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Abstract
Purpose – The purpose of this paper is to propose a new approach recommending friends to social
networking users who are also using weight loss app in the context of social networks.
Design/methodology/approach – Social network has been recognized as an effective way to
enhance overweight and obesity interventions in past studies. However, effective measures integrating
social network with weight loss are very limited in the healthcare area. To bridge this gap, this study
develops a measure for friend recommendation using the data obtained by weight loss apps; designs
methods to model weight-gain-related behaviors (WGRB); constructs a novel “behavior network;” and
develops two measurements in experiments to examine the proposed approach.
Findings – The approach for friend recommendation is based on Friend Recommendation for Health
Weight (FRHW) algorithm. By running this algorithm on a real data set, the experiment results show that
the algorithm can recommend a friend who has a healthy lifestyle to a target user. The advantages of the
proposed mechanism have been well justified via comparisons with popular friend recommenders in past
studies.
Originality/value – The conventional methods for friend recommenders in social networks are only
concerned with similarities of pairs rather than interactions between people. The system cannot account
for the potential influences among people. The method pioneers to model a WGRB as recommendation
mechanism that allow recommended friends to simultaneously fulfill two criteria. They are: first, similarity
to the target person; and second, ensuring the positive influence toward weight loss. The second criterion
is obviously important in practice and thus the approach is valuable to the literature.
Keywords Healthcare, Obesity, Social network, Recommendation
Paper type Research paper

1. Introduction
1.1 Background
Recommendation system (RS) processes the information by suggesting to users the
objects that are possibly compatible with their interests (Adomavicius and Tuzhlin,
2005; Kim, 2011). RS has been comprehensively investigated in different perspectives
such as preference (Koutrika and Ioannidis, 2010), trust (Bedi et al., 2007), decision
making (Chai et al., 2014), and position localization (Bao et al., 2015). Online social Industrial Management & Data
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networks offer users opportunities to expand their circle of friends through a RS
(Curras-Perez et al., 2014). The system breaks regional restrictions and unites like-minded
people who have similar interests or goals (Yang et al., 2012). For example, a soccer fan
may associate with other fans to enjoy FIFA World Cup.

Online social networks are great sources of health-related information and social
support. They provide access to people who share the same experience and 24/7
encouragement, which can be difficult for realistic friends. Goel and Goldstein (2014)
reported the application of social networks to predict the behavior of individuals with
respect to the large social data in marketing environments. Centola (2010) investigated
the influence of social network structure on diffusion by studying the spread of health
behavior through artificially structured online communities. He found that the proliferation
of behavior across clustered-lattice networks would be farther and faster than that across
corresponding random networks.

A weight management program could be a long-term process and requires constant
self-monitoring. Individuals are likely to concede in the early stage and eventually fail
the weight management program. An obese user who participates in a weight management
program may want to know other participants in the program in social networks, thus
promoting each other for better achievement. Weight loss apps respond to such requests
and typically require users to monitor their food intake and physical activities to calculate
calorie consumption.

1.2 Literature review
Existing literature provided some valuable solutions for better weight management.
Maher et al. (2014) reviewed the effectiveness of interventions based on social network.
Those interventions aimed to change health behaviors such as dietary intake and
physical activity. Among the studies, 90 percent reported positive outcomes.
Chang et al. (2013) reviewed the role of social media in online weight management.
They pointed out that social media could help those who lack social support establish
connections and obtain support. Hwang et al. (2010) investigated peer support in an
online weight loss community, and suggested that 60 percent of the participants
considered online members were more helpful than other contacts on the issue of
weight loss. Convenience, anonymity, and none-judgment are the three distinct features
valued most by the respondents.

Li et al. (2013) explored the role of social networks and social media in obesity
intervention. They identified three pathways that link obesity with social networks,
namely, social support, social integration, and social capital. They advocated for the
development of social networks specifically designed to address obesity. However,
Kiernan et al. (2012) and Gorin et al. (2005) found that obesity intervention involving
spouse, friends, co-workers, and neighbors had mixed results. Kiernan et al. (2012)
found that women with family support were more likely to lose weight (71.6 percent),
whereas women who did not obtain support from friends were most likely to lose
weight (80 percent). Gorin et al. (2005) demonstrated that participants with one
or more successful partners lost more weight compared with those without successful
partners.

