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Abstract: Significant racial/ethnic disparities in healthcare and diabetes technology use have been
observed in Type 2 diabetes mellitus (T2DM), which are associated with nonengagement in diabetes
self-management and out-of-range glycemia. This study aimed to assess whether there were differ-
ences in the blood glucose levels achieved by several racial/ethnic groups using the same digital tool.
Study objectives were to determine whether engagement with the digital tool and blood glucose levels
differ among ethnic groups, and to determine whether any differences in the in-target-glycemia are
related to engagement levels. The retrospective real-world analysis followed a group of 1000 people
with Type 2 diabetes who used the DarioTM digital therapeutic platform over 12 months. Participants
included in the study had a blood glucose average > 180 mg/dL (hyperglycemia, high-risk) in their
first month. The differences between/within the groups’ average blood glucose level (Avg.bg) and
glycemic variability were evaluated. Furthermore, three general linear models were constructed
to predict the Avg.bg by the number of blood glucose measurements (Bgm) in Model 1 (with the
moderator White persons (WP)/people from racial and ethnic minority groups (REM)) and by the
frequency of measurements by months (F.m) within REM and WP in Model 2 and Model 3, respec-
tively. The Avg.bg was significantly reduced in each group over a year with no differences between
REM/WP users. Blood glucose measurements in Model 1 and frequency of measurements by months
in Model 2 and Model 3 predicted the Avg.bg (β1 = −0.20, p = 0.045; β2 = −4.38, p = 0.009; β3= −3.77,
p < 0.001, respectively). Findings indicate a positive association between digital engagement and
glycemia, with no differences between REM and WP participants.

Keywords: digital therapeutics; digital engagement; blood glucose; diabetes; disparities

1. Introduction

Among people living with diabetes, out-of-range glycemia is associated with long-
term diabetes complications that lead to hospitalizations and a high burden of health
costs, loss of productivity, disability, and mortality [1–4]. According to the Centers for
Disease Control and Prevention (CDC), 37.3 million people have diabetes (11.3% of the US
population) [5], and 8.25 million hospital discharges were reported with diabetes, including
226,000 cases of hyperglycemic crises [3]. Furthermore, diabetes was the seventh leading
cause of death in the United States. The diabetes economic burden is also substantial, with
an estimated cost of USD 327 billion in the United States’ total population, including racial
and ethnic populations [6].

Despite these extreme consequences, most patients fail to achieve optimal glycemia [7,8].
Some demographic and health factors, e.g., age (mainly 60–69), level of education, weight,
smoking status, and marital status, are associated with poor adherence to treatment, nonen-
gagement in diabetes self-management, and out-of-range glycemia [9–11]. Furthermore,
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the estimated prevalence of diagnosed and undiagnosed T2DM among USA adults above
20 years of age is higher in ethnic minority groups in comparison with White persons:
White 11.1%; Black 16.7%; Mexican American 17.7%; Asian 16% [12].

Being overweight is currently recognized as one of the most important variables in predi-
abetes and T2DM management [13–15], markedly with increasing BMI over 30 kg/m2 [15–17].
Previous studies have examined the association between objectively measured BMI and
T2DM, showing that increased BMI is positively associated with T2DM [18,19].

Target glycemia is generally assessed by periodic glycated hemoglobin (A1C) and
routine repeated measurements of blood glucose; target A1C is considered as 7.0% [20].
According to the American Diabetes Association (ADA) guidelines, adults with diabetes
(nonpregnant) and postprandial capillary plasma glucose above 180 mg/dL are considered
nontarget glycemic outcomes. Multiple risk factors are involved in the pathogenesis of
T2DM with complex underlying gene–environment interactions, including age, ethnic-
ity, family history, low socioeconomic status, obesity, metabolic syndrome, and certain
unhealthy lifestyle behaviors [21–28].

