average value of the 3 or 4 

DBP readings made on each 

participant of the study 

(BPXDI1, BPXDI2, BPXDI3, 

BPXDI4)  

See no: 155 above 
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Table 4: Distribution of general (socio-economic, clinical, physiological and biochemical) 

variables in original and multiply-imputed datasets prepared for the objective 1 and post-

hoc accuracy analysis of the multiple imputation algorithm. Distributions of numeric and 

categorical variables between original and imputed samples were compared using two-

samples t-test and chi-squared test for two proportions, respectively. 

Numeric variables 

variable Original sample mean; 

SD (N) 

Imputed sample 

mean; SD (N) 

p-value 

Household income (annual) 8.35; 4.06 (6058) 8.32; 4.05 (6346) 0.6804 

Family income (annual) 8.02; 4.13 (6069) 8.01; 4.12 (6346) 0.8926 

Income poverty ratio 2.39; 1.65 (5854) 2.44; 1.65 (6346) 0.0945 

Healthcare seeking frequency 2.34; 2.02 (6339) 2.34; 2.02 (6346) 1.0000 

Number of rooms 5.99; 2.25 (6266) 5.99; 2.26 (6346) 1.0000 

Monthly family income 6.94; 3.33 (5655) 6.96; 3.31 (6346) 0.7418 

Poverty index 2.23; 1.59 (5655) 2.24; 1.58 (6346) 0.7300 

Urinary leakage frequency 1.66; 1.17 (4513) 1.62; 1.12(6346) 0.0718 

Nightly urinating frequency 1.15; 1.13 (4515) 1.15; 1.14 (6346) 1.0000 

Duration of sedentary activity 439.98; 193.84 (6284) 440.08; 193.88(6346) 0.9769 

Duration of watching TV 2.34; 1.63 (6309) 2.34; 1.63 (6346) 1.0000 

Duration of using computer 1.17; 1.54 (6312) 1.17; 1.54 (6346) 1.0000 

Duration of sleep 6.95; 1.41 (5631) 6.96; 1.41 (6346) 0.6985 

Number of smokers in the household 0.39; 0.74 (6278) 0.39; 0.74 (6346) 1.0000 

Pulse rate 73.30; 11.95 (6131) 73.33; 11.97 (6346) 0.8886 

BMI 27.73; 7.11 (6275) 27.73; 7.09(6346) 1.0000 

Arm circumference  32.00; 5.51 (6071) 32.04; 5.53 (6346) 0.6865 

Waist circumference 94.43; 17.31 (6014) 94.59; 17.40 (6346) 0.6085 

Sagittal abdominal diameter 21.43; 4.51 (5857) 21.53; 4.58 (6346) 0.2248 

Toxoplasmosis IgG 13.18; 35.74 (5228) 13.19; 35.89 (6346) 0.9881 

Toxoplasmosis IgM 0.23; 0.24 (5055) 0.23; 0.26 (6346) 1.0000 

Urinary albumin 29.73; 142.45 (6198) 29.80; 141.36 (6346) 0.9780 

Urinary creatinine 126.30; 81.30 (6198) 126.78; 81.44 (6346) 0.7412 

Urinary albumin: creatinine ratio 28.11; 167.93 (6198) 28.16; 166.67 (6346) 0.9866 

