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The current study assessed the prevalence of diabetes across four different physical activity lifestyles and infer through machine
learning which combinations of physical activity, sleep, stress, and body mass index yield the lowest prevalence of diabetes in
Blacks and Whites. Data were extracted from the National Health Interview Survey (NHIS) dataset from 2004–2013 containing
demographics, chronic diseases, and sleep duration (N = 288,888). Of the total sample, 9.34% reported diabetes (where the
prevalence of diabetes was 12.92% in Blacks/African Americans and 8.68% in Whites). Over half of the sample reported
sedentary lifestyles (Blacks were more sedentary than Whites), approximately 20% reported moderately active lifestyles (Whites
more than Blacks), approximately 15% reported active lifestyles (Whites more than Blacks), and approximately 6% reported
very active lifestyles (Whites more than Blacks). Across four different physical activity lifestyles, Blacks consistently had a higher
diabetes prevalence compared to their White counterparts. Physical activity combined with healthy sleep, low stress, and average
body weight reduced the prevalence of diabetes, especially in Blacks. Our study highlights the need to provide alternative and
personalized behavioral/lifestyle recommendations to generic national physical activity recommendations, specifically among
Blacks, to reduce diabetes and narrow diabetes disparities between Blacks and Whites.
1. Introduction

The prevalence of dysglycemia, prediabetes, and diabetes
among blacks is almost double the rate among whites (13.2
versus 7.6% in Blacks and Whites, resp.). Furthermore,
Blacks have poorer glycemic control and higher diabetes-
related mortality and morbidity such as amputations, renal
disease, and diabetes-related blindness [1–7]. Biology, com-
munity/neighborhood, poor or limited healthcare, and
behavior/lifestyle are all potential contributors to this dispar-
ity [8]. Of the possible causes for this disparity, behavioral/
lifestyle factors (e.g., diet, exercise/physical activity, inade-
quate podiatry care, and monitoring blood glucose levels)
are considered the most proximal and easily modifiable.
Specifically, exercise/physical activity might provide the most
effective population health benefits for diabetes [9] as the
Center for Disease Control and Prevention (CDC) estimates
that 15–30% of individuals with prediabetes will develop
T2D within five years if they do not engage in regular
moderate-vigorous physical activity and lose weight.

Despite the universal health benefits of exercise/physical
activity in diabetes prevention and management, Blacks

https://doi.org/10.1155/2017/5906034


2 Journal of Diabetes Research
compared to Whites are less likely to adhere to the United
States Department of Health & Human Services (USDHHS)
recommendations of at least 150 minutes of moderate-
vigorous physical activity per week for optimal health
benefits [10], and as a result, they may not receive the same
health benefits, therefore further widening diabetes dispar-
ities between Blacks and Whites [11, 12]. Poor adherence to
crude physical activity recommendations, such as the
USDHHS recommendations, may be partly due to the lack
of personalized and precise interventions. It is therefore
likely that differences in exercise/physical activity contrib-
ute to differences in diabetes prevalence between Blacks
and Whites. However, little is known about which physical
activity lifestyles—combinations of quality and intensity
(moderate or vigorous), quantity (duration of physical
activity), and frequency—could reduce diabetes disparity
between Blacks and Whites. Additionally, little is known
about the additive effects other behaviors and lifestyle
factors (sleep, stress, and body mass index) may have on
diabetes prevalence when combined with physical activity,
especially among Blacks and Whites.

To address these central questions, we developed a
machine learning model, specifically a Bayesian Belief
Network machine learning model that utilizes advanced
mathematical algorithms that iteratively learn complex
relationships and deep insights from big data, using a pub-
licly available national dataset (National Health Interview
Survey) to (1) estimate the prevalence of sedentary, moder-
ately active, active, and very active lifestyles; (2) determine
the prevalence of diabetes across the different activity
lifestyles; (3) determine the prevalence of diabetes across
different activity lifestyles between Blacks and Whites; and
(4) simulate which physical activity profiles, as well as combi-
nation of behaviors and lifestyle factors (sleep, stress, and
body mass index), among Blacks would yield a similar diabe-
tes prevalence as Whites. Altogether, we anticipate that our
findings will provide more nuanced psychical activity profiles
outside of the WHO’s guidelines that are associated with low
and high diabetes prevalence in Blacks and Whites.