Healthcare disparities associated with significant racial/ethnic groups have been ob-
served in T2DM and obesity, including impairments in diagnosis, out-of-range glycemia,
and development of diabetes-related complications due to low socioeconomic status, living
in rural communities, reduced access to care, and a lack of health education [12,24,29–31].
According to the National Diabetes Report 2020 in the United States, the incidence of
diagnosed diabetes for 2017–2018 among people aged 18 years or older was higher among
people from racial and ethnic minority (REM) populations than White people (WP) pop-
ulations [32]. In addition, REM (e.g., Black, Latino, and Asian) populations significantly
present with cardiovascular and cerebrovascular diseases [33], nephropathy, and lower ex-
tremity amputations compared to WP populations [34,35]. Lower rates of health insurance,
delivery of medical care, and social policies with limited access to healthy foods and places
for physical activity are some of the possible reasons that REM populations do not achieve
glycemic goals [36–38].

Some social and cultural healthcare disparities might be mitigated through digital
therapeutics approaches [36]. Digital health implementations have grown markedly and
are now frequently used in health education promotion, disease management, and surveil-
lance of many chronic diseases [39,40]. The rapid adoption of mobile devices and Internet
services has also reached rural communities and people at increased/higher risk for a
chronic condition [41–45]. Digital tools can also help to facilitate automation and health
service delivery [46]. Furthermore, wireless and monitoring devices are increasingly used
in healthcare and public health practice for communication, data collection, patient moni-
toring, and education to enhance adherence to chronic disease management. Sensors and
context-awareness features allow real-time information collection [44]. Digital platforms
using motivating messages, prompts/push notifications, coaching, and/or skills training
for people have demonstrated increased engagement in treatment and self-management.
Interventions delivered with these technologies can also accommodate easy and simple
access to information and encourage users’ participation and literacy levels [47,48].

According to previous reviews, digitally delivered interventions may enhance the
self-management and clinical outcomes of chronic diseases [36,45,49–52]. Currently, digital
approaches are used by subgroups with historically impaired outcomes, but are limited by
access to certain types of devices or the Internet [36,49,52]. Most digital health solutions are
focused on a specific disease, such as diabetes or obesity, and fewer provide comprehensive
multiple conditions services and tools [36,52]. Furthermore, limited data support the health
benefits of digital tools among varied racial/ethnic groups, and even fewer data support
the value for high-risk T2DM patients in such marginalized populations [53,54].

This study leverages a retrospective analysis of a home-use diabetes digital platform
with full data capture in a supporting mobile app among T2DM patients with out-of-target
blood glucose levels across ethnic/racial groups. The current study aimed to assess whether
there were differences in blood glucose levels among high-risk T2DM users using the same
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digital tool from varied racial/ethnic groups (WP, Latino, Black, or Asian) over a year.
Moreover, the study’s objectives were to compare clinical outcomes between racial/ethnic
groups and to investigate the association between the engagement level (blood glucose
measurements) with platform and clinical outcomes in both groups. The retrospective study
was conducted based on real-world data. We hypothesized that the use of digital platforms
over a year would be associated with reduced blood glucose levels through increased self-
management among racial/ethnic groups. By analyzing average blood glucose differences
over a year among the varied races/ethnicities and between BMI groups, we expected to
show that different racial/ethnic groups equal in their baseline using the digital health
platform will experience comparable improvement. Moreover, we speculated that user
engagement with the platform would be linked with improvement in monthly average
blood glucose levels across ethnic/racial groups.

2. Materials and Methods
2.1. Platform

The DarioTM digital therapeutic platform used in this study contains solutions for
chronic conditions: diabetes, hypertension, and weight management. The digital platform
combines a glucometer with a smartphone app available for both Android and iPhone.
The glucometer contains a small pocket-sized holder for strips, a lancing mechanism, and
a meter. The meter is removed from the holder and plugged directly into a cell phone,
effectively converting the cell phone into the display screen for the meter (the meter itself
has no screen). Connecting the meter directly to the phone enables data capture during
glucose readings saved in the Dario database. The system facilitates 100% data capture
and synchronization to the Dario cloud. The analysis is performed on existing data. In
addition, it allows the user to open the mobile app with each glucose measurement and
encourages the easy acquisition of data in the context of real-time measurement. Measuring
blood glucose and using the Dario App features does not require Internet access. During
registration, users reported race/ethnicity in the app as follows: White, Latino, Black, and
Asian. In addition, users reported height and weight; from this, BMI was calculated and
categorized into groups: <25 kg/m2, 25–29.9 kg/m2, and ≥30 kg/m2 [55]. The data were
extracted from a digital health therapeutics solution for chronic diseases that supports
self-management of diabetes with the use of a glucometer and mobile app. All users’
data were transferred and stored in compliance with Health Insurance Portability and
Accountability Act (HIPAA) requirements, then were anonymized before extraction for this
study, and used for the analysis.