HDL 53.35; 15.59 (5949) 53.30; 15.56 (6346) 0.8588 

Cholesterol 182.82; 40.51 (5949) 182.86; 40.71 (6346) 0.9565 

WBC count 7.23; 2.29 (6014) 7.22; 2.27 (6346) 0.8074 

Lymphocyte count 2.19; 0.94 (5996) 2.19; 0.92 (6346) 1.0000 

Monocyte count 0.58; 0.19 (5996) 0.58; 0.20 (6346) 1.0000 

Neutrophil count 4.21; 1.78 (5996) 4.21; 1.76 (6346) 1.0000 

Eosinophil count 0.20; 0.18 (5996) 0.20; 0.18 (6346) 1.0000 

Basophil count 0.04; 0.05 (5996) 0.04; 0.05 (6346) 1.0000 

RBC count 4.68; 0.49 (6014) 4.68; 0.49 (6346) 1.0000 

Hemoglobin 13.97; 1.49 (6014) 13.97; 1.49 (6346) 1.0000 

Platelet count 238.87; 58.68 (6014) 238.95; 58.46 (6346) 0.9395 

Alkaline phosphatase 79.00; 53.48 (5928) 79.41; 54.83 (6346) 0.6753 

AMT 24.90; 17.85 (5927) 24.87; 17.54 (6346) 0.9252 

ALT 23.68; 18.35 (5927) 23.63; 18.19 (6346) 0.8796 

Serum bicarbonate 25.17; 2.24 (5929) 25.17; 2.24 (6346) 1.0000 

Serum calcium 9.49; 0.36 (5894) 9.49; 0.36 (6346) 1.0000 

Creatine phosphokinase 155.54; 190.26 (5918) 154.21; 186.34(6346) 0.6958 

Serum chloride 104.47; 2.62 (5929) 104.48; 2.61 (6346) 0.8323 

Serum creatinine 0.86; 0.40 (5929) 0.86; 0.39 (6346) 1.0000 

Serum globulin 2.81; 0.43 (5924) 2.81; 0.43 (6346) 1.0000 

GGT 24.30; 32.95 (5928) 24.34; 33.51 (6346) 0.9469 
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Serum iron 84.15; 36.81 (5905) 84.16; 36.98 (6346) 0.9880 

Serum potassium 4.02; 0.35 (5928) 4.02; 0.35 (6346) 1.0000 

Lactate dehydrogenase 126.38; 28.87 (5927) 126.22; 29.06 (6346) 0.7598 

Sodium 139.87; 2.14 (5929) 139.86; 2.13 (6346) 0.7954 

Osmolality 278.86; 4.72 (5929) 278.84; 4.71 (6346) 0.8143 

Phosphorus 3.95; 0.65 (5929) 3.95; 0.65 (6346) 1.0000 

Bilirubin 0.64; 0.30 (5925) 0.64; 0.30 (6346) 1.0000 

Total protein 7.11; 0.46 (5924) 7.11; 0.46 (6346) 1.0000 

Triglycerides 134.48; 98.07 (5926) 134.27; 97.56 (6346) 0.9054 

Serum uric acid 5.31; 1.38 (5928) 5.31; 1.38 (6346) 1.0000 

Vitamin B12 617.07; 510.70 (4832) 618.91; 523.53(6346) 0.8524 

Processed food expenditure 0.23; 0.20 (6244) 0.24; 0.21 (6346) 0.0062 

Number of processed food meals 9.51; 14.18 (6325) 9.52; 14.17 (6346) 0.9683 

Hematocrit 41.30; 4.04 (6014) 41.34; 4.04 (6346) 0.5822 

Mean SBP 119.32; 17.20 (6118) 119.32; 17.28 (6346) 1.0000 

Mean DBP 66.92; 12.97 (6118) 66.85; 13.09 (6346) 0.7643 

Categorical variables 

Variable Original sample 

proportion 

Imputed sample 

proportion 

p-value 

Diagnosed DM risk    

No  5254/6061 5514/6346 0.7373 

Yes  807/6061 832/6346  

Self-perceived DM risk    

No  4442/6022 4678/6346 0.9525 

Yes  1580/6022 1668/6346  

Blood test for DM    

No  3294/5930 3481/6346 0.4393 

Yes  2636/5930 2865/6346  

Served in armed forces    

No  4995/5435 5899/6346 0.0310 

Yes  440/5435 447/6346  

Born in the US    

USA 4793/6342 4795/6346 0.9831 

Other  1549/6342 1551/6346  

Citizenship    

Yes  5573/6337 5578/6346 0.9367 

No  764/6337 768/6346  

Marital status    

Married/ Living with partner 3522/4958 4627/6346 0.0274 

Widowed/ Divorced/ Separated/ Never married 1436/4958 1719/6346  

Food security    

Full 4276/6278 4319/6346 0.9498 

Marginal 708/6278 720/6346 0.9037 

Low 829/6278 840/6346 0.9579 

very low 465/6278 467/6346 0.9181 

Health insurance    

No  1268/6338 1271/6346 0.9752 

Yes  5070/6338 5075/6346 0.9752 

Hepatitis B    

No  6267/6324 6289/6346 0.9851 

Yes  57/6324 57/6346 0.9851 

Hepatitis C    

No  6258/6324 6280/6346 0.9840 

Yes  66/6324 66/6346  

Self-rated general health    

Excellent  1087/6343 1089/6346 0.9721 
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Very good 1771/6343 1771/6346 0.9868 

