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Obesity Technology

Phenotypically, the world’s population is the largest in his-
tory1 and children, unfortunately, are not spared in this epi-
demic as childhood obesity is of international concern.2 It 
was recently projected that without an attenuation of current 
weight gain trends, 1.35 billion people worldwide will be 
overweight and 573 million obese by 2030.3 Clearly there is 
a necessity to determine the most effective programs for 
treatment as well as prevention of weight gain and obesity.

Parallel to the increase in obesity, society is experiencing 
the development of huge technological advances. Individuals 
are more reliant than ever before on computers and computer 
technology to perform many tasks of daily living not only in 
the workplace but also in their home environments. While 
the technological boom might be to blame for increased 
access to calorie dense processed foods and sedentary behav-
iors, technology is also being swiftly developed to play a role 
in health management. In this growing technological age, 
there is revived hope that devices will be developed to pro-
vide real-time feedback on energy intake and energy expen-
diture. Many leading groups envisage that sophisticated, as 
well as scientifically tested, weight management interven-
tions will be translated to technological platforms that allow 
dissemination to millions of individuals at the same time.4,5 
In this review, we summarize the emerging field of elec-
tronic health (eHealth) and mobile health (mHealth) for 
weight management. First, we reflect on integral components 
of successful weight management programs and consider 

how these can be maintained or even more effectively deliv-
ered with current technology. Second, we review the current 
commercially available devices and technology platforms 
that might be useful for weight management and, where pos-
sible, review efficacy of these in scientific, peer-reviewed 
studies. Finally, we provide possible insights for translation 
of weight management programs through integrated devices 
and mobile technology.

Targets for Obesity treatment

Obesity is a result of long-term positive energy balance 
regardless of the macronutrient composition of the diet.6 As 
a result, countless weight management interventions have 
been developed to focus on lifestyle modifications that pro-
mote sustained reductions in energy intake, increased physi-
cal activity, or both.7 For the most part these interventions 
demonstrate variable efficacy which is primarily owed to 
fluctuations in adherence of individuals to the assigned pro-
gram.8,9 Intensive lifestyle interventions that incorporate a 
behavior modification component are associated with higher 
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weight loss and long-term success.10,11 A structured behavior 
modification program harnessed on social learning theories 
is considered the gold-standard approach for intensive inven-
tions targeting weight loss.12 The hope is that throughout the 
course of the structured intervention, individuals will make 
permanent changes in behavior that will allow the renewed 
energy intake and energy expenditures to continue after the 
intervention is complete and ensure long-term maintenance 
of weight loss.

Hallmark, multicenter, and internationally reputable clini-
cal trials for weight loss management in obese individuals 
include Pounds Lost,13 the Diabetes Prevention Program or 
DPP,14 and the Look AHEAD trial,15 all funded by the 
National Institutes of Health. The cornerstone features of 
these trials recognized alongside the weight loss and weight 
loss maintenance success were (1) establishment of individu-
alized weight loss goals, (2) frequent contact with individu-
als in both a one-on-one setting as well as in a group situation, 
(3) frequent monitoring of body weight as well as activity 
and food intake data, (4) delivery of a structured behavior 
modification program by highly trained behaviorists or dieti-
tians, and (5) monitoring of individual adherence with “tool-
box” strategies to help individuals overcome specific barriers 
to achieve weight loss success (use of portion controlled 
foods, exercise videos, etc).16,17 While these studies were 
successful, they were highly intensive lifestyle interventions 
which equates to substantial burden in regard to both time 
and resources. While Herman et al reported long-term cost-
effectiveness of the DPP intensive lifestyle intervention, the 
price per capita was estimated at US$4600.18 In the past 5 
years, there have been several successful attempts by inves-
tigators and clinicians to modify intensive lifestyle interven-
tions such as DPP to be more cost-effective.19-21 These 
studies have used varying degrees of technology from tele-
phone calls, SMS, study-specific websites and most recently 
smartphone applications. Therefore, with the constant devel-
opment of new technologies, researchers are trying to inte-
grate technology into weight management programs. The 
overall goal is to deliver intensive lifestyle modification pro-
grams remotely without compromising weight loss efficacy, 
while at the same time significantly reducing burden to the 
individual.

Cardinal Features of Successful Weight 
Management Programs and Adaptation 
to eHealth
When evaluating the most efficacious weight management 
interventions such as DPP, Look AHEAD and Pounds Lost, 
3 components are commonly represented.16,17,22 The inter-
vention includes a behavioral component that addresses 
behavior change, encourages self-monitoring of individual 
data (weight, steps), and provides personalized recommen-
dations and feedback. As researchers strive to translate tra-
ditional weight management interventions to eHealth, these 

3 pillars of a successful intervention should be 
incorporated.23

Behavior Change Modification Therapy

Behavior therapy, when applied to weight control, is a goal-
centered approach that provides techniques to help individu-
als modify eating, activity, and thinking habits that may be 
associated with excess weight.23 Many weight loss interven-
tions will result in successful weight loss, at least for the 
short term. However, after a weight loss intervention con-
cludes, many individuals will regain the weight lost even 
with subsequent therapeutic support24 though some will 
maintain their weight loss.25 To combat weight regain, vari-
ous types of behavior therapy have been incorporated into 
weight loss interventions.26,27 The Look AHEAD study uses 
attenuated frequency, but continued interaction between the 
interventionist and participant to prevent or address weight 
regain with success well into the fourth year of the study.23

