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Abstract

Background: The rising popularity of apps that sync with continuous glucose monitors (CGMs) reflects growing interest in
on-demand, personalized care. These platforms combine real-time glucose biofeedback with self-monitored behaviors to optimize
metabolic health among individuals with and without diabetes. However, little is known about user characteristics, engagement
patterns, or factors associated with sustained use of CGM-integrated digital health apps in real-world settings.

Objective: This study aimed to describe user demographics, CGM usage patterns, and food logging behaviors among Vively
app users and to identify characteristics of sustained engagement with CGM wear and food tracking.

Methods: We conducted a retrospective observational study of Vively app users between August 2021 and February 2025.
Vively is a commercial digital health app that integrates with Abbott FreeStyle Libre CGMs to deliver personalized nutrition
guidance. Users with at least 1 day of CGM wear were included. Primary outcomes were CGM wear duration (total days) and
food logging engagement. Factors associated with engagement were identified using negative binomial regression for CGM wear
and hurdle negative binomial models for food logging, adjusting for age, sex, BMI, baseline glucose, and device connectivity;
the food logging model additionally adjusted for CGM wear category.

Results: The analytical sample included 7647 users (4782/6905, 69.3% female, mean age 44.4, SD 10.9 years, mean BMI 27.8,
SD 6.1 kg/m²). Users wore CGMs for a median of 15 (IQR 14-30) days, with 42.7% (3263/7647) completing one full wear period
(13-15 days) and 30.3% (2315/7647) completing 2 or more wear periods (≥28 days). Most users (7013/7647, 91.7%) logged food
at least once, with a median of 47 (IQR 18-91) food entries over 12 days. Food logging declined progressively during CGM wear
(mean 63.2%, SD 8) and dropped sharply after sensor removal (mean 2.4%, SD 1.1). In multivariate models, higher baseline
glucose was associated with longer CGM wear (incidence rate ratio [IRR] 1.15, 95% CI 1.13-1.17) but fewer food logging days
(IRR 0.96, 95% CI 0.94-0.98). Connected device syncing showed the strongest association for both CGM wear (IRR 1.32, 95%
CI 1.28-1.37) and food logging (IRR 1.45, 95% CI 1.39-1.51). Older age and female sex were associated with higher engagement
in both behaviors.

Conclusions: This large-scale analysis reveals distinct engagement patterns with CGM-integrated digital health applications.
Food logging was largely concurrent with active CGM wear, dropping dramatically in CGM-free periods. The divergent associations
of baseline glucose levels, with longer CGM wear but reduced food logging, may reflect different motivational drivers for passive
monitoring versus active behavior tracking. These findings have important implications for designing sustainable digital health
interventions that maintain user engagement beyond periods of biological feedback, though replication in more diverse samples
and studies accounting for diabetes status and socioeconomic factors is needed.

(JMIR Hum Factors 2026;13:e80734) doi: 10.2196/80734
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Introduction

In recent years, a growing number of companies have begun
offering direct-to-consumer web- or app-based programs that
are paired with continuous glucose monitors (CGMs) to optimize
well-being and improve metabolic health. These programs
represent an emerging application of precision nutrition: a
technology-enabled approach that leverages individual
variability in genetic, metabolic, phenotypic, and behavioral
factors to optimize dietary recommendations and health
outcomes [1,2]. By providing real-time, CGM-based
biofeedback on glucose responses to meals and lifestyle
behaviors, these platforms are increasingly marketed to
individuals without diabetes as tools for metabolic optimization.
Users are encouraged to adjust their diet, meal timing, and
physical activity based on their personalized guidance to
promote weight loss and glycemic stability, an indicator of
metabolic health [3]. Early clinical trials have begun to
demonstrate the effectiveness of combining CGM with
personalized nutrition therapy on health outcomes among people
without diabetes [4-6].

