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Abstract

Background: Environmental exposures are implicated in diabetes etiology, but are poorly
understood due to disease heterogeneity, complexity of exposures, and analytical challenges.
Machine learning and data mining are artificial intelligence methods that can address these
limitations. Despite their increasing adoption in etiology and prediction of diabetes research, the
types of methods and exposures analyzed have not been thoroughly reviewed.

Obijective: We aimed to review articles that implemented machine learning and data mining
methods to understand environmental exposures in diabetes etiology and disease prediction.

Methods: We queried PubMed and Scopus databases for machine learning and data mining
studies that used environmental exposures to understand diabetes etiology on September 191",
2022. Exposures were classified into specific external, general external, or internal exposures. We
reviewed machine learning and data mining methods and characterized the scope of environmental
exposures studied in the etiology of general diabetes, type 1 diabetes, type 2 diabetes, and other
types of diabetes.

Results: We identified 44 articles for inclusion. Specific external exposures were the most
common exposures studied, and supervised models were the most common methods used.
Well-established specific external exposures of low physical activity, high cholesterol, and high
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triglycerides were predictive of general diabetes, type 2 diabetes, and prediabetes, while novel
metabolic and gut microbiome biomarkers were implicated in type 1 diabetes.

Discussion: The use of machine learning and data mining methods to elucidate environmental
triggers of diabetes was largely limited to well-established risk factors identified using easily
explainable and interpretable models. Future studies should seek to leverage machine learning
and data mining to explore the temporality and co-occurrence of multiple exposures and further
evaluate the role of general external and internal exposures in diabetes etiology.
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1. INTRODUCTION:

Diabetes mellitus is a group of chronic metabolic disorders characterized by dysfunctional
carbohydrate metabolism and glucose dysregulation. With an estimated 34.2 million people
affected and 1.5 million new cases per year in the United States, diabetes mellitus is

an increasingly prevalent public health crisis (1). Significant morbidity and mortality are
attributed to diabetes progression, as diabetes is the leading cause of kidney failure, lower-
limb amputation, and adult blindness and the 7™ leading cause of death in the United States
(1, 2). Diabetes also represents a substantial financial burden for patients and healthcare
organizations alike, with an average 2.3 times increase in expenditure in diabetic patients
compared to controls (3). Together, these statistics highlight the need for early detection,
improved diagnosis, and primary prevention of diabetes and its complications.

Strategies to prevent and predict onset of diabetes are complicated by the heterogeneity of
diabetes phenotypes and limited understanding of diabetes etiology. There are several types
of diabetes mellitus, type 1 diabetes mellitus (T1DM) and type 2 diabetes mellitus (T2DM)
being the most common. T1DM results from autoimmune destruction of insulin-producing
pancreatic beta cells and accounts for approximately 10% of diabetes cases worldwide (4,
5). In contrast, T2DM results from a combination of deficient insulin secretion and insulin
resistance among insulin-sensitive tissues and affects 462 million individuals globally (4, 6).
The etiology of autoimmune destruction in TIDM and insulin malfunction in T2DM are
poorly understood but are thought to be due to genetic and environmental factors (4, 7, 8).

Environmental exposures can be holistically defined by the exposome — the total exposures
an individual experiences from the prenatal period until death (9, 10). Environmental
exposures include general external exposures such as urban environment and climate;
specific exposures such as diet and physical activity; and internal exposures such as

the gut microbiome and the metabolome (10). Recent findings suggest a role for upper
respiratory infections, early dietary exposures, and psychological stress in TLDM (11) and
diet quantity and quality, limited physical activity, increased sedentary time, exposure to
noise, exposure to fine dust, sleep disturbances, and smoking in T2DM (12). Despite these
findings, no individual exposures have been attributed to diabetes etiology. Investigating the
role of environmental exposures in diabetes etiology is complex due to the vast number and

Artif Intell Med. Author manuscript; available in PMC 2024 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Mistry et al.

Page 3

variety of exposures, variations in exposure collection, and insufficient statistical methods to
consider the complex relationships between multiple exposures (13, 14).

Machine learning and data mining approaches are promising analytical approaches that
have been used in diabetes research to address these limitations. Previous reviews have
detailed the use of data mining and machine learning in diabetes research (15-20). A

wide range of algorithms have been implemented, with supervised algorithms (15, 18)
being more commonly reviewed than unsupervised and data mining algorithms (20). The
most frequently used algorithms ranged from support vector machines (15, 16), neural
networks (16, 18), logistic regressions (16), and decision trees (16). Though many studies
tested multiple machine learning algorithms (15, 20), external validation with alternate
datasets was rarely performed (18). Notably, these studies discuss applications of data
mining and machine learning methods across fields of prediction and diagnosis, genetic and
environmental components of etiopathology, diabetes complications, and healthcare systems
and management. However, few studies systematically review literature applying these
approaches to diabetes onset prediction and etiology. Big-data repositories of environmental
data in individuals susceptible to diabetes and improvements in electronic medical record
collection and storage have enabled the implementation of these advanced computational
methods to elucidate diabetes etiopathology.

Despite these advances, literature on the use of machine learning and data mining

methods to elucidate environmental factors involved in diabetes etiology remains poorly
characterized. Therefore, the objective of this scoping review was to explore machine
learning and data mining approaches to understand environmental exposures in diabetes
etiology. This review is organized as follows: first, a detailed description of the methodology
used to identify articles is presented. Next, the general results of the included articles and
pertinent findings relating to each diabetes type are summarized. This review concludes with
a summary of the main findings, discussion of the gaps in environmental exposures, machine
learning, and data mining methods implemented, and strengths and limitations of the study.