The use of wellness coaches is becoming more popular 
within health care settings to aid in behavioral modification. 
Whether this service is provided within the Veterans Affairs 
system or through a health insurance company, interaction 
with a wellness coach provides personalized attention to 
behavior change, and this approach has been shown to pro-
duce greater weight loss in comparison to traditional meth-
ods.28 The unique feature of individualized weight loss 
programs facilitated by a wellness coach is delivery of con-
tinuous and data-driven feedback to foster behavior change.29 
While intensive programs employing frequent in-person 
contact are most efficacious, they are unable to reach the 
estimated 200 million U.S. adults who are overweight or 
obese as they are expensive and inefficient for widespread 
scalability. A review of diabetes prevention lifestyle inter-
ventions, though they are likely cost-effective, estimates 
average costs to be approximately $27 000 per quality-
adjusted life-year.15,18

Self-monitoring of Individual Data

Self-monitoring or the systematic observation of one’s own 
behavior allows an individual to become more aware of the 
extent to which he or she is engaging in a particular activity. 
When self-monitoring, participants are able to quickly iden-
tify a behavior that may have positive or detrimental effects 
on the success or failure to meet set goals. Examples of self-
monitoring behaviors in weight management interventions 
include weighing on a regular basis, frequent recording/
tracking of food and/or exercise, and tracking television or 
computer use. Self-monitoring of behaviors during weight 
management programs has been shown to facilitate adher-
ence and lead to increased effectiveness.30

Body Weight Tracking.  Weighing every 1 to 3 days has been 
shown to result in improved weight loss. For example, 
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individuals who weighed daily lost approximately 1 BMI 
unit (kg/m2) more than individuals who weighed only 
weekly and 3 BMI units more than individuals who did not 
weigh at all.31-33 In general, frequent monitoring (every 1 to 
3 days) has been shown to be associated with the greatest 
efficacy in weight loss settings.

Self-monitoring Food Intake.  Although individuals underesti-
mate food intake by an average of 18%,34,35 monitoring food 
intake has been demonstrated as a successful self-monitoring 
tool leading to increased weight loss. Boutelle et al suggest 
that recording foods consumed at least 75% of the time is a 
reasonable goal for self-monitoring food intake and more 
likely to result in weight loss.36

Self-monitoring of Physical Activity.  Although the use of activity 
self-monitoring has not been as widely studied as self-
monitoring body weight, studies suggest, activity monitoring 
is associated with greater weight loss success.37 Furthermore, 
self-monitoring of physical activity also leads to improved 
adherence to physical activity goals and higher physical 
activity levels.37 Physical activity recorded as a diary entry 
tends to be overreported however the use of pedometers or 
accelerometers provides a more accurate estimate of daily 
activity and thereby better allows for goals and feedback to 
be more closely monitored and evaluated.38 Self-monitoring 
and reporting during a weight management intervention, 
when provided to an interventionist, allows for individual-
ized feedback and recommendations.

Individualized Intervention Programs

National dietary39 and physical activity40 recommendations 
serve as recommendations for the general public and are not 
based on the specific needs of an individual. However, when 
individualized recommendations are given, greater improve-
ments in dietary quality are seen than with general mes-
sages.41 To make individual recommendations more 
personalized, applied mathematicians in collaboration with 
obesity researchers have recently modeled expected weight 
change, as well as food intake and energy expenditure 
changes in response to weight loss interventions. The math-
ematical models have been derived from the richest and most 
comprehensive datasets of individuals enrolled in lifestyle 
interventions. Importantly model predictions can be deter-
mined on the basis of individual parameters at the onset of 
the weight loss intervention. The models have been extrapo-
lated into user-friendly software platforms on the web and 
are available for use by the public. Two examples include 
http://www.pbrc.edu/research-and-faculty/calculators/
weight-loss-predictor/ and http://bwsimulator.niddk.nih.gov. 
As shown (Figure 1), by inputting demographic and physio-
logical characteristics for an individual at the onset of a 
weight management program as well as the target level of 
calorie restriction, an estimated trajectory of weight change 

is computed from the model.4,42,43 The weight loss projection 
is then deployed in the intervention as a tool to guide adher-
ence. It is anticipated that these kinds of models will become 
an integral feature of weight management interventions in 
the future. This approach has already been used in a large 
multicenter clinical trial of calorie restriction to drive and 
track weight loss.22 The benefit of using the models are 
2-fold: (1) individuals are more likely to experience weight 
loss success since realistic levels of dietary intake can be set 
to achieve a target goal weight and (2) individuals can be 
easily trained on how to interpret the weight loss chart and by 
overlaying or plotting weight recorded during an interven-
tion, self-monitoring of weight loss can be enhanced. Given 
that the underlying models are centered on the energy bal-
ance equation, the weight change at a given point in time can 
indicate compliance to the dietary intake goal. One of these 
online weight loss calculators44 allows for the weight loss 
trajectory to be stored on a local computer and actual body 
weight can be imputed and automatically overlaid onto the 
weight chart for long-term monitoring22,44 by individuals and 
interventionists.