2. Methods

2.1. Sample. Analysis was based on the data from the
2004–2013 National Health Interview Survey (NHIS) dataset.
The NHIS dataset is a nationally representative population-
based study of noninstitutionalized adults from 50 US states.
Sociodemographic, behavioral, and health conditions and
physician-diagnosed chronic disease data were obtained
through face-to-face interviews using computer-assisted
personal interviewing (CAPI). Interviewers enter partici-
pants’ responses in CAPI via a laptop computer, which
made administration of surveys efficient and improved
data quality.

2.2. Variables. Variables of interest were derived from a
three-step system. First, using PubMed, we reviewed the
literature on potential T2D and cardiometabolic risk factors.
Second, we compiled a list of T2D and cardiometabolic
condition risk factors based on whether data was available
for that variable for the years 2004–2013 in the NHIS. Third,
the list was winnowed to thirty-four variables, which
included (1) target variables—moderate and vigorous physi-
cal activity (e.g., leisurely walking/bicycling, slow swimming/
dancing, running, lifting weights, and simple gardening
activities); (2) sleep duration (short, average, and long); and
(3) covariates (sociodemographic, general health, and
chronic health conditions, health risk behaviors, and history
of physician-diagnosed T2D) (see Table 1).

We acknowledge that our list of T2D risk factors and cor-
relates are not exhaustive, which is partly due to the limited
selection of clinical factors and biomarkers in the NHIS.
Once the data were retrieved, NHIS sample weights were
applied. Additionally, we adjusted the effects of clustering,
stratifying, and oversampling for specific population
subgroups such as non-Hispanic blacks and individuals
who are ±65 years old. After selecting the available variables
from the NHIS, the final data set contained 288,888 cases.

2.2.1. History of Diabetes. Individuals were asked whether
they ever had a physician who diagnosed them with diabetes.

2.2.2. Moderate Physical Activity. These are activities that
“cause only light sweating or a slight-to-moderate increase
in breathing or heart rate.” The Field Representative’s
Manuals for the 1997 NHIS provide examples of light or
moderate activities. Examples of moderate physical activity
include leisure walking or bicycling, slow swimming or
dancing, and light gardening. Participants were also asked
about the duration and frequency of their activity.

2.2.3. Vigorous Physical Activity. These are activities that
“cause heavy sweating or large increases in breathing or heart
rate.” The Field Representative’s Manuals for the 1997 NHIS
provide examples of vigorous activities. Examples of vigorous
physical activity include fast walking, fast bicycling, jogging,
strenuous swimming or sports play, vigorous aerobic dance,
and strenuous gardening. Participants were also asked about
the duration and frequency of their activity.

2.2.4. Sedentary and Active Lifestyles. A sedentary lifestyle
was defined as engaging in less than 10 minutes of moderate
or vigorous physical activity less than two days per week.
While an active lifestyle was defined as engaging in more
than 30 minutes of moderate or vigorous physical activity
for three or more days per week.

2.2.5. Sleep Duration. Participants were asked “On average,
how many hours of sleep do you get in a 24-hour period.”
Hours of sleep were entered in whole numbers. Sleep
duration reports greater than or equal to thirty minutes (half
hour) were rounded up to the next whole number, and those
less than or equal to twenty-nine minutes were dropped. For
example, total sleep time of 6 hours and 45 minutes was
rounded up to a total sleep time of 7 hours, and a total sleep
time of 6 hours and 5 minutes was rounded down to a total
sleep time of 6 hours.

2.3. Machine Learning Analysis. Since traditional regression-
based models are sensitive to the effect of confounders,



Table 1: Differences in sociodemographic, health behavior, and
chronic health conditions among Blacks and Whites (N = 288,888).

Variables
Total sample

(%)
Blacks
(%)

Whites
(%)