Advances in CGM technology and artificial intelligence, the
precision health movement, and increasing device accessibility
[5] have driven the expansion of commercial CGM-integrated
apps. While CGMs were originally developed for
insulin-dependent diabetes management, manufacturers have
expanded access by releasing over-the-counter versions in
several countries, enabling broader use among health-conscious
consumers. Paired with mobile apps that translate sensor data
into behavioral insights, CGMs are being positioned not only
as medical devices but also as tools for health behavior change
[6-9]. Yet most existing research on CGM-integrated apps has
focused on diabetes management populations [10-12], with less
attention to predominantly nondiabetic consumers using
intermittent wear patterns for metabolic optimization. Despite
the increasing interest in CGM-based mobile health apps, there
is little empirical evidence describing who uses these tools, how
they are used in everyday, nonclinical settings, and which factors
are associated with sustained engagement. Most commercial
platforms do not publicly report user characteristics or

behavioral engagement metrics, leaving a critical gap in
real-world evidence that limits both scientific understanding
and the design of effective, scalable interventions.

This study addresses this gap by leveraging large-scale
observational data from real-world users of the Vively app
(Vively Health Pty Ltd), a commercial, CGM-integrated
platform focused on personalized nutrition and lifestyle
modification. We characterize user demographics, CGM usage
patterns, and food and activity tracking, and identify associations
with sustained engagement. In doing so, this work provides
rare, real-world insight into how individuals interact with
CGM-based feedback tools in consumer settings, with
implications for the design and evaluation of precision digital
health interventions.

Methods

Study Design
This was a retrospective observational study of Vively app users.
The cohort entry window included users who initiated app use
between August 2021 and November 2024. The follow-up
window extended through February 2025, ensuring all users
had at least 3 months of potential engagement data for analysis.
Users were eligible for inclusion if they had at least one day of
CGM sensor wear during the study period. The final analytical
sample included 7647 users. This study followed STROBE
(Strengthening the Reporting of Observational Studies in
Epidemiology) guidelines for reporting observational research
[13] (Multimedia Appendix 1).

Vively CGM Program
The Vively app is a commercially available digital health
application that integrates with the 14-day Abbott FreeStyle
Libre 2 and 3 CGM. It delivers real-time glucose feedback, meal
scoring, and behavioral guidance to support metabolic health,
weight management, and disease prevention. Designed for users
with and without diabetes, the app combines CGM data with
self-reported food and activity logs, allowing users to observe
how lifestyle factors affect glucose levels (Figure 1).

JMIR Hum Factors 2026 | vol. 13 | e80734 | p. 2https://humanfactors.jmir.org/2026/1/e80734
(page number not for citation purposes)

Jospe et alJMIR HUMAN FACTORS

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Screenshots of the Vively app.

Vively includes meal-level scoring based on both nutrient
quality and postprandial glucose responses. Users are
encouraged to log meals during and between CGM wear periods
to receive personalized feedback and track changes over time.
The app can also sync with wearable devices to capture data on
physical activity, sleep, and stress. Optional support from a
registered dietitian is available as a paid add-on, offering
one-on-one feedback for users seeking additional guidance.

Users typically begin their Vively experience by wearing a
CGM sensor for 14 days to establish a baseline of glucose
patterns and responses to food, activity, and lifestyle factors.
During this period, users are encouraged to log meals and
workouts to help the app generate personalized insights. After
this initial wear period, users may continue to engage with the
app without wearing a sensor. During these times, users can
still log meals and receive guidance based on their previous
CGM data and overall dietary patterns. Users are advised to
repeat CGM wear approximately every 3 months as a refresher
and to receive updated feedback. This intermittent approach is
intended to balance the benefits of biological feedback with
long-term usability and cost.

Study Outcomes
User engagement was assessed using 2 outcomes: daily food
logging and CGM wear duration. Daily food logging was treated
as a continuous variable (total food logging days) and as a binary
outcome indicating whether a user ever logged food. CGM wear
duration reflects the total number of days with CGM data. In
addition to modelling total CGM wear duration, we categorized
wear duration to reflect the intended, intermittent, CGM use
pattern (2 weeks, every 3 months): less than 1 full wear duration
(<13 days), 1 full wear duration (13-15 days), 1 to 2 wear
durations (16-27 days), and 2 or more wear durations (≥28 days).
A CGM wear duration of 13-15 days will herein be referred to
as 1 CGM wear, and a CGM wear duration of 15 or more days
will be referred to as 2 (or more) CGM wears. Food logging
served as our primary measure of app engagement, since users

received feedback mainly on this behavior, while CGM sensor
wear was used as a secondary measure of engagement.