2. MATERIALS AND METHODS:

This scoping review follows the guidelines of the Preferred Reporting Items for Systematic
reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) (21). The search
strategy, screening and eligibility criteria, and data extraction and analysis procedures are
described below.

2.1. Search Strategy:

To systematically identify articles that applied machine learning and data mining techniques
using environmental exposure data for diabetes prediction and etiology, we searched
original research articles using the PubMed and Scopus databases on April 9t 2021,

and updated the search on September 19t, 2022. The search terms for both searches

were constructed by concatenating “diabetes,” “machine learning,” or “data mining,”

and terms related to environmental exposures. The search criteria for environmental
exposures were derived from the Exposure Science Ontology (ExO) exposure stressor

class and included “exposome”, “environment”, “exposure”, “biological”, “biomechanical”,
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“chemical”, “ecological”, “transport”, “physical”, “psychological”, and “social” (22).
Additional articles were identified by backward reference literature search and duplicated
articles were removed. Articles from both searches were merged (Supplementary Methods:
Search Strategy).

2.2. Eligibility & Selection:

English articles and articles published in peer-reviewed journals or conference proceedings
were considered for screening. Articles were screened on the title and abstract review for
relevance to prediction or etiology of diabetes, use of machine learning or data-mining
techniques, and inclusion of environmental exposures. Full-text articles were retrieved

with institutional licenses and further assessed for eligibility. Articles not relating to

diabetes onset prediction or etiology were excluded. Articles that did not use environmental
exposures and machine learning or data mining methods were also excluded. Finally, articles
conducted in non-human data or samples were excluded.

2.3. Data Extraction & Analysis:

Criteria for data extraction were developed using Guidelines for Developing and Reporting
Machine Learning Predictive Models in Biomedical Research (MLP) (23) and the
Transparent reporting of multivariable prediction model for individual prognosis or
diagnosis (TRIPOD) Statement (24). Extracted information included article information,
study characteristics, outcome variables, predictor variables, patient characteristics, methods,
results, and discussion. A detailed list of extraction items is presented in Supplementary
Table 1.

Exposures were classified as internal exposures, specific external exposures, or general
external exposures, as proposed by Wild (10). Articles were grouped by the diabetes

type used for the predictor variable as defined by the American Diabetes Association
guidelines (4) because the pathogenesis of each type of diabetes is different, and separate
environmental exposures may be involved in disease onset. The article groups include
general diabetes (GD), TIDM, T2DM, and other. Methods were categorized as data mining
if the approaches were used for knowledge discovery and as machine learning if the
approaches were used for prediction (25, 26). Machine learning algorithms were separated
into supervised machine learning and unsupervised machine learning. Descriptive statistics
were calculated for relevant extraction criteria, including the median and interquartile range
(IQR) for numeric variables and the percentage and count for categorical variables.

3. RESULTS:

Overall, 2,426 unique articles were retrieved from Scopus, PubMed, and backward reference
literature searches. Screening on title and abstract removed 2,286 articles. Full-text review of
the remaining 140 articles resulted in excluding an additional 96 articles, leaving 44 articles
for inclusion in the final review (Figure 1).
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3.1. General Study Results:

This section discusses study characteristics, datasets, and machine learning methods
implemented in all 44 articles included in the study (Supplementary Table 2).

3.1.1. Article Descriptions: Articles spanned a 13-year range, with a substantial rise
in publications after 2017 (Figure 2A). Data collection occurred in several countries, with
most studies being conducted in the United States (n = 13) and China (n = 9) (Figure

2B). Study designs included cohort (n = 22), cross-sectional (nh = 16), and case-control (n

= 3), with three studies not specifying the design framework. Studies were similarly split
between retrospective (n = 22) and prospective (n = 19) methods of data collection. Overall,
the median number of subjects included was 3,589 (IQR: 8,132 subjects), and the median
number of variables included was 18 (IQR: 30 variables).

3.1.2. Diabetes Types: Diabetes was classified as GD in 30% (n = 14), TIDM in

19% (n =9), T2DM in 25% (n = 12), and as other in 26% (n = 12) of articles (Figure

2C). The other category included prediabetes alone as well as prediabetes and diabetes.
Clinical diagnosis of diabetes was evaluated by fasting plasma glucose (n = 19), oral glucose
tolerance testing (n = 14), or islet autoantibody measurements (n = 7), and 10 studies did

not specify how diabetes was determined. While the percentage of cases and controls was
similar for TLDM (cases median: 50%, controls median: 50%), the GD (cases median: 24%,
controls median: 76%), T2DM (cases median: 11%, controls median: 89%), and other (cases
median: 23%, controls median: 77%) groups had larger proportions of controls to cases
(Figure 2D). Despite this discrepancy, only seven studies employed methods to correct or
adjust the analysis for class imbalance.