Gender

Female 55.77 55.62 55.80

Male 44.23 44.38 44.20

Age

≤45 yrs 48.10 46.69 48.37

46–65 yrs 32.94 33.47 32.84

>65 yrs 18.96 19.84 18.80

Income

<$35K 45.18 45.57 45.08

$35K–74,999K 30.70 30.59 30.73

>$75K 24.11 23.84 24.19

Education (college) 44.76 44.93 44.64

Usual medical care 83.11 83.59 83.02

Region

Northeast 16.67 16.22 16.82

Northcentral/midwest 22.00 17.55 23.70

South 36.84 56.29 34.19

West 24.49 9.98 25.29

Weight

Overweight 37.03 36.92 37.05

Obese 25.67 26.63 25.49

Alcohol

Moderate 14.19 13.89 14.25

Heavy 4.99 4.87 5.01

CKD 2.00 2.24 1.96

Hypertension 30.84 32.54 30.52

Sedentary lifestyle

Moderate PA (≤10 minutes) 51.89 52.30 51.81

Vigorous PA (≤10 minutes) 62.42 63.07 62.28

Moderately active lifestyle

Moderate PA (11–30 minutes) 26.81 26.62 26.85

Vigorous PA (11–30 minutes) 14.27 14.08 14.31

Active lifestyle

Moderate PA (31–60 minutes) 15.03 14.88 15.06

Vigorous PA (31–60 minutes) 16.34 16.02 16.41

Very active lifestyle

Moderate PA (>60 minutes) 6.27 6.21 6.28

Vigorous PA (>60 minutes) 6.97 6.83 7.00

Diabetes 9.34 12.92 8.68

Note. Alcohol =moderate-to-heavy alcohol drinker; CKD= physician-
diagnosed chronic kidney disease; hypertension = physician-diagnosed
hypertension; overweight = 25 to 29.9 kg/m2; obese = ≥30 kg/m2.
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especially in highly complex models, we decided to use BBN
machine learning modeling because it is robust to the effects
of confounders. BBN machine learning models allow us to
investigate highly complex and dimensional networked
models and relationships without the interference of con-
founders and determine hidden insights in big data.
BBN machine learning modeling, unlike traditional
regression analysis models, is better at (1) investigating
dynamic relationships in big data (data with high levels of
volume, velocity, or variety); (2) predictive modeling in
determining Y in Y= f(X), especially in dynamic modeling
and big data; and (3) providing a more accurate explanatory
model that captures a model structure that best fits the data,
specifically causal inference, as they provide one of the most
efficient methods of optimizing data. Its benefits can be
revolutionary for the field of medicine as it can yield more
accurate and dynamic relationships among multiple factors,
a priori and a posteriori [13]. We used the BayesiaLab
Version 6.07 statistical software package to construct the
current BBN model.

BayesiaLab offers a suite of advanced mathematical
and analytical applications predicated on sophisticated
algorithms and artificial intelligence that generate structural
directed acyclic graphs (DAGs). BayesiaLab can utilize simu-
lation modeling or machine learning modeling of data based
on unsupervised and supervised machine learning algo-
rithms that may be employed to derive the conditional
probabilities of highly dimensional relationships. The resul-
tant of applying the most appropriate learning algorithm is
a directed acyclic graph (DAG), with nodes representing
variables and arcs indicative of conditional relationships
between nodes. In the resulting DAG, not all nodes may be
a part of the learned network. The selected algorithm, the
data at hand, and the calculated correlation among the
variables will determine whether or not a given node is
included in the network. For the current model, we utilized
the Tree Augmented Naïve Bayes model algorithm because
of its ability to accurately and precisely quantify joint proba-
bility distributions and omnidirectional relationships among
diabetes correlates and diabetes.

2.3.1. Probability Graphical Models (PGMs) and Conditional
Probability Joint Distribution. The BBN machine learning
model is a probabilistic graphical model that uses graphical
representations to capture the rich independencies and
joint distribution of a highly dimensional and complex
networked model in space. The independencies and rela-
tionships among variables are conditional, and making
observational inferences is based on applying conditional
evidence to a given node/variable which propagates
information throughout the model and updates information
on nodes that are conditionally linked—the conditional
probability joint distribution.

2.4. Preparing the Data. Two of the core phases of data inges-
tion or preparing data include (1) preprocessing the data to
focus on the variables of interest as well as accurately
representing valid and missing data entries and (2) binning
the data in their most appropriate bins to support the task
at hand while remaining in line with the standard practice
(see Table 1 for bins and percentage prevalence for each
bin). Having the data in the form necessary to support
proposed analysis, the data was broken into two, a learning
model and test model. The learning model which consisted
of 231,111 cases was used as the training data set, while the
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Figure 1: Bayesian Belief Network model of diabetes using the 2004–2013 National Health Interview Survey.
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test model which consisted of 57,777 was used to evaluate
how well the BBN model is able to represent data beyond
the developed model. After data ingestion, 35 variables/nodes
(34 factors and diabetes) were used to build a BBN to inves-
tigate the effects of sleep duration and physical activity on
diabetes, in the context of demographic, socioeconomic,
and general health conditions and health behavior factors
(see Figure 1).

2.5. Validating the Model and Missing Data. BayesiaLab
analytical package was selected for the current study because
of its ability to accurately treat missing values through multi-
level imputation. Missing values are not uncommon in large
population-based data sets like the NHIS. While missing
values do represent a lack of information from an incomplete
record, retaining incomplete records for subsequent analyses
is valuable, and as such, the means of appropriately treating
missing values is critical [13].