Good  2317/6343 2318/6346 0.9986 

Fair  975/6343 975/6346 0.9909 

Poor  193/6343 193/6346 0.9962 

Self-rated health trend    

Worse  615/6345 615/6346 0.9977 

About the same  4454/6345 4454/6346 0.9891 

Better  1276/6345 1277/6346 0.9859 

Mental healthcare use    

No  5805/6342 5809/6346 0.9914 

Yes  537/6342 537/6346 0.9914 

Type of housing    

Owned/being bought 3685/6274 3725/6346 0.9672 

Rented  2429/6274 2458/6346 0.9837 

Other  160/6274 163/6346 0.9480 

Hepatitis A vaccination    

Yes, at least 2 doses 3088/5538 3518/6346 0.7231 

Less than 2 doses 129/5538 154/6346 0.7284 

No doses 2321/5538 2674/6346 0.8031 

Hepatitis B vaccination    

Yes, at least 3 doses 2786/5615 3144/6346 0.9356 

Less than 3 doses 126/5615 145/6346 0.8807 

No doses 2703/5615 3057/6346 0.9711 

Poverty category    

Monthly poverty level index <= 1.30 2310/5991 2436/6346 0.8449 

1.30 < Monthly poverty level index <= 1.85 835/5991 883/6346 0.9702 

Monthly poverty level index > 1.85 2846/5991 3027/6346 0.8286 

Diagnosed kidney disease    

No  4824/4955 6184/6346 0.7626 

Yes  131/4955 162/6346  

Kidney stones    

No  4824/4955 5813/6346 <0.0001 

Yes  131/4955 533/6346  

Alcohol use    

No  1413/4828 1917/6346 0.2813 

Yes  3415/4828 4429/6346  

Diagnosed hypertension    

No  3916/5631 4463/6346 0.3502 

Yes  1715/5631 1883/6346  

Self-measured BP    

No  4359/5634 4944/6346 0.4806 

Yes  1275/5634 1402/6346  

Advised, self-measured BP    

No  4978/5635 5635/6346 0.4341 

Yes  657/5635 711/6346  

Diagnosed hypercholesterolemia    

No  3995/5608 4548/6346 0.6037 

Yes  1613/5608 1798/6346  

Gastrointestinal disease    

No  5462/5862 5899/6346 0.6324 

Yes  400/5862 447/6346  

Self-reported dietary health     

Excellent  492/5636 594/6346 0.2301 

Very good  1209/5636 1412/6346 0.2911 

Good  2383/5636 2647/6346 0.5277 

Fair  1257/5636 1376/6346 0.4133 
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Poor  295/5636 317/6346 0.5532 

Diagnosed asthma    

No  5303/6340 5309/6346 0.9812 

Yes  1037/6340 1037/6346  

Diagnosed anemia    

No  6105/6343 6108/6346 0.9958 

Yes  238/6343 238/6346  

Diagnosed psoriasis    

No  5502/5632 6200/6346 0.9780 

Yes  130/5632 146/6346  

Diagnosed celiac disease    

No  6312/6341 6317/6346 0.9976 

Yes  29/6341 29/6346  

Gluten-free diet    

No  6240/6345 6241/6346 0.9991 

Yes  105/6345 105/6346  

Diagnosed arthritis    

No  3726/4951 4763/6346 0.8050 

Yes  1225/4951 1583/6346  

Diagnosed gout    

No  4787/4959 6127/6346 0.9598 

Yes  172/4959 219/6346  

Diagnosed congestive heart failure    

No  4827/4958 6183/6346 0.8071 

Yes  131/4958 163/6346  

Diagnosed coronary heart disease     

No  4795/4950 6153/6346 0.7835 

Yes  155/4950 193/6346  

Diagnosed angina    

No  4861/4956 6213/6346 0.5020 

Yes  95/4956 133/6346  

Diagnosed heart attack    

No  4805/4955 6153/6346 0.9656 

Yes  150/4955 193/6346  

Diagnosed stroke    

No  4810/4956 6140/6346 0.3620 

Yes  146/4956 206/6346  

Diagnosed emphysema    

No  4886/4960 6240/6346 0.4520 

Yes  74/4960 106/6346  

Diagnosed thyroid disease    

No  4449/4951 5712/6346 0.7941 

Yes  502/4951 634/6346  

Diagnosed chronic bronchitis    

No  4681/4956 5995/6346 0.9673 

Yes  275/4956 351/6346  

Diagnosed liver disease    

No  4766/4954 6104/6346 0.9593 

Yes  188/4954 242/6346  

Diagnosed COPD    

No  4810/4959 6144/6346 0.5872 

Yes  149/4959 202/6346  

Diagnosed jaundice    

No  6163/6291 6217/6346 0.9940 

Yes  128/6291 129/6346  

Diagnosed cancer    
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No  4515/4961 5782/6346 0.8494 