A landmark study by Christakis and Fowler (2007) used longitudinal statistical
models to examine whether weight gain is contagious. They showed that the risk of a
person becoming obese increased by 57 percent if a friend became obese. They further
revealed that the involvement of partners in weight management process could provide
support and emotional buffer to people who face a similar problem. In other words,
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obesity is “socially contagious,” implying that people tend to be obese if their family
and friends are obese. Pagoto (2012) observed that, “not only do we share habits, but we
subtly (and sometimes not so subtly) reinforce each other’s habits. To the extent that
you are locked in a social circle that strongly reinforces unhealthy habits, you will have
great difficulty consistently living a healthy lifestyle.” The experiments of Kiernan et al.
(2012), Gorin et al. (2005), and Shoham et al. (2012) involving multiple roles of concerned
persons (e.g. family members, friends, and neighbors) revealed mixed results. Shoham
et al. (2012) investigated the social influence on body size, screen time, and playing
sports of adolescents using an actor-based model. The results showed that both social
influence and homophily are important to understand adolescent obesity.

Equipped with online social networking service, some weight loss apps have been
developed using social network to aid the weight loss process. For example, MyFitnessPal
(www.myfitnesspal.com/) encourages members to invite their friends to go on a diet with
them to achieve better results. We also observed that users of weight loss forum also
proactively attempted to seek encouragement, incentive, and support by gathering people
who share the same goals, starting weight, and so on. This effort is mostly achieved by
sending out a post on a forum. Finding a friend can be filtered using user features, such as
name, gender, location, and age. Either way, the process is labor-intensive for users.
MyFitnessPal has approximately 40 million users as of July 2013 and continues to grow at
a rate of 1.5 million new users per month.

1.3 Motivation and our approach
Based on past works, weight loss intervention involving friends and family may fail
because the concerned persons with health-risk behaviors, like frequently eating fast
food, could have a negative effect on the target people; the concerned persons may be
more tolerant with obese persons, and therefore cannot act as rigorous and helpful
overseers (Christakis and Fowler, 2007); the concerned persons and the target person
may be influenced by a similar cultural norm, which could promote or strengthen
unhealthy behavior (Li et al., 2013). The criteria that qualify a companion for weight
loss should include: familiarity to the target person in some ways, positive influence on
the weight loss process, and ability to resist the unhealthy cultural norm, if any.

In our literature review, we observed that the concept of “weight loss with friends” is
widely accepted in social community, such as self-organized weight-loss activities in social
communities. Despite the benefits offered by social network for body weight management,
the effective measure is surprisingly very limited. Existing mobile app or weight loss
software possesses the ability to collect user information on daily diet, activities, and so on,
but they have not been properly considered in weight loss app. On the measures of social
network, most past studies only considered the similarities among persons, but they
cannot ensure the presence of both similarity and positive influences among persons in
friend recommendation. Motivated by these issues, this study proposes an approach to
use friend recommendation in social network in body weight management.

This friend recommendation approach is referred to as Friend Recommendation for
Health Weight (FRHW). This work systematically examines the measure, which consists
of four components, namely, network similarity, profile similarity, methods for scoring
weight-gain-related behavior (WGRB), and behavior network. Our aim is to recommend
friends who both possess similar features of targeted users and bring positive influence on
the entire weight-reducing process. The former two components are common measures
frequently adopted in past studies. The latter two components were developed in this
paper by incorporating domain knowledge. In Section 2, we elaborate the first two
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components for general friend recommendation.Wewill elaborate the latter twomeasures in
Section 3. We subsequently provide a mechanism that uses all four measures to rate the
WGRB.We construct a novel behavior network using all output scores in Section 4. Finally,
we combine all the components and obtain a final ranking for friend recommendation
in Section 5. In data experiments, we use two measurements as the criteria to examine
the performance of our solution. Our results are compared with the results of other
representative measures. Section 6 concludes this paper.

2. General measures for social network-based recommendations
2.1 Related works
Intuitively, social networking users tend to connect with people who are close or similar
to them or who share similarities with them (Ngai et al., 2015). Therefore, many friend
recommenders build their measures on computing user similarity from different
perspectives. Chen et al. (2009) performed two experiments on Beehive, an enterprise
social networking site, to assess four friend recommendation algorithms. They
concluded that known contacts could be effectively discovered by using the network-
based algorithm whereas the algorithm that was based on similarity of user-created
content, such as profile entries, tags, and statuses could be used to recommend new
friends. Akcora et al. (2011) proposed the network and profile-based measures to
compute user similarity. The proposed measure considers network similarity and
strength of friendships. Spertus and Sahami (2005) compared six similarity measures,
such as, first, L1 norm; second, L2 norm; third, pointwise mutual information (PMI)
with positive correlations; fourth, PMI with positive and negative correlations; fifth,
Salton’s similarity measure based on inverse document frequency scaling; and sixth,
log-odds on Orkut.com data for community recommendation. They argued that one of
the similarity measures, L2 norm, outperformed the other five measures. Boriah et al.
(2008) compared existing 14 methods for similarity computation of categorical data.
They applied these methods for outlier detection. The results showed that none of them
can be totally superior to the other methods, and each method should be applied
according to different needs. Vosecky et al. (2009) identified users across different social
networks, and defined profile vector, which represents a user profile in the form of
vector. This similarity can be computed and stored in a vector known as similarity
vector. In Sections 2.2 and 2.3, we briefly introduce two kinds of similarity, namely,
network and profile similarities, which have been frequently referred in past studies.