Use of Modern Technology for Delivery of 
Obesity Management

In an attempt to increase access to health care, increase 
intervention cost-effectiveness, reduce barriers for partici-
pation, improve treatment compliance, and decrease drop-
out rates, adopting many modern technologies into weight 
management interventions has been investigated. Ideally an 
eHealth intervention would incorporate each of the corner-
stone features of successful obesity treatments reviewed 
above. Given that an estimated 56% of Americans have 
access to the Internet by way of a smartphone45 develop-
ment of web-based applications or “apps” for delivery 
through mobile devices are at the forefront of several health 
conditions including diabetes, obesity/overweight, mental 
health, tobacco use, and many others.46 For instance, at the 
time of writing (May 2013), the search terms “eHealth” and 
“mHealth” returned 154 and 23 studies on clinicaltrials.gov, 
respectively, indicating that electronic and mobile technolo-
gies have a large presence in current research. These studies 
are incorporating devices to aid in self-monitoring of weight, 
food intake, and physical activity, and client–counselor 
interactions through SMS, email, and/or study-specific web-
sites. A summary of commercially available apps for diet, 
activity or weight monitoring is provided in Table 1. Very 
few of these apps have been validated against gold-standard 
measures of dietary intake and physical activity, and thus 
further research is required.

There have been significant technological advances in all 
areas of self-monitoring tools. Wireless scales such as those 
by BodyTrace, FitBit Aria, and Withings transmit body 
weight in real-time via Bluetooth to the product website. The 
product website tracks weight history which can be viewed 

http://www.pbrc.edu/research-and-faculty/calculators/weight-loss-predictor/
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and monitored by the individual or an interventionist/clinician. 
This is also evident for physical activity monitors. Monitors 
such as those by Nike+, FitBit, and BodyMedia Fit can col-
lect and transmit activity data to a website or app through the 
use of Bluetooth technology.

Similarly, analysis of diet records was reliant on a dietician 
or dietary clinic to access to corporate nutrition databases. 
Now there are countless nutrition databases available to the 
public free of charge including the USDA Nutrient Database, 
http://ndb.nal.usda.gov/. Individual users are now able to self-
enter the foods consumed and receive immediate nutritional 
analysis. These databases can also be readily accessed from 
almost anywhere through smartphone-based applications.

Web-based Interventions

Web-based interventions, as the name suggests, are inter-
ventions hosted on the Internet. Web-based interventions 
may be used to distribute nutrition, lifestyle, and behavior 

education material, may aid in self-monitoring, and may 
provide a medium for participant-participant interaction or 
personalized feedback from a health care provider. Web-
based interventions have the ability to deliver standard-
ized, tailored information to a large number of people 
simultaneously. Web-based interventions, like many 
eHealth interventions, can easily involve family members. 
Chen et al developed a web-based intervention to deliver 
behavior, dietary, and physical activity information to ado-
lescents and their parents. Intervention compliance was 
~70% and significantly decreased the adolescents’ waist-
hip ratio.47 Van Genugten et al developed a modest website 
based intervention to prevent weight gain in obese adults 
through decreasing caloric intake by 100 kcal/day and 
increasing physical activity. Though the randomized par-
ticipants were asked to view only 3 to 4 online modules, 
compliance to the intervention was poor and decreased 
with time. The authors suspect, due to poor intervention 
compliance, no significant changes were seen in BMI.48 

Figure 1.  Mathematical models are used to generate personalized caloric prescriptions for weight loss. Individual parameters (sex, age, 
weight, height) are imputed to generate personalized weight graphs that show the expected trajectory of weight change as well as upper 
and lower limits for a given caloric prescription.



600	

T
ab

le
 1

. 
C

om
m

er
ci

al
ly

 A
va

ila
bl

e 
In

te
rn

et
 A

pp
lic

at
io

ns
 o

r 
“A

pp
s”

 U
se

d 
fo

r 
D

ie
t, 

Li
fe

st
yl

e,
 a

nd
 P

hy
si

ca
l W

el
ln

es
s.

A
pp

 n
am

e
A

pp
 p

la
tf

or
m

T
yp

e 
of

 a
pp

A
pp

 fe
at

ur
es

A
dd

iti
on

al
 

de
vi

ce
s 

ne
ed

ed
C

os
t

Ef
fic

ac
y

C
ou

ch
 t

o 
5K

iP
ho

ne
Ex

er
ci

se
W

ei
gh

t 
lo

ss
, p

hy
si

ca
l a

ct
iv

ity
, b

ui
ld

s 
up

 y
ou

r 
en

du
ra

nc
e 

to
 r

un
 a

 5
K

, t
im

er
N

on
e

Fr
ee

N
o 

da
ta

 a
va

ila
bl

e

Ea
t 

Lo
ca

l
iP

ho
ne

D
ie

t
Lo

ca
l p

ro
du

ce
 lo

ca
to

r 
an

d 
re

ci
pe

 s
ug

ge
st

io
ns

N
on

e
Fr

ee
N

o 
da

ta
 a

va
ila

bl
e

En
do

m
on

do
iP

ho
ne

, 
A

nd
ro

id
, 

Bl
ac

kb
er

ry

Ex
er

ci
se

C
an

 b
e 

us
ed

 fo
r 

a 
va

ri
et

y 
of

 s
po

rt
s:

 r
un

ni
ng

, c
yc

lin
g,

 
an

d 
w

al
ki

ng
, s

ho
w

in
g 

G
PS

 t
ra

ck
in

g 
ro

ut
e,

 d
is

ta
nc

e,
 

du
ra

tio
n,

 a
nd

 c
al

or
ie

s 
bu

rn
ed

N
on

e
Fr

ee
 v

er
si

on
 a

nd
 

a 
Pr

o 
ve

rs
io

n 
fo

r 
le

ss
 t

ha
n 

$3

N
o 

da
ta

 a
va

ila
bl

e

Fi
tB

it
iP

ho
ne

, 
A

nd
ro

id
, P

C
Ex

er
ci

se
, d

ie
t, 

an
d 

sl
ee

p 
lo

g

M
ai

n 
fu

nc
tio

n 
as

 a
n 

ac
ce

le
ro

m
et

er
; a

bl
e 

to
 a

ct
 a

s 
a 

fo
od

 a
nd

 a
ct

iv
ity

 d
ia

ry
 o

r 
sy

nc
 t

o 
ot

he
r 

ap
ps

 
(M

yF
itn

es
sP

al
); 

so
m

e 
de

vi
ce

s 
al

so
 m

on
ito

r 
sl

ee
p

O
ne

 o
f 

th
e 

Fi
tB

it 
de

vi
ce

s

Fr
ee

Fi
tB

it 
O

ne
 c

ou
nt

s 
st

ep
s 

re
lia

bl
y73

Fi
tn

es
s 

Bu
dd

y
iP

ho
ne

, 
A

nd
ro

id
Ex

er
ci

se
W

ei
gh

t 
lo

ss
, p

hy
si

ca
l a

ct
iv

ity
, w

or
ko

ut
s 

ut
ili

zi
ng

 g
ym

 
eq

ui
pm

en
t; 

ex
ce

lle
nt

 a
pp

 fo
r 

st
re

ng
th

 t
ra

in
in

g
N

on
e

Fr
ee

 v
er

si
on

 a
nd

 
pa

id
 v

er
si

on
 fo

r 
$1

.9
9

N
o 

da
ta

 a
va

ila
bl

e

Fi
tn

es
sF

as
t

iP
ho

ne
Ex

er
ci

se
U

se
rs

 c
an

 lo
g 

w
or

ko
ut

s,
 b

od
y 

st
at

s,
 s

le
ep

, e
tc

N
on

e
$1

.9
9

N
o 

da
ta

 a
va

ila
bl

e

Fi
to

cr
ac

y
iP

ho
ne

, 
A

nd
ro

id
Ex

er
ci

se
U

se
d 

lik
e 

a 
vi

de
o 

ga
m

e 
to

 p
la

y 
ag

ai
ns

t 
ot

he
rs

 
an

d 
ga

in
 p

oi
nt

s 
an

d 
le

ve
ls

 b
as

ed
 o

n 
fr

eq
ue

nc
y,

 
du

ra
tio

n,
 a

nd
 d

iff
ic

ul
ty

 o
f w

or
ko

ut
s

N
on

e
Fr

ee
N

o 
da

ta
 a

va
ila

bl
e

(c
on

tin
ue

d)



601

A
pp

 n
am

e
A

pp
 p

la
tf

or
m

T
yp

e 
of

 a
pp

A
pp

 fe
at

ur
es

A
dd

iti
on

al
 

de
vi

ce
s 

ne
ed

ed
C

os
t

Ef
fic

ac
y

Fo
od

uc
at

e
iP

ho
ne

, 
A

nd
ro

id
D

ie
t

Ba
rc

od
e 

sc
an

ne
r,

 t
ra

ck
s 

yo
ur

 w
ei

gh
t, 

cl
ue

s 
in

to
 t

he
 

nu
tr

iti
on

al
 q

ua
lit

y 
of

 fo
od

N
on

e
Fr

ee
N

o 
da

ta
 a

va
ila

bl
e

G
A

IN
Fi

tn
es

s
iP

ho
ne

Ex
er

ci
se

Fr
ee

 w
or

ko
ut

; i
n-

ap
p 

pu
rc

ha
se

 “
pa

ck
s”

 fe
at

ur
e 

op
tio

ns
 li

ke
 b

as
ke

tb
al

l t
ra

in
in

g,
 y

og
a,

 o
r 

ci
rc

ui
t 

st
re

ng
th

N
on

e
Fr

ee
 in

 iT
un

es
; i

n-
ap

p 
pu

rc
ha

se
s 

ra
ng

e 
fr

om
 $

3 
up

 t
o 

$3
0

N
o 

da
ta

 a
va

ila
bl

e

iS
te

pL
og

iP
ho

ne
Ex

er
ci

se
R

ec
or

ds
 y

ou
r 

st
ep

s 
an

d 
da

ily
 p

hy
si

ca
l a

ct
iv

ity
; 