Yes  446/4961 564/6346  

Familial heart attack    

No  4325/4842 5654/6346 0.7015 

Yes  517/4842 692/6346  

Familial asthma    

No  4770/6214 4875/6346 0.9388 

Yes  1444/6214 1471/6346  

Familial DM    

No  3021/4858 3925/6346 0.7165 

Yes  1837/4858 2421/6346  

Advised to lose weight    

No  4328/5635 4868/6346 0.9012 

Yes  1307/5635 1478/6346  

Advised to exercise    

No  3849/5636 4329/6346 0.9281 

Yes  1787/5636 2017/6346  

Advised to reduce salt intake    

No  4450/5628 5021/6346 0.9446 

Yes  1178/5628 1325/6346  

Advised to reduce fat intake    

No  4283/5632 4854/6346 0.5707 

Yes  1349/5632 1492/6346  

Managing weight    

No  2290/5632 2584/6346 0.9485 

Yes  3342/5632 3762/6346  

Increasing exercise     

No  2323/5635 2624/6346 0.8902 

Yes  3312/5635 3722/6346  

Reducing salt intake    

No  2949/5634 3341/6346 0.7391 

Yes  2685/5634 3005/6346  

Reducing fat intake    

No  2714/5632 3056/6346 0.9716 

Yes  2918/5632 3290/6346  

Ever smoking    

No  2941/5021 3750/6346 0.5771 

Yes  2080/5021 2596/6346  

Past smoking    

No  4625/5844 5001/6346 0.6498 

Yes  1219/5844 1345/6346  

Past smokeless tobacco use    

No  5753/5844 6251/6346 0.7867 

Yes  91/5844 95/6346  

Past any tobacco use    

No  3599/4893 4921/6346 <0.0001 

Yes  1294/4893 1425/6346  

Pulse character    

Regular  6033/6132 6242/6346 0.9144 

Irregular  99/6132 104/6346  

Hepatitis A antibody    

Negative  2961/5972 3145/6346 0.9800 

Positive  3011/5972 3201/6346  

Hepatitis B core antibody    

Negative  5592/5972 5966/6346 0.3873 

Positive  380/5972 380/6346  
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Hepatitis B surface antigen    

Negative  5933/5969 6309/6346 0.8847 

Positive  36/5969 37/6346  

Hepatitis D (anti-HDV)    

Negative  5952/5969 6327/6346 0.8808 

Positive  17/5969 19/6346  

Hepatitis B surface antibody    

Negative  4286/5970 4571/6346 0.7696 

Positive  1684/5970 1775/6346  

Hepatitis E IgG (anti-HEV)    

Negative 5700/5972 6061/6346 0.8653 

Positive  272/5972 285/6346  

Hepatitis E IgM (anti-HEV)    

Negative  5933/5972 6306/6346 0.8745 

Positive  39/5972 40/6346  

Tissue transglutaminase (IgA-TTG)    

negative 5887/5913 6315/6346 0.6915 

Positive/weakly positive 26/5913 31/6346  

Education    

<9th grade 938/6341 940/6346 0.9749 

9-11 grade 1240/6341 1241/6346 0.9996 

High school  1250/6341 1250/6346 0.9825 

College/AA degree/college graduate/above 2913/6341 2915/6346 0.9958 

Creatine kinase    

No  2891/5867 3138/6346 0.8486 

Yes  2976/5867 3208/6346  

HPV vaccination    

No  3854/4636 5355/6346 0.0783 

Yes  782/4636 991/6346  

Urinary leakage    

No  3036/4513 4420/6346 0.0085 

Yes  1477/4513 1926/6346  

Pesticide    

No  5013/5898 5391/6346 0.9460 

Yes  885/5898 955/6346  

Bilateral ovariectomy    

No  5654/5911 6065/6346 0.8286 

Yes  257/5911 281/6346  

Vigorous activity     

No  3695/6317 3710/6346 0.9718 

Yes  2622/6317 2636/6346  

Moderate activity     

No  1851/6317 1853/6346 0.8992 

Yes  4466/6317 4493/6346  

Functional limitation    

No  3711/4961 4874/6346 0.0135 

Yes  1250/4961 1472/6346  

Sleeping trouble    

No  4210/5635 4801/6346 0.2332 

Yes  1425/5635 1545/6346  

Secondhand smoking    

No  4172/5924 4468/6346 0.9818 

Yes  1752/5924 1878/6346  

Gestational DM    

No 5354/5509 6174/6346 0.7322 

Yes 155/5509 172/6346  
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Overweight baby at birth (>9lb)    