Once a network has been defined to best represent the
data at hand, a series of calibration exercises are then
performed to examine the model to ensure that relationships
identified by the learning algorithm are valid and intuitive
and ensure that the network is not over- or underfitting the
data. Once calibrated, the model must then be validated to
determine the validity/level of confidence, in order to make
inferences from the model [13].

The BBN is an effective modeling tool as it provides a
snapshot and high-level overview of relationships underlying
the data. Its value lies in its ability to interact with the model
and observe changing conditional probabilities, reflecting the
impact of the observation of given variable states (bins).
Interacting with the model is an effective approach by which
to derive observational inference—making inferences based
on observation in the collected data. While this level of
inference does provide insights into the data and imbedded
relationships, such networks lend themselves to further
analyses to derive predictive inferences [13].

3. Results

3.1. Descriptive Statistics. The mean age of the sample was
47.83± 18.04 years, and 48.1% were ≤45 years. Of the sample,
77.4% were White; 15.9%, Black/African American; and
6.7%, “other”; 44.3% were male and 55.7% were female;
45.3% reported an annual income less than $35,000 and
24.0% reported an annual family income of $75,000 and
higher; 44.76% did not go to college; 83.11% had a usual
place where they sought medical care; and more than a
third of the sample lived in southern states of the US
(36.8%). Regarding health behaviors and conditions,
62.7% were overweight/obese (BMI≥ 25 kg/m2), 19.18%
were moderate-to-heavy alcohol drinker, 43.6% smoked
more than 100 cigarettes in their lifetime, 2% reported
physician-diagnosed chronic kidney disease, and 30.84%
reported physician-diagnosed hypertension.

Of the total sample, 51.89% reported less than or equal
to 10 minutes of moderate physical activity, 62.42% reported
less than or equal to 10 minutes of vigorous physical activity
(sedentary lifestyle), 26.81% reported 11–30 minutes of
moderate physical activity, 14.27% reported 11–30 minutes
of vigorous physical activity (moderately active lifestyle),
15.03% reported 31–60 minutes of moderate physical
activity, 16.34% reported 31–60minutes of vigorous
physical activity (active lifestyle), 6.27% reported more
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than 60 minutes of moderate physical activity, and 6.97%
reported more than 60 minutes of vigorous physical
activity (very active lifestyle).

Regarding differences between Blacks and Whites, the
greatest concentration of Blacks and Whites was in the
southern region of the US, which was the only region where
Blacks outnumbered Whites. Overall, Blacks (32.54%) had a
higher prevalence of hypertension compared to Whites
(30.52%). Although the overall diabetes prevalence was
9.34%, Blacks (12.92%) had a higher prevalence than Whites
(8.68%) (see Table 1).

4. Primary Findings

4.1. Sedentary Lifestyle and Diabetes

4.1.1. Sedentary Lifestyle Comparison (Moderate and
Vigorous PA). We investigated the prevalence of diabetes
among sedentary Blacks and Whites and found that the
prevalence of diabetes amongWhites who reported ≤10mins
of vigorous physical activity ≤2 times per week was 11.58%,
compared to that among their Black counterparts who had
a prevalence of 16.96%.

We observed a similar pattern regarding sedentary
individuals who reported moderate physical activity.
Among Whites who reported ≤10mins of moderate physical
activity ≤2 times per week, the prevalence of diabetes was
10.10%, while for their Black counterparts, it was 14.90%
(see Table 2).

4.1.2. Observational Inference Comparing Sedentary Whites
and Blacks. To determine whether increasing the frequency
of physical activity per week would significantly lower the
prevalence of diabetes among Blacks relative to the average
White sedentary individual, we conducted a series of
conditional observational inferences where we tested the
prevalence of diabetes if an individual reported either 0, 1,
2, 3, 4, 5, 6, or 7 days of moderate or vigorous physical
activity. We found that in order for the prevalence of diabetes
among sedentary Blacks to be comparable to that among
their White counterparts (11.58%), they need to engage in
vigorous physical activity 6 days per week (12.32%). For
sedentary Blacks who reported some moderate physical
activity, in order for them to have a similar diabetes preva-
lence as Whites (10.10%), they have to exercise 4 days per
week (13.51%). Regardless of moderate or vigorous physical
activity, the prevalence of diabetes among sedentary Whites
is lower than that among their Black counterparts and even
among Blacks who exercise more frequently (3, 4, 5, 6, or 7
days per week).

