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ABSTRACT 

Type 2 diabetes mellitus (T2DM) is a complex metabolic disease which is 

characterized by persistent hyperglycemia caused by insulin resistance. It is the most 

prevalent type of diabetes mellitus (DM). T2DM presents a heterogenous etiology with 

social, environmental, behavioral, and genetic risk factors. It is associated with serious 

microvascular and macrovascular complications which are also associated with increased 

morbidity, mortality, and health expenditure. However, early detection, lifestyle changes and 

treatment may prevent or delay the onset of associated long-term complications.  

This study used the 2020 Behavioral Risk Factor Surveillance System (BRFSS) 

dataset to train different machine learning (ML) and neural network or multilayer perceptron 

classifier (NN) model(s) and test their performance on predicting the risk for T2DM. A copy 

of the dataset was transformed to have balanced classes in the outcome variable to allow 

further comparison of performance for each predictive model when trained with either the 

original or transformed dataset. A cross-sectional data analysis using chi-square was 

employed to investigate the association of selected predictors or risk factors with T2DM. 
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Metrics used to assess model performance included accuracy, area under the curve-receiver 

operating characteristics (ROC-AUC), precision, recall, and F1-score.  

When models were trained on the original train dataset (data with significant outcome 

variable class imbalance), accuracy ranged from 71.6% to 81%, ROC-AUC from 0.57 to 

0.75, precision from 0% to 55.7%, recall from 0% to 38.3%, and F1-score from 0% to 38%. 

ROC-AUC for Decision Tree Classifier (DT) was 0.57, K-Nearest Neighbors Classifier 

(KNN) was 0.65, and Support Vector Classifier (SVC) was 0.68 which interpreted to a failed 

or poor predictive models. But these models had satisfactory or good accuracy. Training 

models on the original train dataset caused models to overfit the majority class. Thus, they 

had poor recall or sensitivity, precision and F1-score values which are crucial in detecting 

positive, false positives and false negative classes for T2DM. Also, time it took a model to 

train on training data and score on test data was evaluated and SVC had the longest times for 

both training and scoring while NN model took long to train but was faster to score. When 

models were trained on transformed data (data with balanced outcome variable classes), 

accuracy ranged from 66.7% to 82.5%, ROC-AUC from 0.73 to 0.91, precision from 66.9% 

to 79.7%, recall from 66.4% to 92.1%, and F1-score from 66.5% to 83.2%. This comparison 

clearly showed Random Forest Classifier (RF) to be the best performing model with 

consistently good and excellent fit across all metrics (accuracy: 82.5%, ROC-AUC: 0.91, 

precision: 79.7%, recall: 87.0%, and F1-score: 83.2%). Gaussian Naïve Bayes classifier 

(GNB) had the poorest fit across all metrics. Again, SVC was the worst model time wise. All 

models showed significant increase in recall, precision and F1-score values suggesting that 

significant outcome class imbalance has a negative effect on all models. RF, KNN, and DT 
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had F1-score values of 83.2%, 80.9%, and 78.7%, recall values of 87.0%, 92.1% and, 83.0% 

and precision values of 79.7%, 72.2%, and 74.7%, respectively.  

Of all models, RF, KNN, and DT showed high performance across all metrics. KNN 

had the fastest training but longest testing time, RF and DT slightly slower train and fast 

testing time. These models are good candidates for initial T2DM screening, but RF is the 

model of choice.  
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CHAPTER 1 

INTRODUCTION 

 

T2DM is the most prevalent type of diabetes mellitus (DM) among the three broad 

classifications of the disease.1 The other two are Type 1 Diabetes Mellitus (T1DM) and 

Gestational Diabetes Mellitus (GDM).2 DM is a heterogeneous metabolic disorder involving 

carbohydrates, lipids, and protein metabolism. It is characterized by destruction of insulin 

producing cells and/or cells resistance to insulin causing persistent hyperglycemia, a 

condition portrayed with increased glucose levels.3,4 Despite the longevity of its existence 

and abundant knowledge from various research studies, there is no specific cure for T2DM. 

