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Original Article

Diabetes is a chronic disease currently affecting 11.9% of the 
US population.1 In the United States and elsewhere a sub-
stantial portion of individuals living with diabetes are man-
aged by primary care teams, with office visits averaging 15 
minutes twice a year; therefore individuals are essentially on 
their own for the rest of the time.2 Because of this enormous 
gap between visits, diabetes care is primarily dependent on 
personal self-management, which, if not performed well can 
lead to the risk of premature death, blindness, amputation, 
and kidney failure.3 In reality diabetes self-management is 
neither easy nor simple and requires time as well as numer-
acy and literacy skills.4

As a consequence of the growing personal, societal and 
health economic burden of diabetes, several software plat-
forms have been developed to support self-management of 
the condition. There are already more than 165 000  
health-related apps available for download, but few 

diabetes-focused apps have been either cleared by the FDA 
or have supporting data described in the medical literature.5 
In type 2 diabetes there is some evidence that mobile phone 
applications can be used as an “adjunctive intervention” with 
the reported expected reduction of HBA1c of 0.5%.6

The Glooko Mobile App (Mountain View, CA) is capable 
of automatically downloading data from more than 50 com-
mercially available blood glucose (BG) meters after a user 
initiates an upload. The Glooko Mobile App has received 
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Abstract
Background: Diabetes is a chronic condition that requires constant self-management. As a consequence, several software 
platforms have been developed to facilitate the tracking of diabetes data to improve diabetes management. Our aim was to 
determine the real-world glycemic benefits of a mobile diabetes management platform used by individuals with type 1 and 
type 2 diabetes.

Methods: Mobile platform-using (n = 899) and control (n = 900) participants meeting specific minimum data criteria were 
randomly selected from a database of diabetes users. All results were modeled using different mixed effect generalized linear 
models, assigning random intercepts for each user, and adjusting the distribution assumption for each outcome.

Results: Users of the mobile platform increased their frequency of blood glucose monitoring (+8.8 tests per month, 95% CI 
[3.4, 14.1], P < .001) and had fewer hyperglycemic events and lower average glucose levels compared to the control group. 
In addition, a mobile user could expect a 3.5% drop in average BG (−6.4 mg/dL, 95% CI [−2.0, −10.7], P < .001) and a 10.7% 
decrease in hyperglycemia (P < .001) after 2 months.

Conclusion: Users of the mobile platform tested their BG more often and demonstrated greater improvement in blood 
glucose compared to users who did not use the mobile platform. This supports previous studies indicating that digital 
technologies can enhance diabetes care in a real-world setting.
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FDA clearance (510(k) Premarket Notification). In addition, 
it offers a personalized digital logbook and displays data 
through customizable graphs. This data display allows users 
to easily view their glucose readings, meals, and medica-
tions, while receiving feedback on their progress (examples 
of the display are available as supplemental material). This 
has particular relevance, as a recent meta-analysis found that 
the presentation of data through a mobile application can be 
used to improve glycemic control.7

For this study we hypothesized that access to a structured 
data display using the mobile app would improve glycemic 
outcomes (ie, average BG, hypoglycemic, hyperglycemic, 
and in-range BG readings) more than simply uploading data 
to the office of a health care provider (HCP). For this we 
compared users of the mobile application to a control group 
who uploaded their data in an HCP’s office, but did not have 
the accompanying mobile app. Both groups received usual 
care as offered by their HCPs.

Methods

This research was considered exempt from IRB review 
because it utilized only aggregate metrics from the Glooko 
server. No study team member had access to any data con-
taining any of the 18 HIPAA identifiers. As part of a terms of 
service agreement, users consent to share their data and have 
their data analyzed in a deidentified, aggregate form for 
research purposes.