No  5143/5424 6019/6346 0.9458 

Yes  281/5424 327/6346  

Hysterectomy     

No  5435/5925 5821/6346 0.9954 

Yes  490/5925 525/6346  

Oral contraception    

No  4352/6067 4531/6346 0.6810 

Yes  1715/6067 1815/6346  

Female hormones intake    

No  5485/5931 5864/6346 0.8743 

Yes  446/5931 482/6346  
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Objective 2 

Table 5: Variables included in models for the objective 2 and the rationale/evidence for 

their inclusion 

 Variable Explanation of the NHANES variable and/or 

its construction and ascribed codes 

Evidence/rationale 

1 Age Age in years of the participant at the time of 

screening. Individuals 80 and over are top coded 

at 80 years of age. 

See no: 5 of the table 3 in the 

appendix 

2 Income-poverty 

ratio 

Ratio of family income to poverty (range of 

values 0 to 5) 

See no: 15 of the table 3 in the 

appendix 

3 Self-rated oral 

health 

Question from the NHANES questionnaire 

OHQ845: Overall, how would you rate the health 

of your teeth and gums? 

Responses were coded as 1 = excellent, 2 = very 

good, 3 = good, 4 = fair, 5 = poor 

A case-control study revealed that 

individuals with T2DM exhibited 

poorer oral health than controls 

(Sandberg et al, 2000). Another 

study reported that the 

self‐perceived oral health was 

poorer in children with T1DM 

than controls (Javed et al, 2009). 

4 Number of teeth Total number of intact teeth on examination; 

Derived from the NHANES dental examination 

data (range 0-32) 

An association between tooth loss 

and diabetes was reported in a 

multicenter, population-based 

study (Greenblatt et al, 2016). A 

case-control study found that tooth 

loss is higher in diabetic patients 

than nondiabetics and increases 

more in diabetics as both groups 

grow older (Ikimi et al, 2017). 

5 Time since last 

dental visit 

Question from the NHANES questionnaire 

OHQ030: About how long has it been since you 

last visited a dentist?  

Responses were coded as 1 = 6 months or less, 2 

= More than 6 months, but not more than 1 year 

ago, 3 = More than 1 year, but not more than 2 

years ago, 4 = More than 2 years, but not more 

than 3 years ago, 5 = More than 3 years, but not 

more than 5 years ago, 6 = More than 5 years 

ago, 7 = Never have been 

Regular receipt of dental care may 

reduce the need for diabetes-

related healthcare (Mosen et al, 

2012). 

6 Dental floss use 

frequency 

Question from the NHANES questionnaire 

OHQ870: Aside from brushing your teeth with a 

toothbrush, in the last seven days, how many 

days did you use dental floss or any other device 

to clean between your teeth? Data were collected 

from individuals of 30 years of age and older 

A study by Abduljabbar et al 

(2017) revealed that periodontal 

and peri-implant inflammatory 

parameters were worse among 

patients with prediabetes and 

T2DM compared with controls but 

comparable among patients with 

prediabetes and T2DM. Dental 

floss is an interdental cleaning 

device which helps maintain 

periodontal health. 

7 Mouthwash use 

frequency 

Question from the NHANES questionnaire 

OHQ875: Aside from brushing your teeth with a 

toothbrush, in the last seven days, how many 

days did you use mouthwash or other dental rinse 

product that you use to treat dental disease or 

A clinical trial reported of a 

significant improvement in 

periodontal health parameters in 

the experimental group which 

used 0.1% chlorhexidine oral rinse 
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dental problems? Data were collected from 

individuals of 30 years of age and older 
(Vechis-Bon, 1989). 