Diet quality and diet glucose scores, as derived by the Vively
app, were extracted as indicators of the average nutritional and
glycemic quality of meals logged over the cumulative CGM
wear and food logging duration. The diet quality score (range
0-10) reflects the nutritional composition of meals, including
macronutrient distribution, degree of food processing, and
whether the food contained alcohol. The diet glucose score
(range 0-10) is derived from CGM data and captures
postprandial glucose responses over a 2-hour window following
each reported meal, and includes area under the curve,
time-in-target range, and peak glucose levels. For each user,
average scores were calculated across all eligible meals to
summarize how meals aligned with the app’s metabolic goals.
Higher scores for each diet-related outcome are more favorable.

Physical activity data were extracted from the Vively app as
steps or workouts. Users with physical activity data were those
who synced a connected device, such as a smartwatch or
smartphone, to the Vively app. Step counts were inferred from
any non-null step data linked to a third-party source (eg, Apple
Health, Garmin). Workout data were collected from both
third-party sources and user-logged events and were analyzed
descriptively as a proxy for physical activity engagement.

Statistical Analysis
We used descriptive statistics to summarize user characteristics,
CGM wear, and app usage, reporting mean (SDs) or median
(IQRs), as appropriate for the data distribution. Diet scores, step
counts, and workout frequency were summarized descriptively
and not included in modelling. Step counts were restricted to a
plausible daily range of 500-100,000 steps. The lower bound
was chosen to exclude days likely reflecting nonwear rather
than genuine sedentary behavior, as very low counts are
implausible for a full wear day [14]. Days with step counts more
than 3 SDs below an individual’s mean were additionally
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removed; only below-mean outliers were excluded, as high step
counts remain physiologically plausible.

CGM wear and food logging were the outcomes of interest,
modeled separately as correlates of app engagement. Daily food
logging rates were calculated across the first 14 days of the first
CGM wear period and the first sensor-free period following it.
The analytical sample on each day was restricted to users who
had reached that wear day or break day. For wear days, users
with shorter initial wear periods were excluded from subsequent
days’ calculations. For break days, users who initiated a second
sensor wear were excluded from subsequent days’ calculations,
as their first sensor-free period had ended. To identify factors
associated with food logging, we used a hurdle, negative
binomial model. The hurdle model accounts for zero inflation
and overdispersion in the count of logging days by modelling
two components: (1) a logistic regression estimating the odds
of ever logging food (≥1 day vs none), and (2) a zero-truncated
negative binomial regression estimating the number of logging
days among users who logged at least once. To reduce the
influence of extreme values, food logging days were winsorized
at the 99th percentile (111 days) prior to modelling, retaining
all users in the analysis while reducing the influence of the 76
users (1%) with extreme logging durations [15]. Variables in
both components included age, sex (reference: female), BMI,
baseline mean glucose, and connected device use. The CGM
wear category was included in the food logging model as an
adjustment variable to account for the association between wear
duration and food logging opportunity. As the CGM wear
category represents a study exposure rather than a user
characteristic, its coefficients are not presented in the regression
forest plot.

Total CGM wear days were modeled using a standard negative
binomial regression, using the same set of variables. Food
logging days were excluded from this model to avoid adjusting
for a potential downstream behavior. All continuous variables
were modeled linearly and checked for collinearity.
Exponentiated coefficients are reported as odds ratios or
incidence rate ratios (IRRs), with corresponding 95% CIs. All
regression models estimate associations between variables. As
this is an observational study without randomization or
experimental manipulation, findings should be interpreted as
descriptive associations rather than causal effects.

User characteristics and engagement outcomes of interest were
compared across the predefined categories of CGM use using
pairwise tests. For continuous variables, pairwise independent
2-tailed t tests were conducted; for categorical variables,

pairwise Fisher exact tests were used. All P values were adjusted
for multiple comparisons using the Bonferroni correction. Effect

size was calculated using Eta-squared (η2) for continuous
variables and Cramér V for categorical variables. Users with
missing values for any of the variables were excluded from
regression models; no imputation was performed. Missing data
were observed for age (n=274, 3.6%), BMI (n=293, 3.8%), and
baseline mean glucose (n=218, 2.9%), resulting in 502 users
(6.6%) excluded from both regression models, leaving an
analytical sample of 7145. All analyses were conducted in R
(version 4.2.2; R Foundation for Statistical Computing), using
the pscl and MASS packages for count models.