3.1.3. Exposure Variables: Exposure data was collected using a variety of techniques,
including biological samples (n = 26), survey (n = 24), clinical measurements (n = 9),
medical records (n = 6), and sensors (n = 4). Most studies used existing data sources

(n = 30), and 14 collected novel data. Exposures were classified as specific external
exposures, general external exposures, and internal exposures. Detailed definitions are
provided (Supplementary Table 3). Specific external exposures were the most common
exposure studied. Variables in articles included smoking (n = 21), physical activity (n =
25), dietary and nutritional factors (n = 24), alcohol (n = 15), psychological stress (n =

10), sleep (n = 7), and medications (n = 6) (Figure 2E). There was significant variability in
how various exposures were defined, with many studies not specifying how some exposures
were defined (Supplementary Table 3). General external exposures were the least common
exposure studies. General exposures evaluated in articles included location (n = 5), air
pollution (n = 4), traffic (n = 1), noise pollution (n = 1), and built environment (n =

1) (Figure 2E). Finally, at least one internal exposure was included in 13 articles. Data
types included gut microbiome (n = 4), metabolome (n = 7), vaginal samples (n = 1), and
analytical measurements from hair and urine (n = 1) (Figure 2E).

3.1.4. Machine Learning and Data Mining Methods: Articles used a variety
of machine learning and data mining models, including supervised models (n = 35),
unsupervised (n = 5), both supervised and unsupervised (n = 3), and data mining (n = 1)
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methods. Most studies tested multiple algorithms (n = 29), with a median of 2.5 algorithms
tested (IQR: 3). Ensemble algorithms were the most common algorithm overall (n = 20),
followed by logistic regressions (n = 16), support vector machines (n = 14), and decision
trees (n = 12) (Figure 2F). The most common ensemble method used was random forest
(Table 1). Regularized regression models, Bayesian methods, and neural networks were
trained in eight articles each, while k-Nearest neighbor models were trained in four articles
(Table 1). Unsupervised and data mining algorithms were less common than supervised
methods (Figure 2F). Unsupervised algorithms were primarily used for dimensionality
reduction (n = 5), while clustering was implemented in three articles (Table 1). Only one
article used a data mining method for rule-based learning with the apriori algorithm (Figure
2F).

3.2. General Diabetes (GD):

This section discusses the following 14 articles related to GD (27-40).

3.2.1. Patient Characteristics: Studies predicting GD were primarily conducted in
adults (n = 10). Of the 7 studies that reported the proportions of patients by sex, the median
percentage of males was greater than females (males: 55%, females: 45%).

3.2.2. Predictor Variables: Articles studying GD included a wide array of exposures
(Figure 3A). Specific external exposures were the most common exposures studied, with
physical activity (n = 9), smoking (n = 8), and diet and nutrition (n = 8) being studied most
frequently. General external and internal exposures were less frequently evaluated, with
only two articles including air pollution measures and one article including location, built
environment, metabolomics, hair samples, and urine samples each. Among non-exposure
variables, anthropometric (n = 11) and demographic features (n = 11) were often included
while no studies evaluated genetic markers (Figure 3B).

3.2.3. Pre-processing Methods: Of the 14 articles in this group, five completely
removed missing variables, one applied mean imputation, one applied k-nearest neighbor
imputation, and the remaining articles did not specify how missing data was handled. The
most common train-test split was 80% training and 20% testing (n = 3), with two articles
using a 70%-30% split, one using a 66%-33% split, and the remaining not specifying

the train-test split. Class imbalance was addressed using Synthetic Minority Oversampling
Technique (SMOTE) in two articles.

3.2.4. Machine Learning and Data Mining Methods: The most common machine
learning methods used were supervised (n = 12), while only two studies used unsupervised
methods (Figure 3C). Of the 14 articles in this group, 9 tested and compared the
performance of multiple machine learning models. Overall, studies assessing GD evaluated
the widest range of machine learning algorithms (Table 1). The most common methods
were ensemble methods (n = 6) and support vector machines (n = 6), followed by logistic
regressions (n = 5) (Figure 3D). Cross-validation was performed in 10 articles, with 10-fold
cross-validation being the most common (n = 7). Model performance was evaluated using
accuracy (n = 6), precision (n = 2), recall (n = 6), specificity (n = 5), F-score (n = 3), and
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area under the receiver operating curve (AUROC) (n = 9). Feature importance was assessed
in 7 articles.

3.2.5. Results: Two studies comparing multiple models reported that neural networks
achieved the best predictive performance. Esmaeily et al. (38) found that their artificial
neural network model had improved accuracy and that the most important exposure
variables were total cholesterol and triglyceride levels. Xie et al. (28) found that while

their neural network model outperformed eight other models, the decision tree model
demonstrated superior sensitivity and found that sleeping fewer than six hours per day
increased the risk for diabetes. Olivera et al. (29) also compared the performance of

several machine learning methods and found that both artificial neural networks and logistic
regressions achieved the best AUROC; however, they did not detail variable importance.

Tree-based algorithms and ensemble methods demonstrated superior performance compared
to other models. Esmaily et al. (27) compared the performance of decision trees and random
forest algorithms. Their random forest model demonstrated improved specificity, accuracy,
and AUROC and found that triglyceride, low-density lipoprotein, and total cholesterol levels
were the most important features for predicting diabetes status (27). Cuesta et al. (35) also
exclusively trained decision trees and reported body mass index and age as the overall most
important features. Environmental exposures of the number of hours outside, psychological
distress, physical activity, and lot trash were also important for diabetes prediction. In
comparison, Dinh et al. (36) evaluated the performance of several algorithms, including
logistic regressions, support vector machines, random forest, and gradient boosting. They
found that XGBoost has the best performance, with sodium intake being the only exposure
predictive of diabetes onset.