Management includes interventions for lifestyle change and treatments for its symptoms.  

Studies have shown factors such as body mass index (BMI), exercise, family history, 

race, age, gestational diabetes, and high blood pressure to be good predictors for occurrence 

of T2DM.5–9 For instance, a person with a BMI of greater than or equal to 25, no exercise, 

and has history of gestational diabetes has an increased risk for the disease compared to 

someone with a BMI of less than 25 who exercises at least 30 minutes on most days and had 

no personal or family history of diabetes. Again, the disease cannot be cured but it can be 

prevented and controlled with lifestyle changes.  

T2DM affects millions of people worldwide. In the United States, more than 30 

million people (about the population of Texas) are affected by and exposed to high medical 

costs. These costs prevent a sizable number of affected individuals from accessing the care 

and treatment needed to maintain blood glucose levels.10,11 Untreated hyperglycemia leads to 
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serious aberrations in prominent parts of the body causing various microvascular and 

macrovascular complications which are associated with increased morbidity and mortality.12  

Knowledge of risk factors or predictors for T2DM has resulted in effective diabetes 

prevention programs. Availability of programs that promote exercise and healthy lifestyles 

suggests that T2DM can be prevented, or associated complications can be prevented or 

delayed as well, with important lifestyle changes. This study aimed to compare performance 

of different T2DM predictive models, show how accuracy alone can be a misleading measure 

of predictive models’ performance, and discuss how the best performing models can be used 

in T2DM prevention or detection of high-risk persons who need care and treatment. 
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CHAPTER 2 

REVIEW OF LITERATURE 

 

Ancient History of Diabetes Mellitus 

 

Accounts of DM dates to ancient Egyptians, Indians, Chinese and Arab physicians 

who described its symptoms from 1500 BC to the 11th century AD.13 They observed 

distinctive features of DM and suggested various treatment options. An Egyptian patient with 

excessive thirst and copious urination was treated with plant extracts. An Indian surgeon 

observed honey-like urine which was sticky and sweet, attracting ants. The surgeon also 

made an association between the prevalence of DM and high socioeconomic classes (rich 

castes). They consumed excess foods such as sweets and rice. Chinese physicians observed 

similar symptoms with an addition of significant weight loss and proposed refraining from 

sex, wine, and salt to treat the disease. Arab physicians described complications associated 

with DM such as gangrene and sexual dysfunction.14  

Aristaeus of Cappadocia, a Greco-Roman physician, coined and accurately described 

diabetes. Thomas Willis, an English anatomist, and physician, coined the term mellitus.14 

Claude Bernard, a French physiologist, discovered glycogenic actions of the liver 

illuminating the pathway of gluconeogenesis and promoting the study of diabetes.14 Oskar 

Minkowski and Joseph Mering’s experiment on dogs demonstrated the key role of the 

pancreas in the maintenance of glucose homeostasis. Minkowski and Mering’s experiment 

paved the way for the discovery of insulin.15 Initially, Frederick Banting, a Canadian 

surgeon, and a Charles Best, a medical student, were collaborating on an experiment 

involving ligation of dogs’ pancreatic ducts which caused degeneration of the pancreas. The 

degenerated pancreases were later removed for insulin extraction. From there on, insulin 
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became an effective treatment for DM’s undisputed symptom, hyperglycemia.16 For the past 

century, we have not crossed from treating symptoms for T2DM to treating T2DM itself. 

Modern studies have shown a different approach to fighting the epidemic by studying the 

association between environmental/lifestyle risk factors and T2DM. 

Modern Discovery  

More recently, researchers have recognized social, environmental, and behavioral risk 

factors for T2DM that need to be considered when focusing on improving the health and 

wellbeing of affected individuals. Social and environmental risk factors are conditions in 

which a person is born, lives, grows and work. These include socioeconomic status, race 

and/or ethnicity, air pollution, poor water quality, climate change and disease-causing 

microbes. On the other hand, behavioral risk factors are unhealthy behaviors that can be 

changed such as sedentary lifestyle, tobacco, and excessive alcohol use. Understanding the 

association of these risk factors and T2DM is crucial when creating predictive models and 

dealing with the disease.  