Ethical Considerations
The Georgetown University Institutional Review Board
reviewed the study and determined this secondary analysis of
deidentified data to be exempt (STUDY00008558). On account
creation, Vively users agree to the Health Privacy Policy, which
explicitly permits the use of deidentified operational data for
research purposes. Users may withdraw consent at any time by
opting out within the app or by contacting Vively support. Data
extraction was performed by Vively prior to transfer in
accordance with their privacy policy and the terms of the
data-sharing agreement, which governed how opt-out requests
were handled. Data were deidentified before transfer. Data were
transferred via a secure file transfer protocol under a formal
data-sharing agreement that specified permissible uses, storage
requirements, and publication rights, and prohibited
reidentification. No direct identifiers were available to
investigators. No compensation was provided. Vively provided
deidentified data exports under a data-sharing agreement and
had no role in study design, analysis, interpretation, or the
decision to submit. Investigators retained full control of the
analytic code and results.

Results

Vively User Characteristics
The analysis included a total of 7647 individuals who used
Vively with at least 1 day of CGM sensor wear (Table 1). The
cohort was predominantly female, with roughly equal
proportions in the normal (2555/7354, 34.7%), overweight
(2518/7354, 34.2%), and obesity (2164/7354, 29.4%) BMI
categories. Age ranged from 18 to 88 years. Most users were
based in Australia (7091/7571, 93.7%), where Vively Health
is headquartered.
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Table 1. User, engagement, and behavioral characteristics across continuous glucose monitor (CGM) wear categories.

Effect sizea,b,cP value≥21-21<1AllCharacteristics

——d2315 (30.3)771 (10.1)3263 (42.7)1298 (17.0)7647 (100)Number of CGM wears, n (%)

0.32b<.00159.1h (55.6)22.0g (3.7)14.6f (0.7)8.5e (3.1)27.8 (37.1)CGM wear duration (days), mean (SD)

0.03c.08Sex, n (%)

——657 (31.4)208 (31.2)876 (29.2)379 (33.3)2120 (30.7)Male

——1437 (68.6)459 (68.8)2126 (70.7)760 (66.7)4782 (69.3)Female

0.03b<.00147.0g (10.6)44.2f (10.7)43.8f (11.0)41.2e (10.4)44.4 (10.9)Age (y), mean (SD)

0.00b<.00128.0e (6.6)28.1e (6.1)27.4f (5.7)28.1e(5.8)27.8 (6.1)BMI (kg/m²), mean (SD)

0.01b<.0016.0f (1.4)5.7e (1.1)5.7e(0.8)5.7e (1.0)5.8 (1.1)
Mean baseline CGM glucose (mmol/L)i, mean
(SD)

0.03b<.00150.1e (33.9)50.4e (33.5)62.9f (34.6)50.7e (36)55.7 (35.1)CGM days with food loggingi, mean (SD)

0.02b<.0013.4g (1.3)3.4g (1.3)3.7f (1.5)3.2e (1.5)3.5 (1.4)Meals per day, mean (SD)

0.01b<.0018.2g (0.7)8.1f (0.7)8.1f (0.7)8e (0.9)8.1 (0.7)Vively diet quality scorej, mean (SD)

0.01b<.0018.6f (0.9)8.8e (0.7)8.7f (0.7)8.8e (0.7)8.7 (0.8)Vively diet glucose scorek, mean (SD)

0.13c<.0011614h (69.7)483g (62.6)1886f (57.8)685e (52.8)4668 (61)Users with connected devices, n (%)

0.00b.903854 (3910)3954 (4216)3803 (4084)3769 (3999)3831 (4024)Steps per day, mean (SD)

aEffect size calculated using Eta-squared (η2) for continuous variables and Cramér V for categorical variables. These reflect different types of association
and are not directly comparable.
bFor η²: small ≈ 0.01, medium ≈ 0.06, large ≈ 0.14.
cFor Cramér V (df=3): small ≈ 0.06, medium ≈ 0.17, large ≈ 0.29.
dNot applicable.
e,f,g,hValues with e, f, g, h superscript letters indicate statistically significant differences in pairwise comparisons between CGM wear categories (<1,
1, 1-2, ≥2 wears) based on 2-sided independent t tests or Fisher exact tests with Bonferroni correction.
iCalculated from hours 24 to 96 of continuous glucose monitor wear.
jA high diet quality score indicates better nutrient composition and less food processing.
kA high diet glucose score indicates a more stable and controlled glucose response, while a low score suggests potentially more rapid and significant
spikes in blood sugar.

