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Abstract
Chronic diseases, such as obesity and diabetes, are leading causes of mortality globally.
Prevention of such chronic diseases typically requires critical diet changes to improve diet
quality. Studies suggest that consistent diet-tracking can lead to improvement in diet quality.
In this regard, smartphones have enabled diet-tracking through numerous apps for healthy
eating and diet monitoring. However, these apps often suffer from high non-adherence,
which prevents them from providing potential benefits to the users. Thus motivated, this
work aims to model and identify predictors of adherence to diet app use, and particularly,
the role of coaching. Preliminary analysis was done using panel data obtained from a diet
app, and shows that coaching advice in addition to demographic variables can predict
adherence. This study thus provides initial findings to help understand how to improve
adherence to diet apps, as an enabler for improving diet quality and health outcomes.
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Introduction
Chronic diseases such as obesity, diabetes, and other cardiovascular diseases are becoming major
epidemics (Lavie et al. 2016) and are leading causes of morbidity and mortality globally (Abubakar et
al. 2015). In developed countries like Singapore, chronic diseases, especially diabetes, are a significant
cause of illness and fatality (Ong 2017). In-fact, in his 2017 National Day Rally address, Prime Minister
Lee Hsien Loong referred to diabetes as one of three key long-term issues for Singapore (Abu Baker
2017). The health burden of diabetes is extensive as it is the leading cause of kidney failure, adult
blindness, and amputations (WHO 2016). Among the causes, poor diet is a primary contributor to
diabetes as well as other chronic diseases (Micha et al. 2017). Hence, prevention of such chronic
diseases requires crucial diet improvements.
Many behavior change techniques (BCTs) have been employed in interventions aimed at improving
diet choices and weight loss (Abraham and Michie 2008). Some of the BCTs recommended include
self-monitoring (Burke et al. 2011), feedback (Chiasson et al. 2015), goal-setting, and social-support
(Lehto and Oinas-Kukkonen 2015). Traditional diet monitoring methods involve recording food diaries,
calorie logs, and goal-review all using paper journals (Helsel et al. 2007). However, food and calorie
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details are difficult to remember and logging these details can be time-consuming (Thompson et al.
2010). Similarly, manually checking progress against goals is challenging. Further, providing feedback
and social-support through in-person counseling and group sessions is resource-intensive (Coughlin et
al. 2015).
In this regard, smartphones have facilitated diet monitoring considerably through numerous apps for
healthy eating and diet monitoring available in both Android as well as iOS app stores (Bardus et al.
2016). These apps help users record their food intake (Arens-Volland et al. 2015) automatically by
capturing photos of food using smartphone cameras or manually by entering logs on the app. Further,
these apps offer a way to gain feedback, via automatic, personal data-based insights (e.g. plots or graphs
of users’ progress on the app) or through researchers and health coaches by means of app messages.
Moreover, interventions delivered through smartphone apps can reach a large number of people at little
cost due to the widespread adoption of mobile phones. This makes smartphone apps for diet an
appropriate tool for providing personalized diet interventions.
However, adherence to app use and interventions is seen as key to making desired diet changes. As per
the literature, adherence can be defined in terms of “intended use” or “following recommendations to
gain maximum benefit” (Sieverink et al. 2017). While, adherence to diet app use has been found
beneficial (Peterson et al. 2014), the extent of diet app use often declines over time (Burke et al. 2011)
and these apps suffer from high attrition (Mata et al. 2017; Webber et al. 2010). Indeed, some
observational studies have reported adherence rates as low as 2.58% (Helander et al. 2014). To improve
adherence to diet apps, we need to uncover the factors that predict adherence.
Thus motivated, this work aims to model (using behavioral theories) and identify predictors of
adherence to diet app use. We particularly examine the role of coaching, which is not well understood
in the context of diet app use (Franco et al. 2016). Preliminary model estimation was done using panel
data obtained for a diet app, and shows that coaching advice in addition to demographic variables can
predict adherence. This study thus provides initial findings to help understand how to improve
adherence to diet apps, as an enabler for improving diet quality and health outcomes.
This paper proceeds as follows. In the next section, we review the relevant literature on definition and
predictors of adherence to diet apps, and the theories used. Subsequently, we present our estimation
model, research methodology, and study context. Finally, we report our results and discuss our initial
findings and contributions. In our future research, we propose to study the relationship between
adherence to diet app use and health outcomes (diet quality and weight loss), as an important step in
understanding how technology can support health improvements in users.