sy
nc

hr
on

iz
at

io
n 

w
ith

 S
te

p 
Lo

g 
on

 t
he

 1
0,

00
0 

St
ep

s 
w

eb
si

te

St
ep

s 
w

eb
si

te
Fr

ee
U

se
 w

as
 a

ss
oc

ia
te

d 
w

ith
 

in
cr

ea
se

d 
lik

el
y 

ho
od

 t
o 

lo
g 

st
ep

s71

iT
ra

ck
Bi

te
s

iP
ho

ne
, 

A
nd

ro
id

D
ie

t 
an

d 
ex

er
ci

se
A

ss
ig

ns
 fo

od
 s

co
re

s 
an

d 
po

in
ts

 t
o 

ea
ch

 fo
od

; f
oo

d 
di

ar
y 

si
m

ila
r 

to
 w

ei
gh

t 
w

at
ch

er
s

N
on

e
$1

.9
9 

fo
r 

iP
ho

ne
 

an
d 

$2
.9

9 
fo

r 
A

nd
ro

id

N
o 

da
ta

 a
va

ila
bl

e

M
ap

 M
y 

R
un

iP
ho

ne
, 

A
nd

ro
id

, 
Bl

ac
kB

er
ry

Ex
er

ci
se

A
llo

w
s 

us
er

s 
to

 m
ap

 t
he

ir
 r

un
s 

th
ro

ug
h 

th
e 

ph
on

e’
s 

G
PS

N
on

e
Fr

ee
, $

2.
99

 fo
r 

Pl
us

N
o 

da
ta

 a
va

ila
bl

e

M
ov

es
iP

ho
ne

Ex
er

ci
se

Sm
ar

t 
pe

do
m

et
er

 t
ha

t 
re

co
rd

s 
ev

er
yt

hi
ng

 fr
om

 
st

ep
s 

ta
ke

n 
in

 a
 d

ay
 t

o 
m

ile
s 

cy
cl

ed
N

on
e

Fr
ee

N
o 

da
ta

 a
va

ila
bl

e

M
yF

itn
es

sC
om

pa
ni

on
A

nd
ro

id
D

ie
t 

an
d 

Ex
er

ci
se

Pe
rs

on
al

iz
ed

 e
xe

rc
is

e 
tr

ac
ki

ng
; w

ei
gh

t 
m

on
ito

ri
ng

, 
bl

oo
d 

pr
es

su
re

, f
oo

d 
in

ta
ke

, a
st

hm
a,

 b
lo

od
 g

lu
co

se
, 

in
su

lin
, H

bA
1c

, c
ho

le
st

er
ol

, t
em

p,
 r

es
pi

ra
tio

n,
 

ox
yg

en
, i

nt
ra

oc
ul

ar
 p

re
ss

ur
e,

 b
ow

el
 m

ov
em

en
ts

, 
he

ar
t 

ra
te

 u
si

ng
 B

lu
et

oo
th

 s
en

so
rs

 o
r 

m
an

ua
l i

np
ut

M
ic

ro
so

ft
 

H
ea

lth
V

au
lt

Fr
ee

 w
ith

 
di

ffe
re

nt
 le

ve
ls

 
of

 p
ai

d 
ve

rs
io

ns

N
o 

da
ta

 a
va

ila
bl

e

M
yF

itn
es

sP
al

A
nd

ro
id

, 
Bl

ac
kB

er
ry

, 
W

in
do

w
s,

 
iP

ho
ne

D
ie

t 
an

d 
ex

er
ci

se
Ba

rc
od

e 
sc

an
ne

r,
 d

at
ab

as
e 

of
 fo

od
s,

 fo
od

 d
ia

ry
.

N
on

e
Fr

ee
N

o 
da

ta
 a

va
ila

bl
e

(c
on

tin
ue

d)

T
ab

le
 1

. 
(c

o
nt

in
ue

d)



602	

A
pp

 n
am

e
A

pp
 p

la
tf

or
m

T
yp

e 
of

 a
pp

A
pp

 fe
at

ur
es

A
dd

iti
on

al
 

de
vi

ce
s 

ne
ed

ed
C

os
t

Ef
fic

ac
y

M
y 

M
ea

l M
at

e 
(M

M
M

)
A

nd
ro

id
D

ie
t

A
llo

w
s 

us
er

s 
to

 m
ap

 t
he

ir
 e

at
in

g 
ha

bi
ts

 b
y 

se
le

ct
in

g 
th

e 
pr

od
uc

ts
 t

he
y 

co
ns

um
e;

 fi
rs

t 
fr

ee
 a

pp
 t

o 
co

nt
ai

n 
a 

la
rg

e 
U

K
-b

as
ed

 fo
od

 d
at

ab
as

e

N
on

e
Fr

ee
A

cc
ur

ac
y 

of
 fo

od
 d

ia
ry

 e
qu

al
 t

o 
th

at
 o

f 2
4 

ho
ur

 fo
od

 r
ec

al
l; 

m
or

e 
ad

he
re

nt
 t

o 
ap

p 
th

an
 

w
eb

si
te

 o
r 

pa
pe

r 
m

et
ho

ds
; 

ov
er

al
l w

ei
gh

t 
lo

ss
 o

f 4
.6

 k
g 

ov
er

 6
 m

on
th

s64

N
ik

e 
T

ra
in

in
g 

C
lu

b
iP

ho
ne

, 
A

nd
ro

id
D

ie
t 

an
d 

Ex
er

ci
se

W
ei

gh
t 

lo
ss

, p
hy

si
ca

l a
ct

iv
ity

, s
el

ec
t 

a 
go

al
 a

nd
 

fit
ne

ss
 le

ve
l t

he
n 

th
e 

ap
p 

cr
ea

te
s 

se
ve

ra
l 3

0-
45

 
m

in
 w

or
ko

ut
 o

pt
io

ns
; p

ic
tu

re
s;

 t
im

er

N
on

e
Fr

ee
N

o 
da

ta
 a

va
ila

bl
e

N
ik

e+
 R

un
ni

ng
iP

ho
ne

, 
A

nd
ro

id
Ex

er
ci

se
A

llo
w

s 
us

er
s 

to
 m

ap
 t

he
ir

 r
un

s 
th

ro
ug

h 
th

e 
ph

on
e’

s 
G

PS
N

on
e

Fr
ee

N
o 

da
ta

 a
va

ila
bl

e

U
P 

by
 Ja

w
bo

ne
iP

ho
ne

, 
A

nd
ro

id
Ex

er
ci

se
W

ri
st

ba
nd

 t
ha

t 
tr

ac
ks

 m
ov

em
en

t 
an

d 
sl

ee
p;