4.2. Moderately Active Lifestyle and Diabetes. For moderately
active individuals (10–30 minutes of physical activity 4
times/week) who reported some moderate physical activity,
the overall prevalence of diabetes was 6.52%, 9.12% for
moderately active Blacks and 6.05% for moderately active
Whites. For moderately active individuals who reported
some vigorous physical activity, the overall prevalence of
diabetes was 4.19%, 5.94% for Blacks and 3.88% for
Whites. Similar to the results on sedentary individuals,
increasing the frequency of physical activity (how many
days the individual engaged in moderate physical activity)
among Blacks did not lower the prevalence of diabetes to
the level of an average moderately active White individual.

4.3. Active Lifestyle and Diabetes. The overall prevalence of
diabetes among individuals with an active lifestyle (31–
60mins of moderate or vigorous physical activity) was
5.87% (for those who reported moderate physical activity)
and 3.11% (for those who reported vigorous physical
activity). Active Whites who reported vigorous physical
activity 6 days per week had the lowest diabetes prevalence
of 2.87%, and for active Blacks, it was 4.42%. Regarding
moderate physical activity, active Whites (those who
reported 31–60mins of moderate physical activity 4 days
per week) had the lowest diabetes prevalence of 5.44%,
while for their Black counterparts, the prevalence was
8.25%. We also found that active Blacks who engaged in
greater frequencies of physical activity did not have similar
diabetes prevalence as active Whites.

4.4. Very Active Lifestyle and Diabetes. For very active
individuals who reported moderate physical activity (>60
minutes of physical activity 4 times/week), the overall
prevalence of diabetes was 5.99%, 8.41% for very active
Blacks and 5.56% for very active Whites. For very active
individuals who reported vigorous physical activity, the
overall prevalence of diabetes was 3.15%, 4.48% for Blacks
and 2.91% for Whites. Similar to previous physically active
lifestyles, increasing the frequency of physical activity (how
many days the individual reported moderate physical
activity) among Blacks did not lower the prevalence of
diabetes to the level of the average moderately active
White individual.

4.5. Physical Activity Profiles Where Blacks and Whites Have
Comparable Diabetes Prevalence. Since within-class analyses
(only comparing Blacks and Whites with the same physical
activity lifestyle profiles) demonstrated that Blacks and
Whites had different diabetes prevalence, we tested scenarios
in which Whites and Blacks would have similar diabetes
prevalence. To do so, we tested across the four different
activity lifestyle profiles. We found that in order for Blacks
to have a comparable diabetes prevalence to sedentary
Whites (<10 minutes of moderate physical activity for less
than two times per week with a diabetes prevalence of
8.34%), they had to report 31–60 minutes of moderate
physical activity 4 times per week (8.25%). Additionally,
we found that in order for Blacks to have a lower diabetes
prevalence as moderately active Whites (11–30mins of
moderate physical activity, 5.36%), they had to report
vigorous physical activity 4–6 times per week for 31–
60minutes (four times = 4.90%, five times = 4.85%, and
six times = 4.42%).

4.6. Secondary Findings. Since physical activity alone (regard-
less of intensity, frequency, and duration) cannot reduce
differences in diabetes between Blacks and Whites as
evidenced above, we tested which combination of physical
activity lifestyles (sedentary, moderately active, active, and



Table 2: Observational inference of physical activity lifestyles and the combined effects of sleep, stress, and body mass index on diabetes in
Blacks and Whites.

Profiles
Diabetes
total (%)

Blacks with diabetes (%)
Whites with
diabetes (%)

Sedentary lifestyle

Moderate PA (≤10mins of moderate physical
activity ≤2 times per week)

10.84 14.90 10.10

Vigorous PA (≤10mins of vigorous physical
activity ≤2 times per week)

12.41 16.96 11.58

Observational inference of combined effects of sleep,
stress, and body mass index

Moderate PA (≤10mins of moderate physical
activity 2 days per week for Blacks)

10.84

14.90 (PA 2 times/week)

10.10

13.51 (PA 4 times/week)

11.74 (PA 4 times/week & 7-8 hrs of sleep)

13.08 (PA 4 times/week & low stress)

6.48 (PA 4 times/week & BMI = 18.4 to <25 kg/m2)

Vigorous PA (≤10mins of vigorous physical
activity 2 days per week for Blacks)

12.41

16.96 (PA 2 times/week)

11.58

12.32 (PA 6 times/week)

10.69 (PA 6 times/week & 7-8 hrs of sleep)

11.92 (PA 6 times/week & low stress)