2.2 Network similarity
Network similarity measures the degree of overlap between two users in social network.
Specifically, the measure attempts to define closeness between the two users. Suppose a
user x is connected to a target user uwithin a two-hop distance in the social graph, the user
is called a stranger. For network similarity, we use the measure from Akcora et al. (2011).
For user u and stranger x, network similarity can be computed via the equation below:

NS u; xð Þ ¼ Log MFG u; xð Þ:E
�� ��� �

Log 2 FG uð Þ:E
�� ��� � (1)

where MFG(u,x). E is the number of edges in mutual friendship graph (MFG) and
friendship graph (FG)(u). E represents the number of edges in FG. MFG is the social
graph consisting of u, x, and their mutual friends. FG is the social graph consisting of u
and u’s friends.
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Example. Suppose we consider a social graph as shown in Figure 1. The corresponding
results are as follows: FG(u).E¼ 8, MFG(u,x).E¼ 7, and NS(u,x)¼ log(7)/log
(2× 8)¼ 0.702, wherein 0.702 indicates the proximity between two persons in
a network. A larger number indicates that the two persons are closer to
each other.

2.3 Profile similarity
Profile similarity is used to represent the similarity between two users in the form
of profile items. We use the method provide by Akcora et al. (2011) to calculate such
profile similarity, which is based on occurrence frequency (hereafter OF; Jones, 1993).
Suppose i be a profile item, iu and ix be the value for item i in u and x profiles. Profile
similarity P(u,x) can be computed via the following equations:

OF iu; ixð Þ ¼
1; iu ¼ ix

1
1þA�Bð Þ; iua ix

(
(2)

P u; xð Þ ¼ 1
n

Xn

k¼1
wk � OFk (3)

Therein, A¼ log(N/f(iu)) and B¼ log(N/f(ix)).
Function f(x) represents the number of records with that item value. N is the total

number of records; wk is the weight assigned to kth profile item; n is the number of
profile items. The weight for kth profile item, denoted as wk, is user-defined.

Example. We consider user u with profile Pu{Gender: Female, Race: Asian} and
stranger x with profile Px{Gender: Female, Race: Indian}. Suppose there are
1,000 records in total and distributions of gender and race are as shown in
Table I. The weight for each item is one. Then, the corresponding results are
as the follows:

P u; xð Þ ¼ 1
2
� 1þ 1þ log

1; 000
80

� log
1; 000
102

� ��1
( )

¼ 0:74

The value of P(u,x) represents the similarity of two users in terms of profile items. Two
users are more similar if the number is larger.

3. WGRB: definition and modeling
In this section, we define and model WGRB. WGRB comprises dietary behavior and
physical activity. They are easy to quantify and record in mobile apps. Some of
them are actually used in the mobile apps available in the market. The connection

u

3

1

2

6

4

5 x

Figure 1.
Social network graph
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between these kinds of behavior and obesity or weight gain have been investigated
and supported by numerous studies (World Health Organization (WHO), 2003; 2010;
Ma et al., 2003; Hu et al., 2003; Forslund et al., 2005).

For dietary behavior, we examine the consumption of fruit and vegetable (FV
hereafter), meal eating pattern (i.e. skipping breakfast), and snacking, because these
behaviors are studied in plenty of research works. First, FV consumption is the better
predictor for healthy eating. High intake of energy-dense food is considered as one of
the convincing factors that contribute to weight gain while high intake of NSP (dietary
fiber) will decrease the risk, as pointed out by a report of WHO (see the reference
Trogdon et al., 2008). FV are considered low-energy-dense food and rich in dietary fiber
and water. Intake of FV is negatively associated with weight gain (Kim, 2011). Second,
Ma et al. (2003) indicated that a regular meal pattern was significantly related to a low
level of obesity. In the WHO report, breakfast feeding is categorized as a probable
factor. Third, regular meal eating patterns were also associated with low snacking
levels, although snacking was not associated with obesity in a direct manner.