8 Periodontitis Data on periodontal pockets, recession, and loss 

of attachment are available for individuals of 30 

years of age and older. Periodontitis was defined 

as per Eke et al (2012) and initially classified into 

four groups as healthy, mild, moderate, and 

severe periodontitis and subsequently 

dichotomized by aggregating moderate and 

severe forms to create “periodontitis” category 

versus “no periodontitis”. Healthy and those with 

mild periodontitis were classified as “no 

periodontitis”. 

Eke et al (2012) definitions: severe periodontitis 

= 2 or more interproximal sites with >=6mm AL 

(not on the same tooth) and 1 or more 

interproximal sites with >=5mm PD; moderate 

periodontitis = 2 or more interproximal sites with 

>=4mm AL (not on the same tooth) or 2 or more 

interproximal sites with PD>=5mm, also not on 

the same tooth; mild periodontitis = >=2 

interproximal sites with >=3mm AL and >=2 

interproximal sites with >=4mm PD (not on the 

same tooth) or 1 site with >= 5mm 

Final coding was: 1 = no periodontitis, 2 = 

periodontitis 

See no: 6 and no: 7 above. 

A bidirectional association is 

observed between diabetes and 

periodontal diseases (Mealey et al, 

2006). Impaired fasting glucose 

and/or prediabetes are strongly 

associated with bleeding on 

probing, a marker of chronic 

gingival/periodontal inflammation 

(Andriankaja & Joshipura, 2014). 

Periodontal inflammation was 

found to be associated with an 

increased risk of pre-diabetes and 

subsequent incident diabetes 

(Mustapha, 2014). Higher 

colonization levels of specific 

periodontopathic bacteria are 

observed among prediabetic 

individuals (Demmer et al, 2015). 

A metabolomic analysis revealed 

that experimental periodontitis 

results in prediabetes (Ilievski et 

al, 2016).  A cross-sectional study 

revealed that periodontitis is a 

possible early sign of diabetes 

mellitus (Teeuw et al, 2017). An 

experimental study revealed that 

Prediabetes enhances periodontal 

inflammation (Huang et al, 2016). 

9 Gender Gender of the participant  

Responses were coded as 1 = female, 2 = male 

See no: 4 of the table 3 in the 

appendix 

10 Race The variable was dichotomized as 1 = (non-

Hispanic) White, 2 = other 

See no: 6 of the table 3 in the 

appendix 

11 Citizen Question from the NHANES questionnaire: 

“Are you a citizen of the United States?” 

Responses were coded as 1 = yes, 2 = no. 

See no: 9 of the table 3 in the 

appendix 

12 Marital status The variable was dichotomized as 1 = 

unmarried/other, 2 = married/ living with 

partner 

See no: 10 of the table 3 in the 

appendix 

13 Ever had 

periodontal 

treatment 

Question from the NHANES questionnaire 

OHQ850: Have you ever had treatment for gum 

disease such as scaling and root planing, 

sometimes called "deep cleaning"? 

Data were collected from individuals of 30 

years of age and older. Responses were coded 

as 1 = no, 2 = yes 

Periodontal treatment improves the 

glycemic status (Altamash, 2016) 

14 Self-reported tooth 

mobility 

Question from the NHANES questionnaire 

OHQ855: Have you ever had any teeth become 

loose on their own, without an injury? Data 

were collected from individuals of 30 years of 

age and older. 

Responses were coded as 1 = no, 2 = yes 

Diabetes increases periodontal bone 

loss (Liu et al, 2006). A positive 

association was revealed between 

the duration of diabetes and clinical 

attachment loss (Firatli et al, 1996). 

Diabetes is an independent risk 

factor for clinical attachment loss 

(Grossi et al, 1994). Attachment 
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loss is a key clinical parameter used 

in periodontal disease assessment 

and leads to the clinical 

manifestation of periodontopathic 

tooth mobility 

15 Education Codes were ascribed as follows: 1 = < 9th grade, 

2 = 9-11 grade, 3 = high school, 4 = college/ 

AA degree/ college graduate/ above 

See no:135 of the table 3 in the 

appendix 
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Table 6: Distribution of variables with missing data in original and multiply-imputed 

datasets prepared for the objective 2 and post-hoc accuracy analysis of the multiple 

imputation algorithm 

 
Numeric variables 

Variable Original sample 

mean; SD (N) 