Conceptual Background
Definition and Measures of Adherence
As per the World Health Organization (WHO), adherence has been defined as “the extent to which a
person’s behavior… corresponds with agreed recommendations from a health care provider” (WHO
2003). This was revised to cater to eHealth technologies as “the degree to which individuals experience
the content of the Internet intervention” (Christensen et al. 2009) and as “the degree to which the user
followed the program as it was designed” (Donkin et al. 2011). More recently, researchers have defined
adherence as “intended use” or “following recommendations to gain maximum benefit” (Sieverink et
al. 2017).
While low-adherence could be a generic problem for most health apps, users’ difficulty and effort in
tracking each meal poses a specific challenge for adherence to diet app use. Prior studies have measured
adherence to diet app use in varied ways, e.g., the total number of app entries throughout the trial (Liu
and Willoughby 2018), total number of days diet logged on app (Carter et al. 2017), and percentage of
days with prescribed minimum calorie intake logged per day (Spring et al. 2017). These studies have
employed frequency of use as measures of app adherence, while adherence to interventions or dietary
guidelines have been assessed by the extent of logging on the app (Peterson et al. 2014). Frequency of
use has been assessed by the total number of entries on the app within a specific duration (e.g., days,
weeks, months), while extent of use has been measured by the detail or thoroughness with which the
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user records entries (e.g., calories, number of meals in a day, nutritional values). Consistency is
measured by the total number of days that users log their diet without a break. Consolidating these
different measures, 4 indicators of adherence were identified i.e., frequency, consistency, detail or
extent, and intention to use (Brindal et al. 2018; Lieffers et al. 2018; Peterson et al. 2014). The most
commonly used measures of adherence were found to be frequency of diet-tracking, followed by the
combination of frequency and extent of diet tracking.

Predictors of Adherence
Adherence to using diet apps can be predicted by several factors, such as intrinsic motivation (Elavsky
2017), diet perception (Goh et al. 2015), reminders and peer counseling (Abdulrahman et al. 2017).
Further, demographic variables like age (Comulada et al., 2018), gender (Goh et al., 2015), and
education (Abril 2016) have also been found to be correlated with adherent app use. However, there is
a lack of research that analyzes the factors predicting adherence to using diet apps longitudinally using
panel data. Moreover, potential predictors such as personalized dietitian feedback or coaching through
smartphone technology have not been studied with regard to their influence on user’s adherence to diet
app use (Franco et al. 2016). Lastly, there is a lack of theory-based prediction of adherence. With this
study, we aim to provide initial evidence to address this research gap on the topic of adherence to a new
technology platform, and contribute to a broader IS literature on technology acceptance and usage.

Theories Used
The theoretical orientation of this study is informed by the information-motivation-behavioral skills
(IMB) model (Fisher et al. 2006) and self-regulatory theory (Bandura 1998). Both models describe
processes of behavior change mediated through goal attainment and skill mastery, and both models
acknowledge the central role that self-efficacy plays in sustained behavior change. The IMB model
hypothesizes that cognitive and behavioral skills are a prerequisite for any health behavior change, like
improving diet quality. However, skills are the product of information that is relevant to health problems
and personal and social support for activation to change behavior. Thus, information interacts with
activation to enhance self-efficacy and build skill mastery to facilitate sustained behavior change.
As diet apps typically have coaching and feedback components, these components could boost the
positive reinforcing relationship between self-monitoring and feedback. Human coaches that
communicate with users through the app can enhance activation by providing social support, helping to
develop specific plans of action, helping with problem solving to avoid or mitigate barriers to behavior
change, and enhancing engagement with the app by helping to interpret the individuals ’log data and
using it to monitor progress.
The theory of self-regulation also informs our study. In self-regulation, individuals participate in selfdirected behaviors. These self-directed behaviors are hypothesized to be managed through a dynamic
feedback loop in which individuals’ self-monitoring and feedback about their past behavior are
integrated into their activation to change future behaviors (Vohs and Baumeister 2004). The selfmonitoring and feedback loop in diet apps can act on self-efficacy via 2 pathways i.e., influencing users’
activation to adhere to use, and providing data for coaches to customize motivational messages. Thus,
both theories suggest a positive role of coaching in enhancing adherence and health outcomes and
explain the underlying mechanisms for this role.