For this retrospective study, we collected data from the 
database (Figure 1). From a total of 184,120 accounts we 
selected participants who had successfully uploaded their 
data at least twice between January 2011 and March 2017. A 
breakdown of the final sample’s age, gender, and diabetes 
type is available in Table 1. We required that each participant 
had at least 90 days (ie, approximately 3 months) of data 
prior to their initial upload. This was defined as a user 
actively testing their BG across a time period of at least 75 
days within an overall 90-day period. A maximum of 90 days 
were included in the baseline measurement. A visual illustra-
tion of the relationship between uploads and back data can be 
found in Figure 2.

Although we required each participant to have self-moni-
toring blood glucose (SMBG) data on the third month after 
their initial upload, we analyzed data from only 2 months. 
Using a 90-day data inclusion criterion allowed us to avoid 
biasing the sample set against infrequent testers (ie, users 
who failed to take any SMBG measurements during their 
first or second months). If we had required only a 60-day 
data inclusion criterion, then any user who failed to test in 
the first or second month would have been excluded from the 
study. We also removed individuals who had meter readings 
occurring after their upload time (ie, in the future; typically 
caused by improperly calibrated meter times).

Figure 1.  Selection of users eligible for current study. The Total 
number refers to is all users at time of analysis (not including 
Diasend users). The Data Req number refers to the number of 
users who met the data requirements (detailed in the methods 
section) for the study. The Selection number refers to the number 
of users who were randomly selected for the study. Note that 
the mobile group includes 899 because a test user was originally 
randomized into the study and subsequently excluded from any 
analyses.

Table 1.  Study sample demographics.

Control Mobile

Agea Mean ± SD 57.0 ± 20.5 49.0 ± 19.3
  Valid n 900 759
Gender Male 0 440

Female 2 171
Unknownb 898 288

Diabetes 
type

Type 1 3 375
Type 2 15 285
Other 0 22
Unknownb 882 285

  Total n 900 899

aNotably, date of birth was a required field when creating a patient profile 
for the control group.
bUnknown values occur when users or clinicians decline to provide data, 
or are not presented with the option of filling in their profile. Because 
data from the control group were typically uploaded by a health care 
provider, the reporting of demographic information was often not 
prioritized.
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Groups

We defined the mobile group as any user of the mobile app. 
This contains a digital logbook, user-initiated SMBG data 
capture, and graphical displays of the collected glucose data. 
Mobile users also have access to the full range of features, 
including the ability to view stored BG data in graphical for-
mat, the ability to complement glucose data with personal 
information about food intake, medications, and exercise, 
and the ability to set reminders for themselves to support 
their care plan.

For comparison purposes the control group was defined 
as any individual not using the mobile app, who uploaded 
their data at their HCP’s office using an office uploading 
device as part of usual clinical care. Although these data 
were still accessible to the user, they were not as available as 
within the mobile app. Because the control group uploaded 
their data at a provider’s office, we were able to assume they 
received clinical care based on their uploaded data during 
their office visit.

Outcomes and Statistical Modeling

Because this was a retrospective cohort design, we randomly 
selected mobile and control users from our database using 
the numpy.random (https://docs.scipy.org/doc/numpy/refer-
ence/routines.random.html) package in Python version 
2.7.10, once they met the inclusion criteria outlined above. A 
sample of 900 per group was chosen to ensure the study had 
adequate power. Random selection within the mobile group 
was used to decrease bias due to our sample of convenience, 
while random selection within the control group was used to 
avoid an overpowered sample.

For each dependent variable, we used a mixed effects 
generalized linear model (GLM), considering users as a ran-
dom effect and time as a linear fixed effect. We adjusted the 
distribution assumptions for each dependent variable.

Monthly testing rate was modeled using a quasipoisson 
distribution, which was chosen because test rate was a count 

variable. Testing rate was analyzed as number of BG tests 
per month and change in testing rate was reported using an 
incidence rate ratio (IRR). The IRR allows us to report the 
percentage change in the monthly count of SMBG testing 
events.

Average BG was modeled using a Gaussian distribution 
with a log link. The log link accounted for greater variance in 
the right tail of BG values to a greater degree than the iden-
tity link. BG was analyzed and presented in the format of 
mg/dL. Change in means was reported as a percentage differ-
ence, based on exponentiated coefficients.