2.2. Study Population and Design

A retrospective data study was performed on the DarioTM database on individuals
who used the Dario platform between 2019–2021. The users purchased the device via
a direct-to-consumer channel. The SRP (suggested retail price) cost is USD 39, and the
app itself is free. The inclusion criteria were as follows: users reported T2DM with at
least three blood glucose measurements in their first month (T1) and in the 12th month
after registration (T12) inclusive, with first-month blood glucose average >180 mg/dL
(hyperglycemia, high-risk) [21–23,25,56]. The users reported race/ethnicity in the app:
White, Latino, Black, or Asian. Ethical & Independent Review Services issued the IRB
exemption for this study (18032-01#, March 2018) [57].

2.3. Measures

The average blood glucose levels (Avg.bg) were defined as the mean of the user’s
blood glucose measurements that were taken over a 30-day period at the first month (T1)
and at the 12th month (T12). A change from T1 to T12 was a core outcome metric.

We were interested to examine if engagement levels (number of measurement and
the frequency of measurements) are predictors of reduction of blood glucose average. We
designated these two measurements as independent variables. The first was the number
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of measurements (Bgm) at T1 and at T12. The second was the frequency of measure-
ments by months (F.m), which is the number of months in which the user took at least
one measurement.

Dichotomic ethnicity was defined as follows: WP for the user that reported “White”
in the app; REM for the users that reported in the app “Latino”, “Black”, or “Asian”.

2.4. Statistical Analyses

Chi-square rank (α = 1%) tests were performed to establish the similarity of demo-
graphic data between the WP and REM users. Differences were considered significant at the
p < 0.01 level after Bonferroni corrections. Bonferroni correction was used here as a method
to counteract the multiple comparisons problem. Incidences are presented as numbers and
percentages of patients. Kruskal–Wallis statistical tests were used to evaluate the differences
between the Avg.bg between the racial/ethnic groups at T1 and at T12 as follows: between
the WP/REM users and between the racial/ethnic groups: WP, Latino, Black, and Asian; as
well as between WP/REM users among the BMI groups. Furthermore, paired Wilcoxon
statistical rank tests were used to evaluate the changes in the Avg.bg within each group
over the year (from T1 to T12). In addition, Kruskal–Wallis statistical tests were used to
evaluate the differences between glucose variabilities by the average standard deviation
(STD) within the racial/ethnic groups WP/REM at T1 and at T12, representing how much
glucose levels fluctuate over time from a given average. Paired T-test was performed in
order to evaluate the significance of reduction in average standard deviation from T1 to T12
for both groups.

Three models of the general linear model (GLM) were conducted to evaluate the effect
of the independent variables Bgm and the F.m on the dependent variable Avg.bg. The first
model (Model 1) was executed on all users, with Bgm as the predictor, with dichotomic
ethnicity as a possible moderator. The second and the third models (Model 2 and Model
3, respectively) were performed on the WP and the REM groups separately with F.m as
the predictor to test if consistency of measurement for a year predicts blood glucose levels
reduction in each group of WP and REM. The typical estimation method was performed
with the least squares approximation method. The statistical analysis was conducted with
R studio version 4.1.2.

The Independent variables that were included in the GLM models are as follows:
Model 1:

ŷ = β0 + β1X1 + β2 I(X2 = 1) + β1X1·β2 I(X2 = 1)
y = Blood Glucose Average level

β0 = Intercept
β1 = Bgm

β2 = Dichotomic Ethnicity;
Dichtomic ethnicity (WP vs. REM)

Model 2 and Model 3:
ŷ = β0 + β1X1
β0 = Intercept

β1 = f .m.