CGM Wear Patterns
Users wore a CGM for a median of 15 (IQR 14-30) days. There
were 2 peaks in total wear durations: 42.7% (3263/7647) of
users had 1 CGM wear (13-15 days), and 30.3% (2315/7647)
of users had 2 or more CGM wears (≥28 days; Figure 2). For

those with 2 CGM wears (either partial or full wears, 16-30
days; 1583/7647, 20.7%), the median number of days between
CGM wears was 31 (IQR 6-85) days, and patterns varied widely
(Figure 3). There were 141 users (1.8%) with 10 or more CGM
wears (≥140 days). Reasons for partial CGM wear (<14 days;
2069/7647, 27.1%,) were not recorded.
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Figure 2. Distribution of total continuous glucose monitor wear days per user (N=7647). CGM: continuous glucose monitor.

Figure 3. Continuous glucose monitor wear patterns among users over 300 days (N=7647). Each row represents an individual user, ordered by the
longest span of CGM wear. Green tiles indicate days with continuous glucose monitor wear, and grey tiles indicate days without continuous glucose
monitor wear. CGM: continuous glucose monitor.
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Food Logging
Most users (7013/7647, 91.7%) logged at least 1 food item. The
median number of entries was 47 (IQR 18-91) items over a
median of 12 (IQR 6-19) days. One hundred users logged on
for at least 100 days, and 8 users logged food on more than 300
days. As with CGM wear, the most common cumulative food
logging duration was 13-15 days (960/7647, 12.6%). On days
with food entries, users reported an average of 3.5 (SD 1.4)
meals per day.

Food logging declined progressively during CGM wear and
dropped sharply after sensor removal. During the first 14 days
of the initial CGM wear period, daily food logging rates
averaged 63.2% (SD 8), declining from 72.3% (5519/7638) on
the first wear day to 50.7% (2500/4934) on the 14th wear day.
After sensor removal, daily food logging rates averaged 2.4%
(SD 1.1), declining from 5.4% (415/7636) on the first day after
sensor removal to 1.6% (95/6091) on the 14th day after sensor
removal.

Diet scores were presented to users for each logged meal and
were scored from 0 to 10, with higher scores suggesting better
food choices. Diet quality scores, which were based on nutrient
composition and degree of food processing, were available for
77.5% (421,418/543,476 meals) of logged meals across 6876
users. To receive a score, a meal needed to contain at least one
ingredient with nutrient information. The cumulative, per-user
mean diet quality score was 8.1 (SD 0.7). Diet glucose scores,
based on postprandial glucose response, were available for
86.3% of logged meals (469,279/543,476 meals) across 6917
users. The cumulative, per-user mean diet glucose score was
8.7 (SD 0.8).

Vively User, Engagement, and Behavioral
Characteristics Across CGM Wear Categories
When comparing Vively users, engagement, and behavioral
characteristics across CGM wear categories, most
between-group differences were small in magnitude (η² ≤0.03;
Cramér V ≤0.13) and should be interpreted cautiously given
that statistical significance is expected across nearly all
comparisons at this sample size (Table 1). Compared to users

with 1 total CGM wear, users with 2 or more CGM wears were
older (47.0 (SD 10.6) years vs 43.8 (SD 11) years, P<.05), they
had the highest mean baseline CGM glucose, they reported
fewer meals per day (on average), and had slightly higher Vively
diet quality scores. Users with 1 total CGM wear also had the
highest proportion of CGM days with food logging (62.9%, SD
34.6), with users in all other wear categories logging on a
smaller proportion of their CGM days (50.1%-50.7%). Users
with less than 1 CGM wear were the youngest users; they were
least likely to have a connected device synced with Vively, they
reported the fewest number of meals per day, and had the lowest
Vively diet quality score. Users with 1-2 CGM wears were not
markedly different from users with 1 CGM wear or 2 or more
CGM wears.