All glycemic events (ie, hypoglycemia, hyperglycemia, 
and in-range readings) were preprocessed into the individu-
alized monthly probability of a glycemic event. Probability 
of a glycemic event was modeled using a binomial distribu-
tion, making these analyses equivalent to a Beta regression. 
This probability was weighted by the number of SMBG 
observations, which allowed us to account for variations in 
user measurements.

A hypoglycemic event was defined as a BG measurement 
below 70 mg/dL; a hyperglycemic event was defined as a BG 
measurement above 200 mg/dL. An in-range event was 
defined as a BG measurement between 70 and 200 mg/dL.

In addition, we explored the relationship between change 
in testing rate, glycemic events, and average BG using 
Spearman’s ρ (rho), a nonparametric indicator of correlation.

While a detailed analysis of potential gender differences 
in glycemia outcomes is beyond the scope of the current 
study, we also leveraged the limited amount of available self-
reported demographic data from our mobile group users to 
glean insights into gender differences in post hoc exploratory 
analyses.

Results

Testing Rate

Users in the mobile group started with a 15.3% higher 
monthly testing rate compared to the control group (mean 
diff = 7.5 tests per month, 95% CI [3.0, 12.0], P < .001). 
Over time, control group testing rates were unchanged (P = 
.055), whereas the mobile group testing rate significantly 
increased by 7.9% per month (P < .001) (Figure 3). Overall, 
a mobile user exhibited a 16.3% higher testing rate, after 2 
months, compared to the control group. This translated to a 
mean increase of 8.8 tests per month, 95% CI [3.4, 14.1], 
after 2 months of using the mobile app.

Achieved Blood Glucose Levels

Before the start of the study, users in the mobile group dem-
onstrated 4.6% lower modeled average BG compared to con-
trol users (mean difference = −8.5 mg/dL, 95% CI [−3.9, 
−13.0], P < .001). Over time, in the control group, average 
recorded BG levels increased modestly by 1% per month (P = 

Figure 2.  Illustration of the relationship between uploads and 
data. Every patient included in this study had initiated an initial 
upload (light blue), which allowed us to collect data before they 
had started using the mobile app or control (dark blue). Every 
patient had also initiated a second upload (light orange) and 
allowed us to collect data after their use of the mobile app or 
control (dark orange).
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.024), from 173.5 mg/dL at baseline to 173.9 mg/dL at month 
2. By comparison, the users in the mobile group achieved glu-
cose levels that decreased 1.8% per month (P < .001). In total, 
across 2 months, a mobile user could expect a 3.5% drop in 
average BG, compared to the user’s baseline measurements 
(Figure 4). This translated to a mean decrease of 6.4 mg/dL, 
95% CI [2.0, 10.7], P < .001, from an average of 165.0 mg/dL 
to 158.6 mg/dL, after 2 months of using the mobile app.

Glycemic Events

At baseline, mobile users had a 8.4% higher probability of 
experiencing hypoglycemia compared to the control group 
(P = .016). However, over time, we did not find a significant 
change in the probability of hypoglycemic events for either 
group (all Ps > .05).

Before the start of the study, mobile users had a 15.6% 
lower probability of hyperglycemic events compared to the 
control group (P < .001). After the start of the study, rates of 
hyperglycemia were unchanged in the control group (P > 
.05). By comparison, a mobile user could expect a 10.7% 
decrease in the probability of hyperglycemic events by the 
end of 2 months (Figure 5). Overall, mobile users exhibited 
an additional decrease in the probability of hyperglycemic 
events by 4.4% per month, compared to control group (P < 
.001).