3. Results

The analysis included 1000 users out of a larger group of users with T2DM who used
the Dario platform between 2019 and 2021 and measured their blood glucose with at least
three blood glucose measurements in the first and 12th months. The group analyzed started
from baseline average blood glucose >180 mg/dL and reported their race/ethnicity; ninety-
seven percent of the users were located in the United States. Demographic characteristics
did not differ between the WP and REM users for sex, major age group 45–65 (WP 59% vs.
REM 62%), BMI groups, and insulin treatment intake (Table 1).
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Table 1. Demographic characteristics of the users. WP, White persons; REM, people from racial and
ethnic minority groups; BMI, body mass index; n, number of users; (%) percentages are rounded off
and are without decimal points.

WP, n (%) REM, n (%) χ2 (p-Value)

736 (74) 264 (26)

White
Latino 122 (46)
Black 103 (39)
Asian 39 (15)

Sex
Male 359 (49) 124 (47)

Female 377 (51) 140 (53) 0.19 (0.67)

Age Group
≤34 20 (3) 13 (5)

35–45 103 (14) 55 (21)
46–65 * 435 (59) 164 (62) 22.38 (<0.001)

65+ 178 (24) 32 (12) 0.62 * (0.43)

BMI Group **
<25 46 (7) 26 (10)

25–30 146 (21) 65 (25)
≥30 542 (72) 173 (66) 7.38 (0.03)

Insulin Treatment
No/not reported 405 (55) 147 (55)

Pen/Pump 331 (45) 117 (45) 0.03 (0.85)

* χ2 Post hoc test for age group 46–65. ** Two WP did not report their BMI.

3.1. Testing Differences in the Monthly Average Blood Glucose Levels throughout the Initial 12
Months for Different Races/Ethnicities

No difference between WP and REM users in the average blood glucose at baseline was
observed (Kruskal–Wallis test, p = 0.689). The blood glucose average was significantly reduced
in all users and per racial/ethnic group over a year (Figure 1). All users reduced blood glucose
by 14% (230 ± 58 vs. 197 ± 47) (p < 0.001); WP by 14% (229 ± 58 vs. 197 ± 47) (p < 0.001);
REM by 15% (233.35 ± 60 vs. 198.94 ± 47) (p < 0.001) with the following reduction within each
REM racial/ethnic group: Latino by 15% (237 ± 59 vs. 202 ± 48) (p < 0.001); Black by 15%
(230 ± 63 vs. 196 ± 48) (p < 0.001), and Asian by 15% (229 ± 55 vs. 195 ± 43) (p < 0.005). The
findings show that there were no differences in the glycemic outcomes achieved by several
racial/ethnic groups using the same digital tool. Moreover, 27.3% (273 out of 1000) of all users
reached an average blood glucose of less than and equal to 154 mg/dL equivalent to A1C
7.0% (Avg.bg mg/dL = 28.7 × A1C − 46.7 by Nathan et al. https://www.ncbi.nlm.nih.gov/
pmc/articles/PMC2742903/ (accessed on 13 December 2022). No differences in blood glucose
averages between WP and REM were found at T12 (Kruskal–Wallis test, p = 0.668) and no
differences in monthly blood glucose averages among WP, Latino, Black, and Asian groups
were found at T1 and T12 (Kruskal–Wallis test, p = 0.165/0.751, respectively). In addition,
significant reductions in monthly average blood glucose were found in WP users and REM
users in three categories of BMI levels (Figure 2). Furthermore, no differences between the
dichotomic ethnicity were found at T1 and T12 within each BMI category (Kruskal–Wallis test,
p = 0.994/0.988, respectively).

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2742903/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2742903/
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Figure 1. Average blood glucose levels (mg/dL) presentation by ethnic/racial groups. Avg.bg, the
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Black (p < 0.001), and Asian (p < 0.005).
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Figure 2. Average blood glucose levels (mg/dL) presentation by the WP and REM groups and
BMI levels. WP, White persons; REM, people from racial and ethnic minority groups; Avg.bg, the
average blood glucose levels; races/ethnicities as WP and REM (Latino, Black, and Asian); BMI
groups <25 kg/m2; 25–29.9 kg/m2; ≥30 kg/m2; The change in average blood glucose from T1 to T12

is presented as a percentage.