Studies and Reviews on Risk Factors for T2DM 

A study in India showed decreased level of exercise and high BMI to be associated 

with increased risk for T2DM.17 A systemic review of 60 study articles retrieved from 

Scopus, Science Direct, Pub Med and Web of Science showed  walkability, air pollution, 

food, roadway proximity and physical activity environment to be the most studied 

environmental risk factors for the T2DM. Noise and pollution were associated with increased 

risk, while increased walkability and green spaces with reduced risk for the disease.18 

Evidence-based reviews discussed the positive association between T2DM and 

environmental or lifestyle risk factors such as poor diet quality and quantity, reduced 
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physical activity, increased screen viewing time, exposure to noise and fine dust, poor sleep 

or sleep deprivation, smoking, stress or depression, and low socioeconomic status. These 

factors were then associated with increased BMI.6,11,19  

Studies on food intake and T2DM 

There are extensive studies that evaluate and show the link between individual food 

items and T2DM. Intake of cereal fibers, whole grains, dairy products, higher green leafy 

vegetables, anthocyanin-rich foods, and coffee have been associated with reduced risk for 

T2DM.20,21 But intake of white rice (processed grains), red and processed meat, sugar 

sweetened beverages and heavy alcohol consumption have been associated with increased 

risk for the disease.21–23 Certain foods had different association with T2DM in different parts 

of the world or simply different populations. This may have been due to different methods of 

preparation. For instance, high fish and/or seafood consumption was associated with 

increased risk in North America and Europe but decreased risk in Asia. Also, heavy alcohol 

consumption was associated with reduced risk among overweight individuals and increased 

risk among normal weight individuals. 21 These differences emphasize the importance of a 

generalizable sample in T2DM prediction studies. 

Studies on Physical Activities, Socioeconomic Status and T2DM 

 Physical inactivity has been associated with increased risk for T2DM in meta-analysis 

studies. Sedentary behaviors such as increased screen viewing time are an increasing issue 

due to increased adoption of online shopping and binge-watching television series. Meta-

analysis studies showed the association of moderate to high intensity exercise with reduced  

T2DM.21,24–26 Physical activity was associated with socioeconomic status (SES) in terms of 

lack of green or exercising space in lower SES neighborhoods.26 Determinants for SES 
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included levels of education, occupation, and income. Lower SES was associated with 

increased risk for T2DM in a meta-analysis of studies from countries in Europe, Africa, Asia, 

and the Americas as well as studies within the US.21,26 The effects of having a lower SES 

include but are not limited to lack of access to healthy foods and places to exercise as well as 

living unhealth lifestyles11. Thus, lower SES is a  contributing factor to an increased risk of 

T2DM.  

Studies on Sleep, Depression, Smoking, Heavy Alcohol Consumption and T2DM 

 Sleep quality and quantity has been associated with T2DM in various meta-analysis 

cohort studies. Sleep times shorter than six hours, longer than eight hours, and trouble 

initiating or staying asleep have been associated with increased risk for the disease.21,27,28 

Also, extended night shift positions increased the risk for T2DM. Sleep apnea was associated 

with overweight individuals then with T2DM. These sleep habits may increase fatigue and 

promote a sedentary lifestyle.21 Poor sleep was also associated with depression, heavy 

alcohol consumption, and smoking.29 All these unhealthy lifestyles were among major 

behavioral risk predictors for T2DM.21  

Studies Predicting T2DM  

 