Non-tree-based ensemble methods were also used to predict GD. Deberneh et al. (32) found
that ensemble methods achieved better accuracy than non-ensemble methods. The most
predictive exposures included triglycerides, smoking status, drinking status, and physical
activity (32). Interestingly, this set of features demonstrated superior prediction than the
traditional 5-predictor model of plasma glucose, HbAlc, body mass index, age, and sex.
Chen et al. (34) used principal component analysis on elemental concentrations derived from
hair samples and found that age-dependent concentrations of zinc and iron distinguished GD
cases from controls.

Two articles used chemical exposure data to predict the onset of GD (39, 40). Oh et al.

(39) found that Bayesian network classifiers incorporating environment-polluting chemicals
such as aryl hydrocarbon receptor ligands, mitochondria-inhabiting substances determined
by ATP contents, and mitochondria-inhabiting substances determined by reactive oxygen
species levels substantially improved predictive performance of impaired glucose tolerance
and GD. In contrast, Wei et al. (40) used a LASSO regression model to predict GD using a
combination of chemical exposures and other risk factors. Among the chemical exposures,
lead, mercury, arsenic, and cadmium were the most influential features. However, they also
found that environmental chemical exposures were less predictive of GD than traditional risk
factors such as age, body mass index, and nutritional intake.
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The remaining studies used a variety of machine learning techniques to predict GD. Yu et
al. (37) found similar performance between support vector machine and logistic regression
models; however, the feature importance of environmental exposure variables was low.
Similarly, Chandrakar et al. (33) found that k-means clustering with the Euclidean distance
identified three clusters that distinguished diabetic and non-diabetic patients but did not
evaluate feature importance. Kumarage et al. (31) used the least absolute shrinkage and
selection operator and found that the number of physical activity hours and number of
sedentary life hours were important exposure predictors for diabetes. Li et al. (30) utilized
metabolomics data and identified five potential diabetes biomarkers that were all implicated
in hyperglycemia or deregulation of fatty acid metabolism.

3.3. Type 1 Diabetes Mellitus (T1DM):

This section discusses the following nine articles related to TIDM (41-49).

3.3.1. Patient Characteristics: Studies predicting TLDM were only conducted in
children (n = 9). The median percentage of females was equal to the median number of
males (females: 50%, males: 50%) as reported in 5 studies.

3.3.2. Predictor Variables: Internal exposures were the most common exposures in
studies evaluating TIDM (Figure 3A), with three studies using gut microbiome data, five
using metabolomics, and one using maternal vaginal microbiome data. In contrast to studies
evaluating GD, no studies evaluating TLDM incorporated general external exposures, and
only two incorporated diet and nutrition exposures. Among non-exposure variables, genetic
markers were the most studied covariate (n = 3, Figure 3B).

3.3.3. Pre-processing Methods: Missing data was imputed using GmSimpute, a
label-free metabolomic imputation tool (n = 2), random forest (n = 1), or minimum value
imputation (n = 1), while two articles completely removed missing data. Train-test split was
not indicated in most articles, and class imbalance methods were not applied.

3.3.4. Machine Learning and Data Mining Methods: Similar to articles studying
GD, articles studying T1DM primarily used supervised algorithms (n = 5), though several
used unsupervised (n = 2) or a combination of supervised and unsupervised algorithms (n =
2) (Figure 3C). Of the nine articles in this group, five compared the performance of multiple
machine learning algorithms. Similar to articles studying GD, ensemble methods were the
most common model trained (n = 5) (Figure 3D). Unlike other groups, decision trees and
neural networks were not assessed by articles evaluating TIDM (Table 1). Cross-validation
was performed in five articles and the most common performance metric was AUROC (n =
2). Feature importance was assessed in five articles.

3.3.5. Results: Three studies applied a combination of unsupervised and supervised
methods to evaluate gut microbiome data. Brown et al. (41) found that TADM patients
had fewer butyrate-producing and mucin-degrading bacteria and greater short-chain fatty
acid-producing bacteria than controls. Biassoni et al. (42) found that patients with

newly diagnosed T1DM demonstrated differential abundance of several Bacteroides,
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Bifidobacterium, and Gammaproteobacteria. Using random forest, unsupervised analysis
did not identify any exposures related to gut microbiome clusters (42). However, other
Bacteroides species implicated in the microbiota of TIDM individuals were identified

as important features in a random forest algorithm developed by Fernandez-Edreira et

al. (49). Unlike other studies, Ruotsalainen et al. (47) evaluated the role of maternal

vaginal microbiomes to T1DM risk in infants. They found that an increase in bacteriome
diversity and a decrease in mycobiome diversity were more common in mothers of children
with TIDM compared to controls using principal components analysis. Using random
forest models, they further found that bacteria and fungal data significantly improved the
prediction of TIDM status compared to models generated with bacteria or fungi alone (47).

Two studies conducted by Li et al. (43, 46) utilized metabolomics and lipidomics data on

an elastic net conditional logistic regression model. They found that islet autoimmunity

was preceded by reduced serum proline and branched-chain amino acids (43). They further
found that individuals with reduced serum ascorbic acid and cholesterol experienced islet
autoimmunity at earlier ages and that serum Vitamin D levels were lower in individuals who
progressed to T1DM using a gaussian clustering approach (46).