Steps and Workouts
Most users (4668/7647, 61%) connected Vively to a third-party
device. The most common devices were the Apple Watch
(3026/7647, 39.6%) and the Garmin watch (625/7647, 8.2%).
Among those with connected devices, step counts were recorded
on average for 80.6 (SD 79.2) days, with a mean daily step
count of 3831 (SD 4024). Exercise logging was high, with
78.8% (6029/7647) users logging at least one workout. The
number of workouts per user varied widely (median 28, IQR
7-93).

Factors Associated With Food Logging and CGM
Wears
Regression analyses examined associations between measured
user characteristics and engagement, but could not control for
unmeasured factors such as diabetes status, medications, or
socioeconomic circumstances.

Figure 4 depicts the factors associated with app engagement,
measured as food logging (total days) and CGM wear duration
(total days). Baseline mean glucose showed divergent
associations across outcomes, with higher glucose associated
with greater CGM wear but reduced food logging. Device
syncing, older age, and being female were associated with higher
engagement for both outcomes. Associations with BMI were
small and inconsistent across models.
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Figure 4. Factors associated with engagement behaviors. Incidence rate ratios with 95% CIs from negative binomial models of food logging days and
continuous glucose monitor wear days. Incidence rate ratios are shown on a log scale; values >1 indicate positive associations. CGM: continuous glucose
monitor; IRR: incidence rate ratio.

Among the 7013 Vively users (91.7% of 7647) who logged
food at least once, females logged 14% more days than males
(IRR 1.14, 95% CI 1.09-1.19). Each additional decade of age
was associated with an 10% increase in logging days (IRR 1.10,
95% CI 1.08-1.12), and each 1 mmol/L higher mean glucose
was associated with 4% fewer logging days (IRR 0.96, 95% CI
0.94-0.98). Users with a connected device logged 45% more
days than those without (IRR 1.45, 95% CI 1.39-1.51). Logging
days were marginally lower with higher BMI (IRR 0.995, 95%
CI 0.992-0.998).

CGM wear duration was positively associated with baseline
glucose (IRR 1.15, 95% CI 1.13-1.17). Similar to food logging,
use of a connected device was associated with more CGM days
(IRR 1.32, 95% CI 1.28-1.37). CGM wear days were 8% higher
among women than men (IRR 1.08, 95% CI 1.04-1.12) and
were slightly higher among users with higher BMI (IRR 1.01,
95% CI 1.00-1.01) and older age (IRR 1.18 per decade, 95%
CI 1.16-1.20).

Discussion

Principal Results
This large-scale observational analysis of Vively users offers a
rare window into real-world use of a digital health app that
integrates CGM with self-tracked behaviors. The cohort of 7647
users was predominantly female and middle-aged, with a broad
range of BMIs and mostly normoglycemic glucose levels. Most
users wore a CGM for 15 days, with distinct peaks in wear
duration at 13 to 15 and 28 to 30 days, reflecting 1 or 2 sensor
periods, respectively. Users with repeat CGM use (2 or more
wears) tended to be older and had higher baseline glucose levels,
though differences in user characteristics across CGM wear
categories were generally small in magnitude. Food logging,
used as an indicator of app engagement, was largely confined
to periods of active CGM wear, declining progressively during
the wear period and dropping sharply after sensor removal.
Several user characteristics were associated with engagement,
with some variation by outcome. Higher glucose levels were

linked to longer CGM wear but fewer food logging days.
Consistent associations of greater engagement across both
behaviors included device syncing, older age, and identifying
as female. BMI showed small and inconsistent associations with
engagement.

The level of engagement among this cohort of Vively app users,
specifically in food logging, was notable, even when accounting
for potential self-selection bias. The observed level of
self-directed adherence suggests a motivational factor, likely
driven by the immediacy and personal relevance of glucose
feedback. This aligns with prior research showing that
combining food logging with self-monitoring of behavioral
outcomes, such as self-weighing during weight loss efforts, is
associated with higher engagement and greater goal attainment
[16]. Other studies have found that personalized feedback
independently improves adherence to food logging [17-19].
CGM-based feedback may provide particularly salient
motivation, as it offers immediate, personalized insights into
the physiological consequences of food choices. While our
observational design cannot determine whether CGM feedback
directly causes increased engagement or whether highly
motivated individuals are more likely to both wear CGMs and
log food consistently, previous research has shown that
self-monitoring diet is itself a key behavior in achieving health
goals and has been identified as one of the strongest predictors
of weight loss [16,20-22]. Nevertheless, food logging dropped
sharply after CGM removal, even though the Vively app
continues to provide personalized dietary feedback in the
absence of sensor wear, suggesting that engagement with active
self-monitoring behaviors is closely tied to the availability of
real-time biological feedback.