These findings support an observed change in in-range BG 
readings from 63.6% to 67.1% (+3.5%, P < .001) for the 
mobile group, compared to a change in in-range BG readings 
from 61.2% to 62.1% (+0.9%, P = .19) the control group. 
However, these absolute changes in the proportions of in-
range readings do not account for preexisting differences in 
testing frequency. After accounting for these differences in 

testing frequency, mobile users had a 13.9% greater probabil-
ity of being in-range (70 mg/dL to 200 mg/dL) compared to 
the control group (P = .002) before the start of the study. Over 
the study period, the number of in-range BG values increased 
by 1.4% (P = .041 compared to baseline) for control group 
users. By comparison, mobile users had an additional increase 
of in-range BG values of 4% per month (P < .001 compared 
to control group). Overall, a mobile user could expect a 11% 
increase of the probability of in-range events by the end of 2 
months, compared to the control group.

Using Spearman correlations, we found that the increase 
in SMBG test rate negatively correlated with change in the 
probability of experiencing a hyperglycemic event 
(Spearman’s ρ = −.200, P < .001) and change in average BG 
(Spearman’s ρ = −.218, P < .001).

Post Hoc Analyses

Self-report gender information was available for 80.5% of our 
mobile group users. We observed no differences between 
males and females with regard to testing rate at any study time 
point. We did find that males had lower BG levels than females 
at the start of the study (P = .0249), but that change in BG dur-
ing the study did not differ between male and female users. In 
terms of probability of dysglycemic events, male users exhib-
ited lower hypoglycemia and hyperglycemia rates than 
females at the start of the study (all Ps < .05), and increased 
hypoglycemia and decreased hyperglycemia rates over the 
course of the study relative to female users (all Ps < .05).

Discussion

In this study, we evaluated the use of an FDA-cleared mobile 
health application that helps people with diabetes organize 

Figure 4.  Average blood glucose (standard error) at baseline 
and following 2 months.Figure 3.  Mean (standard error) increase in monthly SMBG test 

rate compared to baseline for the control and mobile groups.
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and display their personal data. We hypothesized that 
increased access to structured data would improve glycemic 
control and this was supported by our results. Users of the 
mobile app increased their frequency of BG monitoring, had 
fewer hyperglycemic events and better average glucose, 
compared to individuals having the same data simply 
uploaded at their providers’ offices. Importantly, the reported 
decrease in hyperglycemia occurred without an accompany-
ing increase in hypoglycemia. We believe that these improved 
outcomes were associated with features unique to the mobile 
platform that enabled easier uploading and viewing of the 
users’ data.

A substantial proportion of the mobile group users pro-
vided self-report demographic information including gender, 
and we were able to leverage that data to gain insights into 
gender differences in glycemic outcomes. Although not the 
primary focus of the manuscript, insights into potential gen-
der differences in glycemic outcomes can be helpful in pre-
scribing treatment. Overall, male mobile users tended to 
show less engagement with the mobile app than female 
users8 and exhibit lower BG levels. The overall lower BG 
levels in male users corresponded to a decrease in hypergly-
cemia rates and an increase in hypoglycemia rates through 
the course of the study.

Previous research has shown that SMBG test rate may 
positively correlate with glycemic improvement.9,10 Although 
we observed that more frequent testing was associated with 
improved glycemic outcomes (Figure 6), the effect size was 
modest and did not explain all the improvement within the 
mobile group. Therefore, it is likely that other features  
specific to the mobile platform, including the structured dis-
play of user data, contributed to the observed glycemic 
improvement.

These findings support a recent meta-analysis suggesting 
the structured display of data from a mobile application can 
contribute to improving glycemic control.7 Our results are 
similar to previously conducted studies,11-18 but very few 
studies have isolated the effect of a mobile app, while con-
trolling for usual care, as in the current study.

The present study should be interpreted within the context 
of certain limitations. Because the study was a retrospective 
cohort design, we could not randomly assign users to the 
mobile or control groups. One inherent difference between 
the groups, based on how the groups are defined, is the time 
between BG device syncs/uploads. In the control group, data 
were uploaded at every clinician office visit (mean 45.9 days 
between uploads) whereas in the mobile group, the interup-
load interval was shorter as data was uploaded during every 
device/mobile app sync (mean 13.9 days between syncs). 
How this difference might influence outcomes is unclear and 
perhaps impossible to quantify as mobile users will naturally 
be able to upload more often.