Three additional studies combined multivariate datasets to predict the development of islet
autoantibodies and T1IDM. Webb-Robertson et al. (44) used feature selection to identify a
subset of environmental, genetic, and metabolomic variables and found that 22 metabolites
and lipids, exposure to prebiotic formula, and 18 genetic markers were predictive of
persistent islet autoantibody development. The following year, Webb-Robertson et al. (48)
developed a model to predict the development of TIDM by six years of age using temporal
environmental, genetic, and metabolomic measurements collected at 3, 6, and 9 months of
life. Exposure to cow’s milk before age 6 months, three metabolites at three months, five
metabolites at 6 months, and three metabolites at nine months were among the top predictive
features (48). Frohnert et al. (45) also utilized genetic, immunologic, metabolomic, and
proteomic biomarkers to predict the development of islet autoantibodies and progression
to TLDM. They identified a novel set of 16 metabolomic markers that predicted islet
autoantibody development and further found that serum glucose, adenosine diphosphate
(ADP) fibrinogen, and mannose predicted progression to TLDM (45).

3.4. Type 2 Diabetes Mellitus (T2DM):

This section discusses the following 12 articles related to T2DM (50-61).

3.4.1. Patient Characteristics: All studies predicting T2DM were conducted in adults
(n = 12). Of the seven studies that reported the proportions of patients by sex, the median
percentage of males was greater than females (females: 45%, males: 55%). One study
stratified its predictive model by sex (54).

3.4.2. Predictor Variables: Similar to studies evaluating GD, studies evaluating T2DM
demonstrated a wide array of exposure variables included in training models (Figure 3A).
Specific external exposures were frequently studied, specifically smoking (n = 8), physical
activity (n = 8), and diet and nutrition (n = 7). General external exposure variables included
were noise pollution (n = 1), traffic (n = 1), air pollution (n = 2), and urbanicity (n = 3).
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Few studies evaluated internal exposure variables. Studies evaluating T2DM also examined
several non-exposure variables in predictive models, including anthropometric (n = 10) and
demographic (n = 10) variables (Figure 3B).

3.4.3. Pre-processing Methods: Most articles completely removed any instances of
missing data (n = 8), and the remaining articles applied Classification and Regression Trees
(CART) (n = 1), k-nearest neighbor (n = 1), and most frequent value imputation (n = 1).
Train-test split strategies included 70-30 or 80-20 in three articles each. Two articles used
SMOTE, and one used random under-sampling to correct for class imbalance.

3.4.4. Machine Learning and Data Mining Methods: Supervised methods were
the most used (n = 9), while two studies used unsupervised methods, one study used a
combination of supervised and unsupervised methods, and one used data mining (Figure
3C). Seven articles compared the performance of multiple machine learning algorithms.
Ensemble methods (n = 4), decision trees (n = 4) and ensemble methods (n = 4) were the
most common algorithms trained (Figure 3D). Similar to the GD articles, T2DM articles
implemented a wide array of supervised machine learning algorithms, though no studies
implemented Bayesian methods (Table 1). Cross-validation was performed in six articles,
with two studies using 5-fold cross-validation and four using 10-fold cross-validation. The
most common performance metrics were AUROC (n = 6) and sensitivity (n = 5). Feature
importance was assessed in seven articles.

3.4.5. Results: Three studies were conducted using the Tehran Lipid and Glucose study
data set by Ramezankhani et al. (50, 51, 54). The first study using association rule mining
stratified results by sex and found that length of stay in the city greater than 40 years,

total cholesterol to high-density lipoprotein ratio greater than 5.3, and low physical activity
levels were exposures that increased the risk for diabetes occurrence in men only (50). The
second study utilized decision trees and identified triglycerides as important environmental
exposures for predicting T2DM (51). The third study also exclusively trained decision trees
and found that the Quick Unbiased Efficient Statistical Tree (QUEST) algorithm had the
highest sensitivity among models trained on male and female data (54).

Two studies evaluated the predictive performance of internal exposures in predicting T2DM.
Peddiniti et al. (55) performed regularized least-square regression modeling and found nine
metabolites that were negatively associated and 25 that were positively associated with
progression to T2DM, including alpha-tocopherol and bradykinin hydroxyproline. Reitmeier
et al. (52) identified 13 taxa with abnormal signatures in gut microbiome membership for
patients with T2DM. These taxa all shared a common metabolic function with diurnal
oscillations of gut bacteria, suggesting a link between the circadian rhythm and the gut
microbiome in T2DM etiology (52).

Two studies identified dietary risk factors for T2DM. He et al. (53) compared the
performance of a polyexposure risk model alone, a polygenic risk model alone, and

a combination of polyexposure and polygenic risk model in predicting T2DM. The
combination of polyexposure and polygenic risk models improved T2DM classification
accuracy according to the C-statistic (53). Of the 12 most important variables, the exposure
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variables included alcohol intake, dietary changes in the past five years, milk type used by
fat percentage, dietary restrictions, spread type used (butter or other), tea intake per day, and
past tobacco use (53). Xue et al. compared the performance of several decision-tree-based
models (56). They found that XGBoost has the best performance, and important exposures
included smoking amount, physical activity, drinking status, the ratio of meat to vegetables
in their diet, the amount of alcohol consumed, smoking status, and an oil-loving diet (56).

Two studies found that ensemble methods had the best performance metrics (59, 61).
Though Ganie et al. (59) used lifestyle data in their model, they did not assess feature
importance. In contrast, Liu et al. (61) used a combination of lifestyle data and laboratory
measurements and found that exercise status was among the most important environmental
exposures in predicting T2DM.