Methodology and Model
Study Context
This work employs user data obtained from a diet app, as part of an agreement between the app
developer and our university. The app acts as a “mobile dietitian” and gives users customised advice on
how to prevent or control diabetes and other chronic diseases. Users upload photos of meals, input
glucose levels, attend interactive online lessons, and receive personal coaching from the app’s in-house
dietitians on gradual lifestyle changes. The dietitians provide a star rating (from 1-5) of users’ meals,
as well as counsel users on how to improve their diet.
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Anonymized data of 1448 users who signed up for the app between July, 2015 and April, 2018 was
provided. The data entry period of users went from 1 week to 101 weeks. The data was spread across 4
separate files i.e., baseline demographic data, meal entries, weight entries, comments data and glucose
entries. Glucose data was not analysed as the data was present only for 120 users. Users recording data
on the app for less than 2 weeks were excluded. This left us with a sample of 644 users (5129 records)
for our final analysis.

Model Variables and Descriptives
The most widely used adherence measures identified by our literature review were extracted from the
data to assess adherence i.e., frequency of diet tracking (Days_per_week) and frequency of extent of
diet tracking (Meal_frequency). These represented the two dependent variables for our study. The
number of comments delivered by coaches in each week for each user relative to their diet entries
(Comments_by_coach) was extracted from the comments file and treated as the independent variable.
Demographic variables of each user i.e., age, gender, BMI, objective, and ethnicity were extracted as
control variables. These variables were included in the model owing to their potential to predict
adherence as described earlier. The variables and correlations are shown in Tables 1 and 2 respectively.
Table 1. Model Variables
Measure
Adherence
(Dependent Variable)
Adherence
(Dependent Variable)
Independent Variable

Variable
Days_per_week

Control
Control

Age
BMI

Control

Gender

Control

Objective

Control

Ethnicity:
Ethnicity_Chinese,
Ethnicity_Malay,
Ethnicity_Indian

Meal_frequency
Comments_by_coach

Description
Frequency
Total Days in week at-least 1 meal logged
Frequency of extent
Meals logged/Days meal logged/per week
Number of comments given by health coach regarding the
meal photos uploaded on app/per week
Specified by user at registration
Calculated from onboarding weight and height specified by
user at registration
Specified by user at registration
1: Male; 0: Female
User’s objective to join the app as specified at registration:
Pre-diabetes, T2Diabetes, High blood pressure, High
cholesterol, None: Stay healthy (baseline)
Specified by user at registration
Converted to binary dummies representing Chinese, Indian
or Malay

Table 2. Descriptives and Correlations
1
2
1. Gender
2. Age
0.23**
3. BMI
0.04
0.15**
4. Meal_frequency
-0.07
0.12**
5. Days_per_week
0.05
0.17***
6. Comments_lagged
-0.09
-0.19**
7. Days_per_week_la
0.04
0.15**
gged
8. Meal_freq_lagged
-0.08
0.12**
Mean
42.23
53.85%
Std. Deviation
female
17.35
Range
18-78
Note: * p<0.05; ** p<0.01; *** p<0.001

3

4

5

6

7

0.07
0.12***
0.01
0.11**

0.50***
0.08
0.44***

0.01
0.64***

0.08

-

0.06
28.43
5.94
15.2-53.4

0.65***
1.91
1.32
1-10/day

0.42***
3.85
2.19
1-7/week

0.16***
15.23
20.12
0-203/week

0.50***
-
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Estimation Model
Our proposed model for adherence to diet app use based on the chosen variables is:
Adherencei,t =β1Comments_by_coachi,t-1 + β2Adherencei,t-1 + α1BMIi + α2Agei + α3Genderi + α4Prediabetesi + α5T2Diabetesi + α6High_blood_pressurei + α7High_cholesteroli + α8Ethnicity_Chinesei
+ α9Ethnicity_Indiani + α10Ethnicity_Malayi + ϵi,
where, i represents each user; t represents each week of entry; t-1 represents lagged variables;
Adherence was assessed by two separate dependent variables:
DV1 – Days_per_week, DV2 – Meal_frequency (see Table 1)
Both adherence outcomes estimated by the equation are presented in the Results section. The Hausmann
Test was applied to determine whether to run the fixed effects or random effects model.