Incidentally, several other between-group differences in 
user characteristics were noted. Compared to control users, 
mobile users were younger and exhibited lower average BG, 
more hypoglycemia, and less hyperglycemia at baseline. 
One possibility is that younger people with diabetes were 
simply more likely to seek and continue to use mobile health 
solutions. Another non–mutually exclusive possibility is that 
older people with diabetes were more likely to have more 
advanced stage diabetes necessitating clinical care (ie, self-
selection into the control user group). Both scenarios, how-
ever, can only be considered speculative, and how these 
between-group baseline differences might influence the cur-
rent findings remains unknown, and therefore, a limitation of 
the study.

In addition, mobile and control group users also exhibited 
incidentally and inherently different BG device engagement 
characteristics such as SMBG rate and upload rate (to mobile 
app or clinician’s office). Furthermore, it is plausible that 
these groups also differed in some unknown way. Apart from 
knowing that mobile users had the ability to upload their BG 
data directly to the mobile app and that control users could 
only upload their BG data during regular visits to their HCPs, 
we do not know whether systematic differences in diabetes 
management or HCP settings (eg, endocrinologists, primary 
care physicians, educators, coaches) might exist between the 
two groups. Also, our demographic data were limited to the 
information provided to us by users and we were not able to 
account for unknown variables such as age, ethnicity, diabe-
tes type or gender. Thus, we do not know how these factors 
might contribute to our findings. In addition, we have no 
information related to changes in the dose, frequency or tim-
ing of individual therapies.

However, in our analyses we controlled for known preex-
isting differences by focusing on the difference in rate of 
change between the groups (ie, the interaction between time 
and group). Cohort measurements at baseline suggested the 

Figure 5.  Monthly improvement in hyperglycemia over baseline. 
Improvement quantified by mean (standard error) decrease in 
proportion of hyperglycemic readings, weighted by number of 
readings for that month.
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mobile group was closer to their health-related goals, com-
pared to the control group. As such, some mobile users might 
have failed to improve due to a ceiling effect. Ceiling effects 
can occur when certain populations are already close to a 
goal at the beginning of a study (eg, the mobile group) and 
fail to show improvement. Inversely, patients who are further 
away from a goal at the beginning of a study (eg, the control 
group) tend to show more dramatic improvement over time.19 
Within this context, the modest improvements reported in 
this study were still clinically relevant, given the baseline 
glycemic control of our sample. Further studies of digital 
health technologies are required to determine their impact on 
those with more poorly controlled diabetes, the reasons for 
which are often psychosocial in their origins.20

Conclusion

Overall, we present evidence supporting our hypothesis that 
using mobile health management software facilitates 
improvement in multiple glycemic outcomes. Although we 
can directly attribute some of this improvement to an increase 
in SMBG testing rate, previous research has found the struc-
tured display of data can also contribute to a significant 
improvement in glycemic control.7 Although the goal of the 
current study was not to determine how mobile health plat-
forms improve health outcomes per se, our demonstrated 
improvements across multiple glycemic outcomes could 
have been the result of increased awareness of glycemic sta-
tus and enhanced contextual awareness and engagement in 
self-care,7 resulting in a greater ability to regulate behavior 
based on such information.

Abbreviations

BG, blood glucose; FDA, Food and Drug Administration; GLM, 
generalized linear model; HCP, health care provider; IRR, inci-
dence rate ratio; SMBG, self-monitoring of blood glucose.
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Graph 2.  Example display of the mobile app. Users can have a 
more detailed view of their BG data and contextual (eg, food, 
medication) information for each day.

Graph 1.  Example display of the mobile app. Users can view 
their BG data across different time windows (1 week to 1 year) 
and juxtaposed with contextual (eg, exercise) information.