There were no significant differences between REM (10.42 ± 2.46) vs. WP users
(10.6 ± 2.31) in F.m averages over the year (Kruskal–Wallis test, p = 0.14). In addition, the
distribution of the F.m among REM and WP is similar (Table 2).
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Table 2. Frequency of measurements by month (F.m) presented for White persons (WP) and people
from racial and ethnic minority groups (REM); a, chi-square test; b, Kruskal–Wallis test rank. n is the
number of users; Avg is the weighted average of the months weighted by the number of users.

Number of Months REM, n (%) WP, n (%) χ2 a/Kruskal–Wallis b

(p-Value)

≤5 15 (6) 47 (7)

7.42 (0.38) a

6 9 (3) 18 (2)
7 15 (6) 23 (3)
8 13 (5) 28 (4)
9 13 (5) 43 (6)
10 17 (6) 61 (8)
11 33 (13) 74 (10)
12 149 (56) 442 (60)

Avg (STD) 10.42 (2.46) 10.6 (2.3) 1.08 (0.3) b

3.2. Association between Engagement and Average Blood Glucose Levels

In addition, Kruskal–Wallis statistical tests findings showed no statistically significant
difference between glucose variabilities examined by the distribution of the avg STD change
(T1 compared to T12) between WP and REM groups (p = 0.40). A paired test for WP and
REM users for the average STD in T1 vs. average STD in T12 demonstrated significant
reduction over a year (p < 0.001).

Three models of GLM were used to predict the Avg.bg (Table 3) with the coefficients
Bgm and F.m. In Model 1, the results presented that Bgm was a significant negative
predictor (β1 = −0.20, p = 0.045) or when Bgm was higher (the users performed more blood
glucose measurements), the Avg.bg was reduced at T1 and T12 with no interactions between
the predictors with dichotomic ethnicity in Model 1. The coefficient F.m, or frequency of
glucose measurements, was also a significant negative predictor in Model 2 and Model
3 (β2 = −4.38, p = 0.009; β3 = −3.77, p < 0.001), indicating a positive correlation between
engagement and average blood glucose, or, a higher number of active months on the
platform is negatively associated with lower average blood glucose level among REM and
WP users.

Model 1:

ŷ = β0 + β1X1 + β2 I(X2 = 1) + β1X1·β2 I(X2 = 1)
ŷ = 221.69 − 0.2 Bgm − 4.84I(Dichotomic Ethnicity = 1) + 0.08 Bgm

·I (Dichotomic Ethnicity = 1)
ŷ = Blood Glucos Average level

β0 = 221.69 Intercept
β1 = −0.2 Bgm

β2 = −4.84 Dichotomic Ethnicity; Dichtomic ethnicity (WP vs. REM)

Model 2:
ŷ = β0 + β1X1 = 244.63 − 4.38 f .m.

β0 = 244.63 Intercept
β1 = −4.38 f .m.

Model 3:
ŷ = β0 + β1X = 236.44 − 3.77· f .m.

β0 = 236.44 Intercept
β1 = −3.77 f .m.
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Table 3. General linear model results. Avg.bg presents the predictable variable—the average blood
glucose levels; Bgm presents the number of measurements; WP, White persons; REM presents
people from racial and ethnic minority groups; dichotomic ethnicity presents WP/REM. F.m presents
frequency of measurements by month.

Coefficients Estimate (β) Std. Error t Value p Value Model Fit

Model 1: all users

Intercept 221.69 3.81 58.15 <0.001 AIC 22,077.88
Bgm −0.20 0.10 −2.00 0.045 BIC 22,105.88

Dichotomic
ethnicity −4.84 4.43 −1.09 0.274 χ2 (3) 42,776.44

Bgm *
Dichotomic

ethnicity
0.08 0.11 0.72 0.471 p-value 0.01

R2 0.01
observation 2000

Model 2: REM

Intercept 244.63 17.88 13.68 <0.001 AIC 2970.42
F.m −4.38 1.67 −2.62 0.009 BIC 2981.15

χ2 (1) 30,593.58
p-value 0.01

R2 0.03
Observation 264

Model 3: WP

Intercept 236.44 11.07 21.37 <0.001 AIC 8213.62
F.m −3.77 1.02 −3.69 <0.001 BIC 8227.43