The remaining studies compared multiple machine learning approaches. Riches et al. (60)
assessed the cooperative effects of multiple air pollution measurements on the incidence
of T2DM using principal component analysis and k-means clustering. Clusters with the
highest incidences of T2DM were associated with the highest mean concentrations of

CO, NO2, PM10, PM2.5, and SO2 in one model and CO, NO2, Ni, NO3, Zn, and Zr

in the second model. Wang et al. (58) evaluated T2DM using artificial neural networks
and multivariate logistic regression models and found that the artificial neural network
model yielded higher accuracy, sensitivity, specificity, and AUROC. However, the authors
did not discuss what environmental exposures were important for prediction. Lam et al.
(57) sought to determine if accelerometer data could distinguish individuals with T2DM
from normoglycemic controls from UK Biobank participants. They trained random forest
and hidden Markov models to classify temporal physical activity phenotypes derived from
raw accelerometer data. They then trained XGBoost, random forest, and logistic regression
models to classify T2DM patients from controls using these phenotypes, anthropometric,
and environmental variables (57). All three classifiers demonstrated high AUROC and F1
SCOres.

3.5. Other (Prediabetes or Prediabetes and Diabetes):

This section discusses the following 12 articles related to other types of diabetes (36, 37, 52,
62-70).

3.5.1. Patient Characteristics: Studies predicting prediabetes alone or prediabetes and
diabetes together were primarily conducted in adults (n = 10), with one study in both
children and adults and another in adolescents. Similar to the T2DM studies, the median
percentage of males was greater than females in the seven studies that reported patient sex
(females: 44%, males: 56%).

3.5.2. Predictor Variables: Exposures studied in articles predicting prediabetes alone
or prediabetes and diabetes together focused on specific external exposures similar to GD
and T2DM studies (Figure 3A), and the most commonly studied variables were physical
activity (n = 9), diet and nutrition (n = 8), and smoking (n = 6). Only one article included
general external and internal exposures. Non-exposure variables were also studied, with
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anthropometric (n =11), demographics (n = 11), and family history (n = 10) being the most
common (Figure 3B).

3.5.3. Pre-processing Methods: Five articles completely removed missing variables,
with two performing Multiple Imputation by Chained Equation (MICE) method, one using
mean imputation, and the remaining did not specify how missing variables were handled.
Train-test split was 70-30 or 80-20 in four articles each. One article used SMOTE analysis
to correct for class imbalance, and another compared the performance of under-sampling,
over-sampling, random over-sampling (ROSE), and SMOTE.

3.5.4. Machine Learning Methods: Supervised algorithms were the most common
methods used (n = 12) (Figure 3C). Nine articles compared the performance of multiple
algorithms. Similar to GD and T2DM articles, ensemble methods were the most common
algorithms trained (n = 7), followed by logistic regressions (n = 6), and support vector
machines (n = 6), and decision trees (n = 5) (Figure 3D). Similar to the GD and T2DM
articles, other articles implemented a wide array of supervised machine learning algorithms,
though no studies implemented k-nearest neighbor methods (Table 1). Cross-validation was
performed in eight articles, including 10-fold (n = 5) and 5-fold (n = 3). Model performance
was most evaluated using AUROC (n = 8) and sensitivity (n = 7). Feature importance was
assessed in 10 articles, and external validation was performed in three articles.

3.5.5. Results: Three studies focused on the prediction of prediabetes only. Silva et

al. (63) trained four machine learning algorithms and compared the performance to the
Centers for Disease Control and Prevention (CDC) prediabetes screening tool. All four
models outperformed the CDC tool, and 20 novel predictors were identified by the logistic
regression model and five novel predictors by the ensemble models, of which environmental
predictors included serum triglyceride, serum potassium, vigorous activity status, and serum
calcium (63). Dihn et al. (36) found that ensemble models achieved higher AUROC scores
in predicting prediabetes and found that sodium intake was predictive of prediabetes. Choi et
al. (68) compared the performance of artificial neural networks and support vector machines
using an internal and external validation dataset and found that the support vector machine
model produced superior performance.

Nine studies grouped prediabetes and diabetes into one predictive outcome. Decision trees
were identified as the most accurate models in five articles. Three articles conducted by

Pei et al. (62, 64, 69) found that the J48 decision tree algorithm was most predictive

of prediabetes or diabetes according to accuracy and AUROC. Together, these articles
identified that less than six hours of sleep, work-related stress, salty food preference, and
low physical activity levels were predictive of prediabetes or diabetes (62, 64, 69). Three
additional studies compared the performance of multiple machine learning models. Meng et
al. (66) found that decision trees demonstrated superior classification accuracy. This model
identified environmental exposures of preference for salt food, coffee drinking status, and
sleep duration as important predictors for prediabetes or diabetes (66). Syed et al. (67) found
that decision trees performed better than other supervised machine learning according to
the F1-score; however, the model-specific predictors were not evaluated. In contrast to the
previous studies, Hu et al. (70) focused on the detection of adolescents with prediabetes
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and diabetes. They found that weighted voting classifiers yielded the highest AUROC and
accuracy, and implicated exposures included dietary information such as water, protein, and
sodium intake.

Only one article used internal exposures. Reitmeier et al. (52) performed Ward hierarchical
clustering on gut microbiome data of patients with prediabetes and diabetes and identified
three fecal microbial clusters. Cluster 1 had the lowest microbial richness and elevated
relative abundance of Bacteroides, Cluster 2 had an elevated abundance of Ruminococcus,
and Cluster 3 had an elevated abundance of Prevotella (52). One additional article sought
to predict fasting plasma glucose levels for the diagnosis of patients with prediabetes

or diabetes. Kopitar et al. (65) used gradient boosting machines, random forest, and
generalized linear models with regularizations and identified smoking status, depression,
and physical activity levels as important predictors of glucose levels in the diagnostic range
for prediabetes and diabetes.