Several factors were consistently associated with overall
engagement with the app, including both food logging and CGM
wear. Device syncing emerged as one of the strongest
relationships across both outcomes, suggesting that integration
of multiple data sources may be associated with higher
engagement by providing more complete and rewarding
feedback. Previous research has found that integrating
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third-party devices, such as wearables, into interventions has
been associated with improved engagement [23] and enhanced
physical activity outcomes [24,25]. As wearable technology
becomes more sophisticated and apps increasingly integrate
multiple devices and data streams, the role of device
connectivity in sustaining user engagement warrants further
investigation. Understanding both how users interact with digital
health technologies and whether that interaction supports
behavior change is essential for designing effective interventions
[26]. Older age was also associated with higher engagement in
our sample, though this relationship is inconsistently observed
across studies of nutrition app use [27]. Women were more
likely to engage in both food logging and CGM wear. However,
as is common in behavioral research, our sample included a
greater proportion of women, which may have influenced these
findings.

We found that baseline glucose showed divergent effects on
engagement. While users with higher glucose were more likely
to persist with CGM wear, they were paradoxically less likely
to log food, potentially reflecting lower motivation for active
diet tracking or greater burden of behavior change. Users with
higher glucose levels may perceive greater value in the sensor
data itself, focusing on monitoring rather than on modifiable
behaviors such as dietary tracking. While these patterns suggest
potential mechanisms, such as passive monitoring requiring
less effort than active logging, or users with higher glucose
prioritizing observation over intervention, our cross-sectional,
observational design prevents us from determining the
directionality or causality of these relationships. Longitudinal
experimental studies would be needed to test these hypothesized
mechanisms.

Comparison With Prior Work
Our findings are consistent with emerging evidence on
engagement patterns in CGM-integrated digital health
applications. The divergent associations between baseline
glucose and engagement behaviors, with higher glucose
associated with greater CGM wear but reduced food logging,
echo patterns observed in other studies. Kumbara et al [11]
reported that diabetes management app users with baseline mean
glucose >10 mmol/L (180 mg/dL) were substantially less likely
to log food intake, exercise, sleep, and medication use. This
suggests that elevated glucose may signal lower capacity or
motivation for active self-monitoring despite greater clinical
need. Dehghani Zahedani et al [10] reported similar engagement
patterns, with nondiabetic participants showing better adherence
to food and activity logging during a 10-day CGM intervention.
While their superior metabolic outcomes (91.7% of nondiabetic
participants improving time in range compared to 58.3% with
type 2 diabetes) could reflect better engagement, metabolic
differences and medication use likely contribute substantially
to these outcome differences independent of engagement
behavior. The consistent pattern of reduced engagement among
those with elevated glucose nevertheless suggests that metabolic
dysregulation may create barriers to effortful self-monitoring,
whether through competing priorities, psychological burden,
or lower self-efficacy.

Our results also support the expected finding that passive
monitoring requires less sustained effort than active tracking.
Böhm et al [12] documented this pattern in a diabetes
management app, where users engaged more consistently with
automated data entry, such as CGM, compared to manual input
like food and medication logs. More recent real-world evidence
confirms that CGM adherence patterns predict glycemic
outcomes, with higher adherence associated with greater
hemoglobin A1c improvements [28]. We observed similar
dynamics, with CGM wear showing more sustained engagement
than food logging, particularly after the initial sensor period.
While the lower effort required for passive monitoring compared
to active tracking is self-evident, passive data collection methods
also eliminate recall bias and reduce administrative burden
compared to manual self-monitoring [29], which may explain
their superior adherence patterns. Quantifying this difference
in real-world commercial settings provides empirical support
for prioritizing low-burden technologies in intervention design,
particularly for individuals managing chronic conditions or
elevated health risks who may have limited capacity for
intensive self-monitoring.