5.87 (PA 6 times/week & BMI = 18.4 to <25 kg/m2)

Moderately active lifestyle

Moderate PA (11–30 minutes, 4 times/week) 6.52 9.12 6.05

Vigorous PA (11–30 minutes, 6 times/week) 4.19 5.94 3.88

Observational inference of combined effects of sleep,
stress, and body mass index

Moderate PA (11–30 minutes, 4 times/week) 6.52

9.12 (PA 4 times/week)

6.05
7.87 (PA 4 times/week & 7-8 hrs of sleep)

8.82 (PA 4 times/week & low stress)

4.26 (PA 4 times/week & BMI = 18.4 to <25 kg/m2)

Vigorous PA (11–30 minutes) 4.19

5.94 (PA 6 times/week)

3.88
5.10 (PA 6 times/week & 7-8 hrs of sleep)

5.73 (PA 6 times/week & low stress)

2.72 (PA 6 times/week & BMI = 18.4 to <25 kg/m2)

Active lifestyle

Moderate PA (31–60min, 4 times/week) 5.87 8.25 5.44

Vigorous PA (31–60mins, 6 days per week for Blacks) 3.11 4.42 2.87

Observational inference of combined effects of sleep,
stress, and body mass index

Moderate PA 5.87

8.25 (PA 4 times/week)

5.44
7.10 (PA 4 times/week & 7-8 hrs of sleep)

7.97 (PA 4 times/week & low stress)

3.82 (PA 4 times/week & BMI = 18.4 to <25 kg/m2)

Vigorous PA 3.11

4.42 (PA 6 times/week)

2.87
3.79 (PA 6 times/week & 7-8 hrs of sleep)

4.27 (PA 6 times/week & low stress)

2.00 (PA 6 times/week & BMI = 18.4 to <25 kg/m2)
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Table 2: Continued.

Profiles
Diabetes
total (%)

Blacks with diabetes (%)
Whites with
diabetes (%)

Very active lifestyle

Moderate PA (>60 minutes, 4 times/week) 5.99 8.41 5.56

Vigorous PA (>60 minutes) 3.15 4.48 2.91

Observational inference of combined effects of sleep,
stress, and body mass index

Moderate PA

8.41 (PA 4 times/week)

7.25 (PA 4 times/week & 7-8 hrs of sleep)

8.13 (PA 4 times/week & low stress)

3.91 (PA 4 times/week & BMI = 18.4 to <25 kg/m2)

Vigorous PA 3.15

4.48 (PA 6 times/week)

2.91
3.84 (PA 6 times/week & 7-8 hrs of sleep)

4.33 (PA 6 times/week & low stress)

2.03 (PA 6 times/week & BMI = 18.4 to <25 kg/m2)

Diabetes total sample 9.34 12.92 8.68
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very active) and prohealth behavioral/lifestyle factors
(body mass index, sleep duration, and stress) reduced
diabetes prevalence among Blacks and differences between
Blacks and Whites. We found that across all physical
activity lifestyle profiles, having normal body mass index
(18.5–24.9 kg/m2) lowered the prevalence of diabetes the
most, followed by sleeping 7-8 hours, then reducing stress
levels, and then increasing the frequency of physical
activity (see Table 2).

5. Discussion

The current study provides new insights into the effects
different physical activity lifestyle profiles (sedentary,
moderately active, active, and very active) and prohealth
behaviors among Blacks and Whites have on diabetes in the
United States. First, to our knowledge, our paper is one of
the first to pluralize physical activity recommendations—vis
a vis the four different physical activity lifestyles—and
describe the prevalence of diabetes across these lifestyles
among Blacks and Whites. Such an approach decentralizes
universal one-size-fits-all health behavior and lifestyle rec-
ommendations and offers alternative recommendations for
individuals to follow and successfully adhere to. Second,
our study attempts to undercut intractable diabetes dispar-
ities between Blacks and Whites by offering personalized
physical activity profiles that would equally benefit Blacks
and Whites, where the two groups would have similarly
low diabetes prevalence. Through our findings, it was evi-
dent that Whites compared to Blacks had greater diabetes
health benefits across the different physical activity lifestyle
profiles—sedentary, moderately active, active, and very
active—which we discuss below. Third, our study indicates
that physical activity alone cannot reduce diabetes dispar-
ities between Blacks and Whites based on observational
inferences, an inferential approach in Bayesian Belief
Network machine learning modeling. We learned that for
Blacks, other behavioral strategies, such as healthy sleep,
low stress, and normal body mass index (average weight
18.4 to <25 kg/m2), need to be supplemented with physical
activity to achieve the most health benefits and may pro-
vide insights and solutions as to how to reduce diabetes
differences between Blacks and Whites. Additionally, we
learned which physical activity profiles peered with
prohealth behaviors provide the most health benefits in
reducing diabetes prevalence among Blacks and Whites.
Fourth, our study utilizes novel machine learning analytical
models (Bayesian Belief Network modeling) and large
population-based data to make observational inferences
which can be used to develop personalized and precise
behavioral profiles and behavioral recommendations and
counselling strategies that might lower diabetes prevalence
and reduce diabetes disparities.