4. DISCUSSION:

This scoping review provides an overview of machine learning and data mining approaches
utilizing environmental exposures to elucidate diabetes etiology. Across the 44 included
articles, GD was the most common topic of the studies, specific external exposures were the
most common exposures, and supervised machine learning models were the most common
methods studied (Figure 2). Well-established specific external exposures of low physical
activity, high cholesterol, and high triglycerides were predictive of GD, T2DM, and other
diabetes, while novel metabolic and gut microbiome biomarkers were implicated in TIDM.
Easily interpretable and explainable machine learning models, such as decision trees and
support vector machines, were highly represented across studies investigating all types of
diabetes.

Overall, this review summarized machine learning and data mining methods to understand
environmental exposures in diabetes etiology, characterized the scope of exposures, and
categorized the types of machine learning and data mining methods tested. Future studies
should seek to leverage the full potential of machine learning by 1.) exploring a wider array
of environmental exposures, 2.) investigating the temporality, sequences, and co-occurrence
of exposures in diabetes etiology, 3.) discussing qualities of the big-data used in analysis
and incorporating data from more-diverse datasets, and 4.) targeting novel disease-specific
applications of machine learning and data mining methods.

Exposomics approaches offer new potential for investigating diabetes etiology and
progression but remain largely untapped. Our analysis revealed that the use of machine
learning and data mining methods to elucidate environmental triggers of diabetes were
primarily limited to well-established risk factors (Figure 2E). General external exposures,
including built environment, air pollution, climate, and socioeconomic factors, have been
shown to play a role in diabetes etiology (71-73), but were only considered in a few studies
included in this review. Therefore, future studies should seek to utilize machine learning and
data mining methods to further evaluate the role of general external in combination with
well-established specific external risk factors in diabetes etiology.
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Temporality and co-occurrence of multiple exposures are important analytical considerations
for assessing risk of environmental exposures in health and designing effective prevention
strategies. Our findings indicated that no articles examined the temporality of exposures, and
few explicitly examined co-occurrence of multiple exposures. Novel algorithms, including
sequential pattern mining (74), long short term memory networks (75), and trajectory
clustering (76-78), are well-equipped to investigate complex temporal, sequential, and
co-occurrence relationships, but have thus far not been used to understand environmental
components of diabetes etiology. Future studies should seek to utilize machine learning and
data mining to explore the temporality and co-occurrence of multiple exposures to improve
the understanding of environmental exposures in diabetes etiology. With respect to TIDM,
using these methods to understand the relationship between exposures and immune markers
is an open area of investigation.

Robust implementation of machine learning and data mining approaches requires big

data that is high in volume, velocity, variety, value, and veracity (79). In this study,

we found diversity in the volume and variety, but minimal discussion of velocity, value,
and veracity. Drawing clinically-meaningful conclusions about the role of environmental
exposures in diabetes etiology was difficult because there was significant variability in how
environmental exposures were defined (Supplementary Table 3). These definitions reflect
the value and veracity of big data and are important in assessing the external validity and
reliability of machine learning and data mining approaches (80). Thus far, access to high-
quality data in diabetes has been limited. Repositories containing open or limited access to
a variety of longitudinal exposures, such as the Environmental Determinants of Diabetes
in the Young (TEDDY) (81), Human Early Life Exposome (HELIX) (82), and the United
Kingdom Biobank (83), will enable rigorous investigation of environmental exposures in
diabetes etiology.

We identified disease-specific implementations of machine learning and data mining
algorithms to elucidate environmental contributors to disease (Table 1). Among all types
of diabetes included in this analysis, few studies evaluated unsupervised machine learning
and data mining methods. Unsupervised machine learning and data mining methods are
essential for characterizing patterns and identifying data-driven subgroups (84, 85) and
these algorithms may serve as important tools in conducting analyzes of co-exposures. We
also identified disease-specific gaps in applications of machine learning and data mining
methods. Decision trees and neural networks were not assessed in studies evaluating TLDM,
Bayesian models were not assessed in studies evaluating T2DM, and k-nearest neighbor
models were not assessed in studies evaluating other diabetes. Future studies should seek
to apply these methods to the disease-specific prediction of environmental exposures in
diabetes subtypes.

Though there have been several reviews on machine learning and data mining methods

in diabetes research, this is the first systematic approach to review machine learning and
data mining methods used to understand environmental exposures in diabetes etiology and
progression. Strengths of this review include the comprehensive search strategy and rigorous
data extraction and analysis based on multiple validated guidelines for computational
research. We used the Exposure Science Ontology to query environmental exposures;
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however, these criteria may not encompass all environmental exposures comprehensively.
Additionally, we stratified our results by GD, T1IDM, T2DM, and other diabetes. There may
be exposures involved in diabetes etiology that overlap across these subtypes or other types
of diabetes, such as monogenic diabetes of youth onset and gestational diabetes, but were
not explored in this analysis.