Our study contributes to this evidence base by examining
engagement in a predominantly nondiabetic, commercial app
context. While prior research has focused primarily on clinical
diabetes management platforms, we demonstrate that these
engagement dynamics also occur in consumer-oriented precision
nutrition applications targeting metabolic optimization. The
progressive decline in food logging from an average of 63.2%
during wear to 2.4% after sensor removal underscores how
strongly engagement depends on the presence of immediate
biological feedback. This pattern emerged even among
self-selected, paying users presumably motivated to improve
their health, which has implications for designing sustainable
digital health interventions that must maintain user engagement
beyond periods of wearable sensor use.

Strengths and Limitations
As an observational study without a control group,
randomization, or experimental manipulation, our findings
represent associations rather than causal relationships. We
cannot determine whether CGM feedback directly drives
engagement behaviors or whether unmeasured factors influence
both CGM adoption and self-monitoring behaviors.
Additionally, we cannot establish temporal ordering, for
example, whether baseline glucose influences subsequent
engagement, or whether pre-existing engagement patterns
predict glucose levels. To assess whether differential follow-up
time could explain engagement differences across CGM wear
categories, we compared available follow-up time across groups.
Median follow-up time was broadly comparable across
categories (45-70 weeks), and the correlation between follow-up
duration and total wear days was negligible (Spearman ρ=0.06),
suggesting that observed differences in wear reflect true
engagement rather than observation time.

The dataset lacks information on diabetes status, medications,
comorbidities, and socioeconomic status, factors that may
influence both glucose levels and motivation to engage with
health tracking technologies. These unmeasured factors could
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confound observed associations. As an observational dataset of
paying users of a commercial wellness app, the sample is
self-selected and skewed toward women and Australian
residents, likely representing health-motivated early adopters
of CGM technology rather than typical patients or the general
population. While we characterize this as “real-world” data
because it reflects naturalistic, voluntary app use in commercial
settings (as opposed to controlled research conditions with
prescribed protocols), findings may not generalize to nonpaying
users, clinical populations, men, or other geographic regions.
Furthermore, step count was based on data from users’
smartwatches or phones, without confirmation that devices were
worn continuously, leading to potential underestimation when
devices were removed or worn inconsistently.

However, the study’s strengths include its large sample size and
ecological validity, providing rare insight into real-world use
of a CGM-integrated digital health app outside of research or
clinical settings. The availability of granular engagement data
across both passive and active behaviors also enables a nuanced
understanding of how users interact with biological feedback
tools. While future studies with comprehensive health and
socioeconomic data and more diverse samples are needed to
enhance generalizability and disentangle these relationships,
the current findings offer important baseline information about
engagement patterns among early adopters of CGM-integrated
wellness technology for hypothesis generation and intervention
design.

Conclusions
The rising popularity of apps that sync with CGMs reflects
growing interest in on-demand, personalized care. This
large-scale analysis of a commercial CGM-integrated app in

naturalistic use underscores how user characteristics and
engagement patterns among self-selected, paying users can
inform the design of mobile-enabled tools that move healthcare
beyond traditional models. While these findings reflect
engagement among health-motivated early adopters, they
provide important insights into the behavioral dynamics of
CGM-integrated digital health interventions. As sensors become
more affordable and longer-lasting [30], future research should
explore not only how to sustain engagement beyond CGM use
but also how long sensor wear continues to influence behavior.
Identifying the behavioral drivers and specific features that
support sustained engagement will be essential for developing
interventions that are both scalable and effective [31-34]. This
work should also expand to other apps and digital health
platforms that use biofeedback to support personalized nutrition
[35], to understand which tools and contexts most effectively
promote lasting dietary behavior change. While our findings
are associational and cannot establish causation, they provide
valuable descriptive evidence of real-world usage patterns that
can inform hypothesis generation for future experimental
research. Gaps in our data, particularly the absence of diabetes
diagnoses, medication information, comorbidity data, and
socioeconomic indicators, highlight the need for future studies
to comprehensively assess these factors to better understand
how health status and social determinants influence CGM
engagement patterns. Translating lessons from early adopters
to broader, more diverse populations will require attention to
access, usability, and behavioral support [33,36], especially for
those who may benefit most from metabolic feedback but are
less intrinsically motivated to actively self-monitor. Frameworks
for understanding technology implementation, adoption, and
sustainability can help guide efforts to scale these interventions
across diverse settings and populations [37,38].
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