Imputed sample 

mean; SD (N) 

p-value* 

Income-poverty ratio 2.71; 1.68 (2920) 2.69; 1.67 (3167) 0.6416 

Self-rated oral healtha 2.98; 1.12 (3165) 2.98; 1.12 (3167) 1.0000 

Time since last dental visitb 2.54; 1.85 (3166) 2.54; 1.85 (3167) 1.0000 

Dental floss/device use frequencyc 3.46; 2.93 (3166) 3.46; 2.93 (3167) 1.0000 

Categorical variables 

Variable Original sample 

proportion 

Imputed sample 

proportion 

p-value* 

Citizen of United States    

Yes  2724/3160 2728/3167 0.9410 

No 436/3160 439/3167 0.9410 

Marital status    

Married/living with partner 2260/3166 2260/3167 0.9842 

Widowed/Divorced/Separated/Never married 906/3166 907/3167  

Ever had periodontal treatment    

Yes 756/3159 758/3167 0.9980 

No 2403/3159 2409/3167  

Self-reported tooth mobility    

Yes 459/3165 459/3167 0.9917 

No 2706/3165 2708/3167  

Education    

<9th grade 223/3166 224/3167 0.9636 

9-11 grade 371/3166 371/3167 0.9963 

High school 675/3166 675/3167 0.9948 

College/AA degree/college graduate or above 1897/3166 1897/3167 0.9877 

*Distributions of numeric and categorical variables between original and imputed samples were compared 

using two-samples t-test and chi-squared test for two proportions, respectively. The p-value of significance 

was set at 0.05, a-entered as a continuous variable scaled 1-5; see appendix: table 5 (no:3), b-entered as a 

continuous variable scaled 1-7; see appendix: table 5 (no:5), c-number of days during the past week dental 

floss was used; see appendix: table 5 (no:6) 
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a-excluded in objective 2(predictive modelling using dental parameters) due to low number of covariates; b-adjusted 

by resampling methods incl. oversampling, under-sampling, random oversampling (ROSE) and synthetic minority 

oversampling technique (SMOTE) 

Figure 1: flow chart illustrating the steps of predictive modelling using general predictors 

[objective 1] and benchmarking [objective 3]. (Of note, the same methods were applied for 

predictive modelling using dental covariates [objective 2] with different sample sizes) 
 

 

 

 

 

Processed dataset from NHANES 2013-2014 (N = 6346) 

Training dataset (N = 3174) Internal validation dataset (N = 3172) 

aFeature selection methods incl. recursive 

feature elimination, lasso regularization and 

random forests etc. 

Predictive modelling using machine learning models (incl. 

logistic regression, neural network, random forests, 

bagging and boosting); incl. unadjusted models as well as 

those adjusted for class imbalanceb 

Determination of optimal models based on 

area under the receiver operating 

characteristic curve (AUC) and exploration 

of their important predictors 

Performance comparison/benchmarking 

External validation set from 

NHANES 2011-2012 (A random 

sample of N = 3000) 

CDC prediabetes screening score 
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POPULAR SCIENCE SUMMARY 

Machine learning is a discipline that involves a combined use of high computing power of 

modern computers and statistical techniques. It has been proven that machine learning 

applications on large medical databases can provide novel insights into various health issues. 

This study aimed at applying machine learning techniques on a large public health database, 

namely, the National Health and Nutrition Examination Survey (NHANES) 2013-2014, to 

identify multiple factors that may affect the development of prediabetes, which is a common 

disease across the world. Since it is a reversible condition, if identified early, the progression to 

diabetes can be prevented, and normal blood glucose levels can be achieved. Nevertheless, 

timely identification of prediabetes is difficult and current screening tools based on a limited 

number of traditional risk factors may often fail to identify many prediabetic individuals. 

Through a machine learning analytic approach, we identified an array of socio-economic, 

clinical, biochemical, and dental factors influencing prediabetes, many of which had been 

reported in previous studies. Interestingly, the study further revealed that several known diabetes 

risk markers may be potential indicators of prediabetes as well, providing new evidence and 

directions for future research of the disease. The findings indicate that routinely-collected 

NHANES data by questionnaires and simple tests such as a person’s body measurements, 

vigorous exercise level, blood lipid level, blood pressure, various blood cell measurements, liver 

function profile and gum disease can help identify people that are highly likely to develop 

prediabetes and may complement standard prediabetes risk assessment tools. 

However, owing to the limitations of the study design, findings do not confirm that these factors 

“cause” prediabetes. Further research is warranted to consolidate the findings of the present 

study which, with a higher level of evidence, may eventually be found useful for clinical 

diagnosis and community-based screening of prediabetes. 

 

 