 A study by Korean researchers used longitudinal data to create T2DM  models to 

predict subsequent disease occurrence in the following year. The study used deidentified 

electronic health record (EHR) data from Hanaro Medical foundation in Seoul, South Korea 

with 535169 instances, 253395 subjects and 1444 features.30 Feature selection was used to 

select the most noteworthy predictors for the final machine learning (ML) model. Features of 

interest were fasting plasma glucose (FPG), Hemoglobin A1c (HbA1c), triglycerides, body 

mass index (BMI), gamma glutamyl transpeptidase (gamma-GTP), sex, age, uric acid, 
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smoking, drinking, physical activity, and family history. The prediction models were created 

using random forest (RF), XGBoost (XGB), and support vector machine (SVM) methods. RF 

and SVM models had the highest accuracy (73%) followed by GBT (72%). The models were 

satisfactory at predicting the incidence of T2DM in the Korean population prior to 

developing the disease.30 This study used accuracy, precision, recall, and F1-score to measure 

model performance. The study was specific to the Korean population. 

 A 2021 systemic review of 90 peer reviewed articles on T2DM and ML and NN from 

both Pub-Med and Web of Science showed that there was no agreement regarding specific 

features for predictive models. Some studies had up to 70 features in their models. However, 

predictors like lifestyle, SES and diagnostic data produced better models. Most studies used 

SVM, RF, GBT and deep neural network (DNN) methods to create predictive models. 

However, there was considerable heterogeneity for optimal validation metrics among studies, 

making it harder to compare models. RF had the highest average AUC (ROC) of 0.98. RF 

together with DNN had the advantage of dealing with big and “dirty” data. ML models 

presented better performances with fewer observations. On the other hand, DL (Deep 

Learning) models performed better with more than 70000 observations according to the 

review.31 This review only assessed model accuracy and AUC(ROC) to compare model 

performance.  

 A 2019 study created and compared a total of eight predictive models for T2DM 

using the 2014 Behavioral Risk Factor Surveillance System data. The models included SVM, 

(DT), logistic regression (LR), RF, Multilayer Perceptron Classifier (NN), GNB, univariate 

and multivariate LR models. The results showed NN to have the highest AUC (0.90). 

However, DT had the highest sensitivity and was preferred for initial screening for T2DM.32  
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 There are no blueprints when it comes to T2DM prediction models. There are no 

predefined features or limitations to the number of features a study can use. However, 

features or predictors such as BMI, sex, age, smoking, drinking, physical activity, and family 

history appeared in almost all studies. Some models are sensitive to the number of features 

while others are not. Some models are preferred for smaller datasets while others produce 

better results with big data.  

Research Objectives 

 This study aimed to compare performances of different T2DM predictive models and 

show how model accuracy alone could be a misleading measure of T2DM models’ 

performance. The hypothesis was that T2DM predictive models trained on the dataset with 

significant outcome class imbalance would have poor sensitivity, precision, and F1-score 

values.  
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CHAPTER 3 

METHODOLOGY 

 

Data Source and Study Population  

 

The study used the 2020 Behavioral Risk Factor Surveillance System (BRFSS) 

dataset. BRFSS was established in 1984 and it is the Unites States’ premier system of health-

related telephone surveys. It is a collaboration of 53 U.S. states and territories and the 

Centers for Disease Control (CDC). The intent of the data set is to monitor health related risk 

behaviors, chronic medical conditions, and use of preventive services. The target population 

is US adults aged 18 years and older with working cellular phones who resided in a private 

residence or college housing.33 

Sample Description 

 A randomly selected telephone number was a sample. Participating states had to show 

that a sample record was a representation or probability of all telephone owning households 

in the state. The requirement was met in 2020. Fifty-one states used a disproportionate 

stratified sample (DSS) design while Guam and Puerto Rico used a simple random-sample 

design. Telcordia database and 1,000 banks were the basis of the sampling frame. The 