 d
is

pl
ay

s 
da

ta
 a

nd
 a

llo
w

s 
us

er
s 

to
 in

pu
t 

m
ea

ls
 a

nd
 m

oo
d

W
ri

st
ba

nd
Fr

ee
N

o 
da

ta
 a

va
ila

bl
e

W
ei

gh
tb

ot
iP

ho
ne

D
ie

t
T

ra
ck

s 
se

lf-
en

te
re

d 
w

ei
gh

ts
 a

nd
 c

al
cu

la
te

s 
BM

I
N

on
e

$1
.9

9
N

o 
da

ta
 a

va
ila

bl
e

W
el

ln
es

sF
X

iP
ho

ne
O

ve
ra

ll 
w

el
ln

es
s

Pl
at

fo
rm

 fo
r 

de
ve

lo
pi

ng
, m

ai
nt

ai
ni

ng
, a

nd
 s

ha
ri

ng
 

pe
rs

on
al

 h
ea

lth
 g

oa
ls

; v
ita

m
in

 s
ho

p
N

on
e

Fr
ee

N
o 

da
ta

 a
va

ila
bl

e

W
ei

gh
t 

W
at

ch
er

s 
M

ob
ile

iP
ho

ne
, 

A
nd

ro
id

D
ie

t 
an

d 
Ex

er
ci

se
T

ra
ck

s 
di

et
ar

y 
in

ta
ke

, a
ct

iv
ity

, a
nd

 w
ei

gh
t

C
an

 b
e 

us
ed

 
w

ith
 o

r 
w

ith
ou

t 
W

ei
gh

t 
W

at
ch

er
s 

su
bs

cr
ip

tio
n

Fr
ee

W
he

n 
us

ed
 in

 c
on

ju
nc

tio
n 

w
ith

 
th

e 
co

m
pr

eh
en

si
ve

 W
ei

gh
t 

W
at

ch
er

s 
pr

og
ra

m
, s

ub
je

ct
s 

w
er

e 
8 

tim
es

 m
or

e 
lik

el
y 

to
 

re
ac

h 
th

ei
r 

go
al

 o
f 5

-1
0%

 
w

ei
gh

t 
lo

ss
 t

ha
n 

th
os

e 
in

 t
he

 
se

lf-
he

lp
 g

ro
up

74

T
ab

le
 1

. 
(c

o
nt

in
ue

d)



Gilmore et al.	 603

Web-based intervention can also be used for long-term 
weight loss or maintenance after intensive weight loss 
intervention. As seen with increased self-monitoring, the 
amount of website interaction was proportional to suc-
cess.49-53 Web-based interventions can serve as the sole 
intervention or as support to a more intensive intervention. 
It can be isolated to an individual, encourage family par-
ticipation, or be connected to a larger social network. 
Bennett et al reported greater weight loss with a web-based 
intervention than when compared to traditional care and 
suggested that web-based care could be integrated into tra-
ditional care plans to increase treatment effectiveness.52 
When behavior modification therapy is integrated into the 
web-based intervention with personalized feedback, Tate 
et al observed greater weight loss and decreases in waist 
circumference.54 Regardless of function, eHealth/mHealth 
interventions must be used frequently by the participant to 
be a useful tool and aid in success. Because successful 
web-based interventions require consistent interaction 
from their participants, they must have the ability to keep 
the participants engaged and avoid becoming a passive 
educational tool. Intensive, interactive web-based inter-
ventions can be quite costly and time consuming to 
develop. It takes a large amount of time to assess the 
desires of a population, develop a web-based intervention, 
and test that intervention. Riiser et al fear that preferences 
and public demands will have changed by the time a web-
based intervention becomes available to the public making 
it less effective.55 Though developmental costs of web-
based interventions are high, Meenan et al found the web-
based intervention in the Weight Loss Maintenance Trial 
cost substantially less than standard phone and in-person 
treatment programs.21

SMS

With the popularity and reliance on cell phones, short mes-
sage service as a way to communicate quickly and easily 
with people has also gained popularity. SMS is accessible 
almost relentlessly by most individuals and proves to be a 
fast, interactive medium while being inexpensive. SMS was 
first utilized as an intervention tool in developed countries, 
although as time progresses, SMS is becoming more widely 
used in developing and developed countries alike.56 Tailored 
automated SMS containing diet, lifestyle, and behavior 
information has been widely used and well received in ado-
lescents.57 Though well accepted by participants, SMS diet, 
physical activity, and behavior change intervention effec-
tiveness varies.58-60 While SMS is a quick, easy, and inex-
pensive way to communicate with study participants and 
provides personalized feedback, SMS can provide only a 
limited amount of information in a 160-character-limit mes-
sage. SMS may be more beneficial as a communication tool 
within a larger intervention rather than being the sole inter-
vention delivery system.

Internet-based Applications

The rising popularity of smartphone applications provides a 
unique opportunity to influence health behavior.61 There are 
countless health care and fitness apps available on various 
operating systems (eg, iPhone, Android; Figure 2).62 Many 
of these apps are free or inexpensive allowing them to be 
readily available to the general public which contributes to 
their potential to be used in weight loss and management. 
Advantages of utilizing apps for weight management include 
low cost, low burden, ease in delivery, and capability of wide 
dissemination.61 While there are thousands of commercially 
available health and fitness apps, there is little research (vali-
dation, efficacy, usability, or otherwise) done using commer-
cially available apps. For this reason, we do not intend for 
this to be a systematic review, but a discussion of commer-
cially available apps. When looking at which apps to discuss, 
we focused on those apps listed as most popular (both free 
and paid) in iTunes and the Android Market. We then used 
the app name, “app,” “eHealth,” and/or “mHealth” to review 
the literature for research using these apps and others.