χ2 (1) 55,724.84
R2 0.02

p-value <0.001
Observation 736

4. Discussion
4.1. Principle Results

The study results demonstrated that among high-risk T2DM patients who use Dario
technology, blood glucose levels (average blood glucose and glucose variability) were
improved in different racial/ethnic groups: WP and REM (Latinos, Blacks, and Asians)
(Figure 1) and in different BMI groups based on the statistical tests applied (Kruskal–Wallis)
(Figure 2). In addition, there were no differences in blood glucose levels between the groups
over a year of app usage. The GLM models showed that the frequency of measurements
by month (number of months per year (F.m)) and the number of measurements (Bgm)
at months 1 and 12 are predictors of blood glucose levels. Our findings strengthen the
observation that a higher level of user engagement, reflected by a monthly number of
measurements and active months, is associated with a reduction in blood glucose levels in
the tested timeframe. Moreover, the improvement in average blood glucose, as examined
in Model 1, was not different for separate racial/ethnic groups (WP/REM), consistent with
the statistical tests applied (Kruskal–Wallis and paired Wilcoxon). The significant effect of
the engagement variables (Bgm and F.m) among WP and REM populations indicated that
using the digital therapeutic platform has the potential to enhance diabetes management,
contributing to their improved glycemia over a full year.

Multiple factors may contribute to healthcare disparities, such as immigrant status,
living in rural regions, socioeconomic status, numeracy, educational level, health literacy,
and access to health insurance [58–60]. Furthermore, environmental changes, food, and
physical insecurity may influence the risk of obesity and diabetes as they are associated
with genetics and epigenetic differences between varied races/ethnicities [61,62]. Health-
care providers’ bias may also impair health outcomes amongst racial/ethnic minority
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populations; such biases may take the form of disparities in treatment recommendations
and expectations of treatment adherence [63].

In contrast to traditionally observed racial/ethnic disparities in diabetes treatment
participation and outcomes, our study demonstrated the potential of digital therapeutic
interventions to support and assist in diabetes management.

Previous studies supporting the current results examined the impact of telemedicine
tools, such as Internet-based intervention, on diabetes outcomes. The population partic-
ipating in these studies were high-risk, low-income, and patients from ethnic minority
groups, and showed significant reductions in A1C [36,64–66]. Adjustments in usability
and availability through a digital platform can engage at-risk populations and may lead to
improved glycemic levels. Measuring outcomes among racial/ethnic groups is important
to monitor in order to respond to long-standing disparities.

Earlier systematic reviews identified numerous studies evaluating the impact of di-
abetes self-management interventions delivered via a mobile device and/or Internet on
in-target glycemia for adult populations at high risk with T2DM. Most studies reported
that A1C improved within the intervention group versus usual care, emphasizing digital
health preference above usual care [36]. The current results provide evidence that digital
health among varied race/ethnicity groups assists in engaging users and improving their
self-management associated with in-target glycemia for a year’s duration.

There is a lack of studies examining the impact of digital health interventions on
chronic conditions and disease among populations at high risk, specifically among different
racial/ethnic groups of people, with T2DM. Most studies examined the impact of digital
health on chronic conditions among vulnerable heterogeneous populations with general
and broad definitions, e.g., low-income patients, low level of education, and mixed vulnera-
ble classification. This study utilized real-world data logged into the app by users to stratify
the high-risk population purely by race/ethnicity. It revealed no significant differences
in their glycemic level over a meaningful period of 12 months. A WP population served
here as a type of “control” for the different races/ethnicities assessed, while many previous
studies are lacking in their comparison to a control group [36,46,53].

Digital therapeutic platform technology enables the recognition and adjustment of
specific required needs (e.g., cultural, linguistic, educational, and more). Our findings
provided evidence that a digital tool is equally useful among the varied racial/ethnic
users studied. The usability and availability of personalized interventions enable the
achievement of healthcare engagement over time. Previous real-world studies presented
an association between digital engagement and clinical outcomes improvement among
T2DM users [67]. The current study reveals the association between app engagement and
clinical outcomes in types of populations known as “challenging”. The study findings
showed a positive correlation between engagement and average blood glucose among
REM and WP users. Findings also shed light on the mechanism of self-monitoring with a
digital therapeutic platform and may assist in developing a better therapeutic approach
targeting REM populations with T2DM. The nondifference between improved in-target
glycemia may be explained by the ability of digital therapeutics platforms to personalize the
solutions according to the user’s needs. The digital platform collects users’ information via
the screening process, tracks users’ behaviors and glycemic levels, can personalize language
communication, offer relevant educational content, and can provide online consultation
with a coach. In addition, the usability and availability of the home glucometer with
online feedback on glucose measurements encourage the user to keep tracking these
measurements, which may increase healthcare engagement. The availability of important
tracking tools with specific adjustments for varied populations’ needs is a gold key in
promoting in-target glycemia.