Results
We performed a fixed effects regression for estimation of both adherence outcomes (p value <0.05 in
the Hausmann Test). Table 3 shows the panel regression results for both DVs (see columns 1 and 3.
Both DVs are significantly and positively influenced by Comments_by_coach and the corresponding
lagged DVs. The model F-statistic is over critical value (Fcritical = 2.99 for df 2, 4482) and p-statistic
< 0.05 indicating that the dependent variables are significantly influenced by the independent variable.
It is to be noted that Rsquare values are usually low for panel data as Rsquare is determined for time
series as opposed to cross-sectional data (Wooldridge 2011).
Table 3. Results of Model Estimation

Intercept (Error)
Comments_by_coach
(lagged)
Meal_frequency
(lagged)
Days_per_week (lagged)

DV1: Days_per_week
Column (1)
Column (2)
Fixed Effects
Random Effects
Coefficients
Coefficients
(Std. Error)
(Std. Error)
0.266 (0.191)
0.005***
0.008***
(0.001)
(0.001)
0.099***
0.508***
(0.017)
(0.014)
-

BMI

-

Age

-

Gender
Pre-diabetes
T2Diabetes
High_blood_pressure
High_cholesterol
Ethnicity_Chinese
Ethnicity_Indian
Ethnicity_Malay
R2
F-statistic
P-value
Hausmann Test

0.031***
(0.005)
0.008***
(0.002)
0.059 (0.051)
0.038 (0.185)
0.170* (0.079)
-0.012 (0.101)
-0.034 (0.093)
0.198** (0.071)
-0.111 (0.106)
-0.029 (0.089)
0.38
261.88
< 2.22e-16

0.025
58.55
< 2.22e-16
p-value < 2.2e-16
Random Effects Inconsistent
Note: ~ p<0.1; * p<0.05; ** p<0.01; *** p<0.001

DV2: Meal_frequency
Column (3)
Column (4)
Fixed Effects
Random Effects
Coefficients
Coefficients
(Std. Error)
(Std. Error)
0.390*** (0.098 )
0.004***
0.010*** (0.001)
(0.001)
0.382***
(0.016)
-

0.601*** (0.014)

-

0.003** (0.001)

0.004 (0.002)

-0.072** (0.026)
-0.053 (0.094)
0.008 (0.040)
0.059 (0.052)
-0.089 ~ (0.047)
-0.033 (0.036)
-0.081 (0.054)
-0.039 (0.046)
0.21
0.55
587.55
528.30
< 2.22e-16
< 2.22e-16
p-value < 2.2e-16
Random Effects Inconsistent
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The random effects models were run for checking robustness and show similar results (columns 2 and
4 of Table 3).

Discussion and Initial Contributions
This study used panel data from 644 users of a diet app and successfully developed a fixed effects model
for estimation of adherence to app use, accounting for both individual and time-fixed effects. We found
that adherence is positively influenced by the number of comments given by the coach and the user’s
frequency of logging (number of days as well as number of meals) in the previous week. These results
suggest that smartphone app delivered coaching feedback can increase adherence to app use.

Contributions to Research and Practice
As mentioned earlier, adherence to diet app use has typically been assessed using cross-sectional data
with group effects, which limits the applicability of prior results. This study used panel data and a fixed
effects model for estimation of adherence to address this limitation. Moreover, prior research fails to
examine the effect of personalized dietitian feedback with smartphone technology on user’s adherence
to diet app use (Franco et al. 2016). This study contributes to the literature by finding that dietician
feedback indeed increases user adherence to diet app use. Additionally, the sample considered is
sufficiently large and representative, so the analyses could provide a general idea about user behavior.
Based on the findings of this study, the number of comments by health coaches should be increased as
they positively influence adherence to diet app use. This research may also benefit clinicians as these
results provide support for connecting with patients through app based interactions outside of a formal
nutrition counseling sessions that are more resource intensive.

Limitations and Future Work Plan
A limitation of this study is that the analysis is limited to the data that users log onto the app, which
could be prone to omissions and errors. More efficient diet logging methods will be considered in future
to address this issue. This study is also limited by the app used for data collection and analysis.
Drawbacks of the app include lack of features for implementing BCTs like goal-setting, and rewards
(Schoeppe et al. 2016). Also, the coaching feedback given through the app is manual. Thus, we will
make use of data from diet apps that include the missing features and automated feedback in future.
Additionally, we will extend the scope of the research to examine the outcomes of adherence to diet
app use, such as diet quality and weight loss. Furthermore, the endogeneity issue is not addressed,
especially for the relationship between the number of comments and the frequency of meals logged.
Thus, we do not claim causality, for which randomized experiments should be conducted in future. Last
but not least, it would also be valuable in future to extract qualitative information from the coaches’
comments by leveraging natural language processing (NLP) techniques to complement the quantitative
variable of number of comments in predicting adherence.
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