BRFSS drew a sample from one of the created intervals. An interval (K) equals total 

telephone numbers in frame (N) divided by sample size (n), or K =
N

n
 . Most of the states 

sampled from strata corresponding to sub-state regions.33  

Integrity of Data Collection  

 Data was collected via telephone surveys. Repeated BRFSS questionnaire and 

procedures training were required and offered to every interviewer before approval to 

conduct interviews. All BRFSS surveillance sites monitored interviewers’ performance per 
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BRFSS guidelines. Monitoring techniques included listening to the interviewer on-site or 

listening to both the interviewer and interviewee remotely. The questionnaire consisted of 

three parts arranged in the following order: core components (questions that all states used), 

optional BRFSS modules and State-added questions. This arrangement was key for 

comparability across states. The CDC provided states with core components and optional 

modules. States chose a module(s) specific to their programs then, compiled a questionnaire 

with all components which was then submitted to the CDC. States also had the option to 

translate the questionnaire into other languages.33 The BRFSS data is reliable because of its 

robust data collection guidelines and implementation techniques.  

Study Variable and Data Preprocessing 

 Variables used in previous years were absent in the 2020 BRFSS dataset. Using exact 

variables as previous studies for comparison was not feasible. Instead, the study selected 

variables based on prior literature and availability. Selected variables were age, race, sex, 

BMI, general health, physical health, mental health, smoking status, income, education, 

location, flu shot, employment, relationship status, sleep time and exercise. Variables names 

were changed from BRFSS codes to normal language (Table 6). They were also assessed for 

completeness and skewness. 

Python and R were the only software tools used in this study. The BRFSS dataset 

from the CDC’s website was an XPT file, a data format from SAS. R was only used to 

convert the XPT file to a comma-separated file (CSV) while Python was used for data 

preprocessing, visualization, and analysis. The original dataset had 401958 rows and 280 

columns. A new dataset was created with seventeen selected features and the target column. 

The dataset was assessed and cleared of missing values and duplicate rows. Independent and 
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dependent variable(s) were each assessed. Age younger than 40 was excluded to reduce 

chances for Type 1 diabetes Mellitus (T1DM) diagnosis in the dependent variable. Records 

in any column showing “refused” or “don’t know” were removed. Data was normalized 

using ‘Yeo-Johnson,’ an improved version of Box-Cox introduced by Yeo and Johnson.34 

Finally, variables categories were coded as shown in Table 5. After data preprocessing and 

feature selection, there were 69467 rows and 17 columns.  
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Dependent Variable 

 Type 2 Diabetes diagnosis was the dependent or outcome variable with two classes 

(“diabetes” and “no diabetes”). There was a significant class imbalance.  
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Statistical Analysis 

 Data was categorical. Therefore, chi-square tests were used to evaluate the 

association between individual predictors and the outcome variable to determine feature 

importance.  

 

 

Prediction Models, Training and Testing 

 The study compared eight ML and NN prediction models prediction of DM. The 

models included KNN, RF, GNB, LR, DT, XGB, SVC and NN (Figure 4). The new dataset 
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was split into a training dataset (80%) and a validation dataset (20%). All data 

transformations such as normalizing, and oversampling were performed on the training set. 

After fitting or training models, each model was fed new, unseen, and untransformed data 

(validation set) to measure model accuracy (Figure 5). All models were also used in their 

default form. No parameter tuning was employed. For comparison, F1-scores, ROC-AUC, 

recall, accuracy, and precision of models on the validation set were used.  

 

 Class imbalance in the outcome variable prompted another experiment to further 

compare predictive models. The models were trained on two different datasets, the new 
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dataset (dataset with imbalance target classes or original dataset), and a copy of the new 

dataset with balanced target classes (transformed dataset) to observe model performance 

across all metrics. For transformed data, Synthetic Minority Over-sampling Technique 

(SMOTE) was used to oversample the minority class until it matched the majority class 

(Figure 5). Having balanced classes of the target variable is important for both ML and NN 

models. Balanced classes prevent models from overfitting the majority class. However, 

SMOTE benefits models at the cost of introducing noise to the data. Another method used by 

other researchers to balance classes is to under-sample the majority class. This method also 

risks losing important data even if it is believed to benefit the models’ performance. 