4.2. Limitations

Several limitations are noted in the study. Racial and ethnic categories were limited
to the choices available in the application. There was no designed control group in this
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study comparing digital to traditional self-management strategies. However, we used a
comparable group from our real-world data (REM vs. WP). Both groups were characterized
by no substantial difference in demographics. As in all studies involving retrospective
real-world data, groups were not randomly assigned and treatment protocols were not
prescribed. Both factors create challenges for indicating causal effects. It is certainly possible
that users who chose to purchase the device and to be engaged were the most motivated to
change. However, the users in all groups analyzed in the study were persons with T2DM
with hyperglycemia levels (all the users started with an average blood glucose of above
180 mg/dL in the first month of activity since registration). That may indicate that these
users were not highly engaged in their treatment prior to joining DarioTM despite their
complex condition. An implication of racial and ethnic groups that were coded in the
application may not capture results from groups that are not included in the app, and it is
possible that people who chose to report their race/ethnicity were those who were the most
motivated to change. Our study was designed to ensure that both groups analyzed showed
evidence of being motivated about their diabetes care. Additionally, self-reported data are
vulnerable to response bias. Specifically, users’ racial/ethnic identities were collected via
self-report, which is subject to response bias.

In contrast to a substantial portion of health studies that require follow-up assessment
from the experimenter party, these assessments were performed exclusively remotely. This
reduced the study bias and enhanced the advantages of real-world data.

Another limitation regarding the study array is assessing the average blood glucose
levels only at two time points (1st month and 12th month). Following frequent fluctuations
in blood glucose levels is important in diabetes management. We used a longitudinal
collection of data of blood glucose measurements and statistical analysis (GLM) to allow
robust estimation of the digital health effect over the evaluation period. Additionally,
we applied in our models the frequency of measurements by month (the coefficient; F.m)
represented in the month’s duration engagement of the users. Blood glucose measurements
and frequency of measurements across ethnicities were examined as predicting variables
for reduction in blood glucose levels over time, with the limitation that there may be other
predicting variables contributing to reduction in blood glucose, such as users’ diet and
eating habits or other unknown or unreported medical or mental conditions. However,
these variables were found based on the model as significant predictors. Finally, we
observed BMI outcomes with the limitation of absent information regarding users’ eating
behaviors or exercise regimes. However, the purpose of observing BMI outcomes is to
add a related biochemical marker to blood glucose levels and to demonstrate a broader
range of metabolic variables. In addition, the country of residence for the participants of
this study was skewed towards the USA; therefore, it is not clear if the results are equally
applicable to less economically developed countries. Hopefully, our results will encourage
further research among less economically developed and more racially/ethnically diverse
populations outside of the USA.

5. Conclusions

Our findings demonstrate improvement in blood glucose levels in high-risk racial/ethnic
minority populations with T2DM, showing that in this group of users who are motivated to
use a digital device there appears to be no difference in the outcomes between racial/ethnic
groups. In particular, the study emphasizes the capabilities of digital approaches to deliver
digital health services to populations at risk and to personalize the services according
to their unique needs. The study highlights the necessity for future research to focus on
disparities in various aspects of living with diabetes and to investigate actionable digital
strategies that promote in-range glycemia, reduce hyperglycemia, and encourage diabetes
self-management engagement by comparing results for diabetes care, technology use,
and outcomes among different populations along expanded periods of time. Moreover,
the study also sheds light on the association between engagement factors and glycemic
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outcomes in underserved populations, highlighting the importance of future research
exploring how habits change over time and the unique needs of varied diverse populations.
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