Many health care and fitness apps use self-monitoring to 
promote use and behavior change. Weight management apps 
use many strategies to incorporate self-monitoring mainly 
through tracking each food that is consumed and its respec-
tive portion size. Typically, these apps include comprehen-
sive databases of foods, barcode scanners with the ability to 
identify packaged products, and the option for manual entry 
of unknown foods or favorite recipes. Many of these apps 
focus on calorie counting to achieve energy balance or defi-
cit (for weight loss). MyFitnessPal, Lose it!, FatSecret’s 
Calorie Counter, SparkPeople, and Fooducate are popular 
apps that use these strategies for recording intake. 
MyFitnessPal, Lose it!, FatSecret’s Calorie Counter, and 
SparkPeople feature both diet and physical activity tracking 
through calorie counting, while Fooducate focuses solely on 
diet by providing a database of foods, offering nutritional 
quality information, and grading foods in the database. In 
addition, some apps include recipe builders and forums for 
support, questions, and recipe sharing (iTunes App Store, 
Android Market). Turner-McGrievy et al conducted a behav-
ioral weight loss intervention in overweight adults investi-
gating the effect of self-monitoring food intake by traditional 
pen-and-paper method compared to use of a web-based app. 
Fat Secret’s Calorie Counter, MyFitnessPal, and Lose it! 
were the most popular apps used for recording food intake.63 
Other work suggests that individuals using an app to monitor 
dietary intake compared to those using traditional pen-and-
paper methods have significantly more weight loss.64

Several research groups have developed their own smart-
phone apps for intervention studies focusing on nutrition 
education, recording energy intake, and support. Brindal et al 
developed static and support versions of an app focusing on 
a commercial meal replacement program, Celebrity Slim 
MRP. The Celebrity Slim MRP recommends replacing 2 
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meals a day with meal replacement shakes, 1 well-balanced 
meal, and up to 3 snacks (Celebrity Slim MRP http://celebri-
tyslim.com.au/). The static version of the intervention app 
included a guide to the Celebrity Slim MRP. The Support 
app version included the static guide to the Celebrity Slim 
MRP as well as other support features including a meal cal-
endar, a weight tracker, tasks log, and prompts for weighing 
and tracking food intake 3 times daily. Usage data showed 
that the Support app users were more engaged in the app 
throughout the study period, and the Support app users per-
ceived that they weighed themselves more frequently than 
the static app users. The mean difference in weight loss 
between the Support (3.2%) and static app (2.2%) users was 
not significant (P = .08).65 Carter et al developed the My 
Meal Mate smartphone app designed to promote weight loss. 
The My Meal Mate smartphone app was developed using an 
evidence-based approach of goal setting, self-monitoring, 
and feedback using text messaging.64 In a validation study to 
assess the correlation between using the smartphone app to 
track food and beverage consumption and the 24-hour recall 
method, energy intake recorded on the My Meal Mate smart-
phone app correlated well with 24-hour dietary recalls from 
2 study days.66 Carter et al compared the My Meal Mate 
smartphone app to website and paper diaries for promoting 
weight loss in a pilot study. In the pilot study, all groups 

included a similar intervention using 3 different delivery 
methods. Results showed that retention was highest in the 
smartphone app group (93%) as compared to the website 
(55%) and paper diary (53%) groups. In addition, adherence 
was higher in the smartphone app group as compared to the 
website and paper diary groups (P < .001). Mean weight 
change was significantly greater in the smartphone app group 
(–4.6 kg) as compared to the website group (–1.3 kg) and to 
the paper diary group (–2.9 kg) at 6 months of the interven-
tion (P = .004).64 Well-established companies that specialize 
in weight management programs, such as Weight Watchers, 
Atkins, South Beach, and so on, have also developed apps to 
support their weight management programs, and to our 
knowledge efficacy data are not available.

The apps described thus far are helpful in weight manage-
ment as a self-monitoring tool, but they remain subjected to 
an underestimation of actual energy intake due to self-report. 
Research has been focused on using mobile technology to 
develop objective methods for assessing dietary intake. For 
instance, researchers and app developers have recently 
developed technology that uses the camera function of the 
smartphone to capture images of foods.67-70 The most 
advanced food photography programs have partnered with 
computer science engineers to analyze the food photos before 
and after meals to derive estimates of calorie and nutritional 

Figure 2.  Mobile phone and Internet program can be used to enhance communication and weight management interventions between a 
patient and his or her health care providers. We are currently working with our graphic designer on a high-definition image.