Comparing models’ performance on both the original and transformed dataset gave the study 

an in depth understanding of how models’ performance is affected by the distribution of the 

outcome variable.  
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There were three main model comparisons: comparison of models’ performance on 

original train dataset, comparison of models’ performance on transformed train dataset, and 

comparison of models’ performance in general. There is more to model performance than 

only accuracy can tell. Accuracy can tell how good of a predictor a model is, but it does not 

tell how good a model predicts the class of interest like predicting the risk for diabetes. The 

results from the study showed models with the highest accuracy to have the lowest sensitivity 

when models were trained on the original train data. 
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CHAPTER 4 

RESULTS  

Baseline Characteristic 

 Each row or record in the dataset represented a person (subject). In total, there were 

69467 subjects evaluated for DM. Only 13556 of subjects reported have DM. The subjects 

were 40 years and older. There were more females (59.4%) than males (40.6%) and about 

20% of all subjects reported having DM. Chi-square test was used to evaluate the association 

between a predictor and the outcome variable (Table 1). The p-value for all predictors was 

less than 0.001 except for location (p = 0.014) indicating that all predictors except location 

influenced the outcome. Standard mean difference (SMD) ranged from 0.031 to 0.728 with 

general health (0.728) having the highest followed by BMI (0.572), employment (0.411), 

exercise (0.330), age (0.316), income (0.299), physical health (0.288), education (0.226), 

race (0.213), flu shot (0.184), relationship status (0.123), sleep time (0.120), smoking status 

(0.099), mental health (0.048), and location (0.031).  
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Model Comparison  

 Models were trained using either a training set from the original dataset (significant 

imbalance in the outcome variable classes: 20 to 80%) or a transformed dataset (balanced 

outcome classes). Both training sets were scaled and normalized. The performance of each 

model was evaluated on the test set of each dataset that did not undergo outcome class 

imbalance correction, scaling, or normalization. This approach showed how model accuracy 

alone could be misleading as a measure of performance because accuracy only shows correct 

total predictions and does not consider how well a model discriminates between outcome 

classes. To validate the comparison of different models, multiple metrics were used with 

much focus on ROC-AUC, recall or sensitivity, precision, and F1-score of each model. Also, 

K-fold validation was employed.  
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Area Under the Curve measures the ability of model to discriminate classes.  

Model accuracy is a good metric for comparison in the absence of classes imbalance. 

However, datasets for real life problems like T2DM classification do not guarantee balanced 

classes. Therefore, evaluating metrics other than accuracy is particularly important to 

determine model performance.  

Model Comparison on Original Dataset 

 For the first type of model comparison, models’ accuracy ranged from 71.6% to 81%, 

ROC-AUC from 0.57 to 0.75, precision from 0% to 55.7%, recall from 0% to 38.3%, and F1-

score from 0% to 38%. ROC-AUC for DT (0.57), KNN (0.65), and SVC (0.68) and 
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interpreted as  failed or poor predictive models (Table 2 and Figure 7). GNB, LR, RF, NN 

and XGB had satisfactory to good ROC-AUC and accuracy values. Time it took for the 

models to train on training data and score on test data was another important evaluation. SVC 

was the worst model timewise. It took longer to fit and score these models as indicated in 

Table 3. The NN model took longer to train but it was faster to score. Again, SVC had the 

third highest accuracy (80.6) but overfitted on the majority class and failed to discriminate 

between classes. SVC had an F1-score, recall and precision value of 0. Training models on 

the original dataset caused models to overfit on the majority class. Thus, they had poor 

sensitivity, precision and F1-Score which is crucial in detecting actual positive cases for 

T2DM. These results confirmed the hypothesis and failed to produce a good model.  