Overall, the prevalence of diabetes in our entire sample
was 9.34%. Our findings indicate a racial/ethnic difference
in diabetes prevalence in the United States, 8.68% for Whites
and 12.92% for Blacks. The purpose of the current study was
not to find causes of this racial/ethnic difference but rather to
explore behavioral solutions (chiefly physical activity) that
may lead to lower diabetes prevalence in Blacks and Whites,
as well as solutions to reduce diabetes disparity between
Blacks and Whites. In general, sedentary lifestyles had no
health benefits. Being moderately active, active, and very
active had health benefits for Whites regardless of the inten-
sity of activity (moderate or vigorous). While for moderately
active Blacks, only those who engaged in vigorous physical
activity had significant reductions in diabetes prevalence.
However, active and very active Blacks had significant reduc-
tions in diabetes prevalence compared to the national levels.
Those who engaged in more vigorous physical activity had
significant reductions in diabetes compared to those who
engaged in moderate physical activity. Ultimately, our find-
ings indicate that there are several physical activity lifestyles
associated with diabetes prevalence below the national
average, not just the prescribed 150-minutes-per-week
recommendation of moderate physical activity.
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Our attempt to pluralize and assess alternative physical
activity lifestyle recommendations emanated from the
growing need to solve the high level of physical activity
nonadherence in the United States (52.5% of US individuals
do not adhere to Health People 2010 or United States
Department of Health & Human Services recommendations)
[14]. Although previous studies suggest that behavioral,
clinical- and health-related, cognitive and psychological,
demographic, environmental, and social factors might
contribute to poor adherence to physical activity recommen-
dations, to our knowledge, there has been little attention
given to how lifestyle factors compromise an individual’s
ability to engage in recommended physical activity. Of the
little done in this area, there is promising data indicating that
racial/ethnic minority women tend to engage in less physical
activity due to lifestyle factors such as family needs and child
care [15]. Minimizing lifestyle factors that impede adherence
to physical activity recommendations might only partially
solve the issue and is limited in scope because there are
certain lifestyle factors that are not easily modifiable, such
as family and work responsibilities. Therefore, providing
physical activity recommendations that are accommodating
to the heterogeneity of individuals’ lifestyles will likely
increase overall activity which will decrease diabetes risk
and better regulate and manage clinical indicators, such as
glucose levels.

Our findings also highlight a possibly inherent racial/
ethnic bias in the health benefits of physical activity on
diabetes. Some studies have attributed biological, environ-
mental, and lifestyle explanations to the differential benefits
of physical activity between Blacks and Whites. Previous
studies indicate that Blacks tend to have lower metabolic
rates and fat oxidation rates compared to Whites. However,
evidence indicating that lifestyle factors such as higher caloric
intake and more sedentary lifestyle which are greater in
Blacks compared to Whites renders the biology argument
inconclusive and highlights the importance of lifestyle
factors. Environment also plays an integral role in the
relationship between physical activity and diabetes among
Blacks and Whites. Rural versus urban settings may affect
the impact physical activity has on the prevalence of diabetes
[16]. Goedecke and Ojuka argue that the growing urbaniza-
tion of populations forces individuals to adapt lifestyle
behaviors that increase risk of diabetes (such as poor eating
habits and physical inactivity) [17]. Additionally, individuals
from rural settings are more likely to be physically inactive
[18, 19]. Since the majority of Blacks in the NHIS dataset
are from rural and urban settings in the United States, it is
likely that environment might partially explain why Blacks
appear to reap the same benefits as Whites. Therefore,
personalized- and precision-based behavioral health
approaches—those that deliver targeted and individualized
health solutions based on an individual’s biology, environ-
ment, and behavior/lifestyle—are needed to address racial/
ethnic diabetes disparities.