5. CONCLUSION:

Environmental exposures play an important role in diabetes etiology and machine learning
and data mining methods are poised to help identify novel environmental triggers. The
objective of this work was to review articles that implemented machine learning and data
mining methods to understand environmental exposures in diabetes etiology, characterize
the scope of exposures analyzed, and categorize the types of machine learning and data
mining methods tested. Our findings suggest that the use of artificial intelligence methods
to elucidate environmental triggers of diabetes were largely limited to well-established
risk factors identified using easily explainable and interpretable models. Future studies
should seek to leverage the full potential of machine learning by exploring a wider array
of environmental exposures, investigating the temporality and co-occurrence of exposures
in diabetes etiology, utilizing more diverse datasets, and targeting novel disease-specific
applications.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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HIGHLIGHTS:

. Al is poised to elucidate complex environmental exposures in diabetes
etiology

. Current approaches were limited to well-established risk factors using
traditional models

. Future work should leverage Al’s full potential while maintaining
explainability

. Studies exploring temporality, sequences & co-occurrence of environmental

exposures are needed
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Records identified through database searching:
PubMed: n = 1,404 Records identified through additional sources:
Scopus: n = 1,568 n = 26 articles
n = 2,972 articles

Identification

Total records identified:
n = 2,998 articles

Records after duplicates removed:
n = 2,426 articles

Records excluded (n = 2,286):
« 2,050 removed on title screen
« 236 removed on abstract screen

Records screened on title and abstract:
n = 2,426 articles

Records excluded (n = 96):
« 68 not related to diabetes onset or pathogenesis
« 23 lack of environmental exposures
* 3 no machine learning or data mining methods
* 1 notin humans

Full-text articles assessed for eligibility:
n = 140 articles

Eligibility

Final studies included:
n = 44 articles

Figure 1:
Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for

Scoping Reviews (PRISMA-ScR) flowchart of article inclusion and exclusion criteria.
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Figure 2:
General Study Characteristics. (A) Histogram of the number of publications by year. (B)

World map of publications by country. (C) Pie chart of articles by diabetes type including
general diabetes (GD), type 1 diabetes mellitus (T1DM), type 2 diabetes mellitus (T2DM),
and other diabetes. (D) Percentage of cases and controls by diabetes type. (E) Count of
exposure variables analyzed across all articles categorized by the Wild classification system.
(F) Count of machine learning and data mining algorithms implemented across all articles.
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Figure 3:
Description of Variables and Machine Learning Models by Diabetes Type. Types of diabetes

include general diabetes (GD), type 1 diabetes mellitus (TLDM), type 2 diabetes mellitus
(T2DM), and other diabetes. (A) Stacked bar graph of the exposure variables categorized by
the Wild classification system and diabetes type. (B) Stacked bar graph of the non-exposure
variables by diabetes type. (C) Stacked bar graph of the categories of machine learning and
data mining methods used. (D) Stacked bar graph of the types of machine learning and data
mining algorithms used.
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Table 1:
Machine Learning and Data Mining Algorithms Summary:

Page 25

Counts of machine learning and data mining algorithms and specific models by diabetes type. Types of
diabetes include general diabetes (GD), type 1 diabetes mellitus (TLDM), type 2 diabetes mellitus (T2DM),
and other diabetes. Algorithms were divided into supervised machine learning, unsupervised machine

learning, and data mining. Criterion used for each model category are also presented as relevant.

gorithm Type gorithm Name gorithm rticles odel Specifications ode
Algorithm T Algorithm N Algorith Articl Model Specificati Model
Count Count
Random Forest 20
AdaBoost 2
GD: (27-29, 32, 36, 40)
TIDM: (42, 44, 45, 47, 49) | XGBoost 5
Ensemble 20 T2DM: (52, 56, 57, 61) . :
AR o hn L Gradient Boosting 4
Other: (36, 52, 63-65, 67, 70)
Decision Jungle 1
Other/not specified 3
GD: (28, 29, 36-38)
- . T1DM: (44, 45, 47) "
Logistic Regression 16 T2DM: (57-59. 61) Other/not specified 16
Other: (36, 37, 63, 66, 67, 70)
Linear 5
Polynomial 3
GD: (28, 32, 34, 36-38) - - -
Support Vector u T1DM: (44, 45, 49) Radial Basis Function 6
Machines T2DM: (59) :
Other: (36, 37, 64, 67, 68, 70) |_S2ussian 2
Sigmoid 1
Other/not specified 5
C45 3
Supervised C5.0 2
GD: (27, 28, 35)
Decision Trees 12 T2DM: (51, 54, 56, 61) CART 2
Other: (62, 64, 66, 69, 70)
QUEST 1
Other/not specified 6
GD: (31, 40) LASSO 4
. . T1DM: (42, 43, 49)
Regularized Regressions | 8 T2DM: (53, 55) Least Squares 1
Other: (65) ElasticNet 3
Artificial Neural
GD: (27-29) 6
Neural Networks 8 T2DM: (58) Network
Other: (63, 66-68) Other/not specified 2
Naive Bayes 7
GD: (28, 29, 39)
Bayesian Methods 8 T1DM: (44, 45, 48) Bayesian Networks 2
Other: (64, 67)
Other/not specified 2
GD: (29)
k-Nearest Neighbor 4 T1DM: (44, 45) Other/not specified 4
T2DM: (59)
T1DM: (44, 45)
Other 3 Other: (67) Average Perceptron 1
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Algorithm Type | Algorithm Name Algorithm Articles Model Specifications Model
Count Count
Linear Discriminant 2
Analysis
. Principal Component
: L GD: (30) - 4
Dimensionality 5 T1DM: (41, 47) Analysis
Reduction T2DM: (53, 60)
T Partial Least-Squares 1
Unsupervised GD: (33) Clustering 2
Clustering 3 T1DM: (46)
T2DM: (60) Gaussian-based Model 1
. Weighted Correlation
Other 1 T1DM: (42) Network Analysis 1
Data Mining Association Rule Mining | 1 T2DM: (50) Apriori Algorithm 1
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