Model Comparison on Transformed Dataset  

For the second type of model comparison using transformed data, the models’ 

accuracy ranged from 66.7% to 82.5%, ROC-AUC from 0.73 to 0.91, precision from 66.9% 

to 79.7%, recall from 66.4% to 92.1%, and F1-score from 66.5% to 83.2% (Table 2 and 

Figure 7). This comparison clearly showed RF to be the best performing model with 

consistently good and excellent fit across all metrics (accuracy: 82.5%, ROC-AUC: 0.91, 

precision: 79.7%, recall: 87.0%, and F1-score: 83.2%). On the other hand, GNB had the 

poorest fit across all models (Figure 7). SVC was again the worst model timewise. It took 

longer to fit and score as indicated in Table 3. The NN model had satisfactory scores across 

all metrics, and it took longer to train but faster to score. With this comparison, all models 

showed increased values of recall, precision and F1-score suggesting that significant outcome 

class imbalance had a negative effect on all models. RF, KNN, and DT had F1-score values 

of 83.2%, 80.9%, and 78.7%, recall values of 87.0%, 92.1% and, 83.0% and precision values 
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of 79.7%, 72.2%, and 74.7%, respectively. KNN had the fastest training, but longest testing 

time and RF and DT had slightly slower training time and faster testing time (Table 3). KNN, 

RF and DT models are good candidates for T2DM screening because they discriminated 

between classes of the outcome variable (high recall and precision) and detected false 

negative and positive cases (high F1-Score). 
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Comparison With Previous Studies.  

 The results of this study were compared with a similar study conducted in 2019 that 

used the 2014 BRFSS dataset. They also transformed their training data using SMOTE. They 

found DT to have the highest sensitivity (51.6%) for T2DM.32 For this study, DT was also 

among models with the best sensitivity (82.5%). The significant difference in sensitivity 

values may have been caused by differences in the outcome variable’s class distribution, 

number and choice of predictors, and data cleaning and/or feature engineering techniques.  
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CHAPTER 5 

CONCLUSIONS/DISCUSSION 

 There are many published studies about T2DM that have produced  predictive 

models. Some studies used longitudinal data and had full control of the type of data to 

collect. As a result, they produced models with ROC-AUC greater than 0.95. In most cases, 

these models were created specifically for clinical use. This study evaluated performance of 

eight models being KNN, RF, GNB, LR, DT, XGB, SVC and NN using readily available 

predictors to find the best performing predictive model. Training models on the original 

training dataset confirmed the association between model performance and distribution of 

classes in the outcome variable. This also shows why model accuracy alone should not be 

used as a measure of performance. Overall, ML and NN models performed better when 

trained on the transformed training data. KNN, RF, and DT were good candidates for initial 

T2DM screening because of their high recall, precision, and F1-score. 

Clinical Implication  

 T2DM affects millions of people worldwide. It is associated with serious 

microvascular and macrovascular complications such as ischemic heart disease, nephropathy, 

peripheral vascular disease, cerebrovascular disease, retinopathy, and neuropathy. These 

complications are associated with increased morbidity, mortality, and health cost. It is 

important to have a reliable predictive model available for everyone to help detect or screen 

for T2DM. Literature shows that early detection of risk and early treatment may prevent or 

delay the onset of the disease for those at risk or may reduce associated complications for 

those with the disease. Thus, preventing or reducing the effects of T2DM through early 



 25 

detection will reduce the burden of this epidemic on people and entities that are directly or 

indirectly affected.  

Limitations  

 The findings of this study should be interpreted in the context of limitations. The 

2020 BRFSS dataset did not clarify whether all DM cases were T1DM or T2DM. The study 

was carried out under the assumption that subjects who were 40 years and older represented 

T2DM cases. Anyone younger than 40 years of age was excluded. The best performing 

models were trained on transformed data. This data corrected the significant training data 

outcome class imbalance issue. SMOTE was used to correct the imbalance by randomly 

oversampling the minority class to match the majority class. This method might have added 

noise to the data. However, testing or scoring of model performance was done on 

untransformed data. Finally, all models were compared in their default form. Some models 

may have had an advantage because heterogeneity or homogeneity of parameters was not 

assessed. 

Conclusions  

 The creation of predictive models used readily available variables for public use 

unlike longitudinal studies using variables specifically for clinical use. Future work will 

include feature selection, tuning of model parameters and using additional metrics like 

confidence interval to compare models. 
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