We found that combining other healthful behavioral and
lifestyle factors with physical activity may provide additional
health benefits for Blacks. Across all physical activity lifestyle
profiles, we found that increasing frequency to 4 times per
week for moderate physical activity and 6 times per week
for vigorous physical activity as well as having low stress
was linked to lower diabetes prevalence among Blacks,
although not to the prevalence of Whites. Additionally,
sleeping 7-8 hours per day on average greatly reduced
diabetes prevalence among Blacks than low stress and
increasing frequency of physical activity. Overall, having
an average body mass index combined with physical
activity provided the most health benefits for diabetes,
where the prevalence of diabetes was reduced by more
than 50% among Blacks across all physical activity lifestyle
profiles. Additionally, Blacks who had an average BMI
regardless of physical activity profile had a lower diabetes
prevalence compared to Whites who had similar physical
activity profiles.

The fourth contribution our paper makes is the use of
probability-based machine learning analytical and modeling
tools (Bayesian Belief Network modeling) to make obser-
vational inferences about population health which could
be further used to make inferences about individuals and
types of individuals. This was evident in our current paper
where we were able to determine prevalence of diabetes
among different physical activity lifestyles, as well as to test
the impact several combinations of behaviors (duration,
frequency, and intensity of physical activity, sleep duration,
stress levels, and body mass index) have on diabetes and
determine which combinations of behavioral/lifestyle health
factors lowered the prevalence of diabetes among and
between Blacks andWhites. These types of multidimensional
and multifactorial observational inferences cannot be done in
traditional regression-based models, but through BBN, we
are able to circumvent these challenges that fraught tradi-
tional regression models. Ultimately, this method brings us
closer to determining “what” combination of behaviors may
work for “whom”—physical activity lifestyles.

One major limitation with our findings is the inherent
bias in physical activity among racial/ethnic minorities.
Previous studies found that self-report physical activity
varies by race/ethnicity where Blacks/African Americans
compared to Whites consistently report lower prevalence
of moderate-vigorous physical activity. It is believed that
self-report questions about physical activity are culturally
and linguistically biased, where Blacks/African Americans
consider work and daily activities forms of exercise, and
privilege certain organized physical activities that are less
common in racially ethnic groups [20]. To avoid these
issues, we argue that future studies should utilize both
self-report and objective physical activity instruments to
accurately determine quantity and quality of physical
activity. Although our study utilized advanced mathemati-
cal machine learning modeling to test the omnidirectional
effects of variables, we were unable to fully parse the
confounding effects medical comorbidities have on physical
activity and inactivity. Previous studies indicate a dose-
response relationship between chronic medical conditions
and physical inactivity, and therefore, it is likely that greater
levels of medical comorbidity are linked to higher levels of
inactivity which increases risk for other medical conditions.
In general, distribution of data may affect results; however,
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we did apply sample weights which we believe may mitigate
inferential issues with restricted sample size. However, we
do acknowledge that applying multiple evidence to our
model in observational inference might reduce the sample
size and limit inference, but our large sample size of
288,888 may protect against this.

6. Conclusion

Unlike previous studies that emphasized a one-size-fits-all
physical activity standard (150 minutes of moderate physical
activity), the current study investigated the prevalence of
diabetes across four physical activity profiles/phenotypes
(sedentary, moderate, active, and very active) among Blacks
and Whites in a large population-based dataset in the United
States. We argue that such an approach can potentially lead
to targeted approaches to physical activity recommendations
and audience segmentation. Our secondary findings are that
sleep, stress, and body mass index may provide additional
health benefits when paired with physical activity for certain
profiles of individuals and that this varies by race/ethnicity.
Therefore, we highly recommend that diabetes counselling
should take a personalized and “bundled approach” where a
variety of prohealth behaviors are recommended but person-
alized to the individual’s profile. Moving forward, ubiquitous
sensing wearables may be a solution to more accurately
assess multiple behaviors without unduly burdening indi-
viduals with self-tracking. Data from these wearables can
be potentially integrated into electronic medical health
records to improve patient-provider communication and
shared decision-making around diabetes care. Future studies
should assess the acceptability, accuracy, and adherence to
wearables by race/ethnicity, physical activity level and profile,
and diabetes severity and chronicity (e.g., are wearables more
used by newly diagnosed patients or those who are sicker as a
result of their diabetes). Lastly, our use of Bayesian Belief
Network modeling is novel, and to our knowledge, we are
one of the first to use this highly dimensional and robust
artificial intelligence machine learning tool, which allowed
us to test our primary and secondary questions under
different scenarios while taking into consideration the
omnidirectional relationships of target variables and
confounders in a joint network.
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