Gilmore et al.	 605

information. In a much simpler approach than recording food 
intake in an app or on paper, an individual is instructed to 
capture a before meal photo. About 15 minutes later, a text 
message is received prompting a photo of the after meal 
photo. Users are also prompted to report a description of the 
meal and can either text or voice record the details, scan a 
barcode of a commercially available product, or enter a PLU 
(price look-up code) for fruits or vegetables. A semiauto-
mated computer program then assesses portion size of the 
individual meal components and amount consumed. With 
the use of the USDA Nutrient Database (http://ndb.nal.usda.
gov/), nutrient analysis of each item can be completed result-
ing in a more objective assessment of total energy intake. 
These food photography programs have been validated 
against doubly labeled water and have been shown to be an 
accurate and precise measure of energy intake.67,69 Like all 
interventions, user burnout can be a barrier to success. To 
combat this problem, messages are sent to remind the partici-
pant to reengage in the app and continue to send photos of his 
or her food. This prompting system can be used in a variety 
of ways in various eHealth and mHealth interventions to 
reduce user burnout and increase overall participation and 
compliance. Several large clinical trials are now under way 
using the remote food photography method to capture food 
intake in free-living individuals.

In addition to apps developed to track food intake or pro-
mote positive health behavior, various physical activity apps 
have been developed as well. Some use self-monitoring, 
similarly to diet strategies, by tracking physical activity and 
exercise occurrences including MyFitnessPal, Lose it!, 
FatSecret’s Calorie Counter, and SparkPeople (iTunes App 
Store, Android Market).61-63 These apps include databases of 
numerous activities (eg, dancing, aerobics, housework, gar-
dening, swimming and running) that can be added to a daily 
energy tracker. Typically, calories burned from these activi-
ties are subtracted from the daily calorie goal. Other apps 
like Fitocracy and RunKeeper include physical activity 
tracking databases without recording food intake. Recent 
advancements in GPS capability in smartphones have 
allowed for the development of physical activity apps that 
can track activities (eg, running, biking, walking) accurately 
through GPS rather than relying on self-report methods. 
Some GPS capable apps that can track physical activity, uti-
lizing GPS for tracking route, distance, duration, and calories 
burned include RunKeeper, Endomondo, and Map my Run 
(iTunes App Store, Android Market). There are some free 
pedometer apps available that use GPS capabilities to count 
and log steps including Pedometer Free, Pedometer Ultimate, 
and Pedometer Step Counter (iTunes App Store, Android 
Market). At a cost of $1.99, the Couch to 5K app provides a 
5K training guide for people who want to train for a 5K grad-
ually from low physical activity levels. Another unique app, 
Fitness Buddy, provides a catalog of exercises with step by 
step directions. Fitness buddy is especially useful for strength 
training exercises, and it also includes built-in workouts 

(iTunes App Store, Android Market). Turner-McGrievy et al 
found that RunKeeper, Fat Secret’s Calorie counter, and 
MyFitnessPal were the most commonly used self-monitoring 
physical activity apps in their intervention study.63 Kirwan et 
al evaluated the effect of the iStepLog smartphone app use in 
their website-delivered physical activity program and the 
perceived usefulness of the iStepLog smartphone app. The 
iStepLog app was developed to allow the recording of daily 
physical activity with automatic synchronization to the web-
site-delivered physical activity program log. Findings from 
the study showed that iStepLog app use was associated with 
increased likelihood to log steps.71 Cowan et al evaluated the 
content of several physical activity iPhone apps for the pres-
ence of behavior change theories and strategies. They con-
cluded that the majority of the apps comprised of minimal 
behavior change content and that price was correlated with 
the quality of the content.72

There is little scientific evidence to support the use of 
many of the available devices and technologies for therapeu-
tics. This makes it difficult to recommend one app over 
another, and this leaves a great area for future research for 
clinicians, laboratory researchers, and industry alike. Studies 
that involve head to head comparisons of the usability and 
efficacy of the apps along with studies that validate the tech-
nologies against gold-standard research methods are war-
ranted. Literature suggests that diet and physical activity apps 
that incorporate self-monitoring, education, and support strat-
egies have the potential for success; however, for apps to be 
most successful, they should be appropriately validated 
against standard objective assessments of energy intake and 
expenditure (eg, doubly labeled water, accelerometry, directly 
weighed foods, etc). Validating existing apps against stan-
dard methods could determine if the app is evidence-based, 
accurate, and clinically relevant. A novel approach however 
would be to incorporate mathematical models of energy bal-
ance that were derived from these kinds of objective data into 
the app framework. This would allow for weight loss pro-
grams to be customized to individual users and, when part-
nered with devices for wireless measurement of weight, food, 
and activity data, can deliver data-driven feedback to facili-
tate self-monitoring and improve weight loss efficacy.

Conclusions

While the obesity epidemic may be blamed on the increase in 
food intake and sedentary behavior associated with the cur-
rent technology boom, the wide use of modern devices and 
frequent access to the Internet provides a unique opportunity 
to direct the management of obesity through eHealth plat-
forms. Current studies have used SMS messaging, chat 
rooms, study-specific websites, and telephone calls to deliver 
weight management programs with equal if not better effi-
cacy than traditional in-person approaches. With the rapidly 
growing number of devices for remote collection of body 
weight as well as food intake and activity data, the next era 
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of obesity management will include development of a virtual 
obesity management clinic. More than likely housed in an 
app designed for mobile devices, the virtual clinic will trans-
mit data from individuals remotely in their own home to the 
clinical team. Ideally, mathematical models will underlie 
these apps so that patients and clinicians, with reasonable 
accuracy, can gauge the level of adherence against goals 
established for weight loss (absolute as well as rate), daily 
food intake, and levels of activity. This new era of research 
currently under way serves to indicate if complex behavioral 
interventions for weight loss can be disseminated remotely 
with modern technology and with similar if not better effi-
cacy than those gold-standard interventions performed only 
in expensive clinical trials.
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