For physical activity behavior, we consider three factors that are commonly regarded
as most important weight-gain-associated factors, that is, aerobic activity, time spent
watching TV, and computer use. Exercise is generally the key for maintaining fitness.
According to Hu et al. (2003), considerable time spent on sedentary behavior, such as
watching TV and playing video games, is associated with greater risk of obesity.

Suppose a weight loss app user records food log and exercise log on daily basis. We
define a set ofWGRB, where Bk denotes kth behavior. Bk(x, t) is the behavior score for user x
over a given period of t days. We define WGRB separately as shown in Sections 3.1-3.7.
We derive the following equations from obesity and nutrition researchers. To the best of our
knowledge, this paper is the first to formalize and combine these findings by considering the
features of weight loss apps.

3.1 FV intake
Let BFV(x,t) represent the behavior score of user x for FV intake and NFV(x,t) for the
number of days that x has FV no less than 400 g during t days. The value of 400 g is
supported by the report of the WHO (2003) and Agudo (2005).

The subsequent equations are valid:

BFV x; tð Þ ¼ f FV
NFV x; tð Þ

t

� �
¼

0; 0pNFV x;tð Þ
t o0:5

0:5; 0:5pNFV x;tð Þ
t o0:75

1; 0:75pNFV x;tð Þ
t p1

8>><
>>: (4)

Frequency

Gender
Female 502
Male 498

Ethnicity
Asian 80
Indian 102
Others 818

Table I.
Distribution of
gender and ethnicity
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In the study, FV Intake is divided into three categories:

(1) low intake if NFV x; tð Þ=to0:5;

(2) moderate intake if 0:5pNFV x; tð Þ=to0:75; and

(3) high intake if NFV x; tð Þ=tX0:75.

3.2 Skipping breakfast
Let BBE(x,t) represent the behavior score on the frequency of skipping breakfast.
According to Ma et al. (2003), skipping breakfast frequently could increase the risk of
gaining weight. We categorize the frequency of skipping breakfast using this method.
The following equations are then valid:

BBE x; tð Þ ¼ f BE
NBE x; tð Þ

t

� �
¼

0; 0pNBE x;tð Þ
t o0:75

1; 0:75pNBE x;tð Þ
t p1

;

8<
: (5)

where NBE(x,t) represents the total number of days that the user has eaten breakfast
during t days.

3.3 Snacking
Let BSN(x,t) represent the behavior score of user x for snacking. Increasing snacking
frequency will cause increasing in energy intake, it also easily results in bad eating
habit such as overeating. But association between snacking and weight gain is
inconclusive. Snacking can be an additional source of dietary fiber and FV. Generally,
the argument depends on the selection of snacks. Given little research explores
relationship between snack selection and obesity, we only consider the aspect of the
unhealthy snacks. Unhealthy snack means junk food, sugary food, and beverage.
Classification of frequency of snacking is illustrated according to Forslund et al. (2005).
Given this information, the following equation is valid:

BSN x; tð Þ ¼ f SN
NSN x; tð Þ

t

� �
¼

0; 0pNSN x;tð Þ
t o1

�0:25; 1pNSN x;tð Þ
t o2

�0:5; 2pNSN x;tð Þ
t o3

�1; NSN x;tð Þ
t X3

;

8>>>>><
>>>>>:

(6)

where NSN(x,t) represents the number of snacking in t days.

3.4 Aerobic activity
Let BAA(x, t) represent the behavior score of user x for aerobic activity. Through simple
calculation of time, an adult should at least spend 150 min on moderately intense
aerobic activity per week or 21.4 min per day on average. This calculation is based on
the report from WHO (2010). Then, we define BAA(x, t) via the following equations:

BAA x; tð Þ ¼ f AA
NAA x; tð Þ

t

� �
¼

0; 0pNAA x;tð Þ
t o21:4

1; NAA x;tð Þ
t X21:4

8<
: (7)
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where NAA(x,t) represents the total number of minutes of exercise during the period
of t days.

3.5 Time spent watching TV
Let BTV(x, t) represent the behavior score of user x for watching TV. According to
Hu et al. (2003), watching TV for less than 10 hr per week decreases the risk of obesity
or 1.43 hr per day on average. Nevertheless, the risk of becoming obese will increase 23
percent for each 2 hr per day increment in watching TV (i.e. 3.43 hr per day). Given this
information, we define BTV(x, t) using the following equation:

BTV x; tð Þ ¼ f TV
NTV x; tð Þ

t

� �
¼

0; 0pNTV x;tð Þ
t o1:43

�0:5 1:43pNTV x;tð Þ
t o3:43

�1 NTV x;tð Þ
t X3:43

8>><
>>: (8)

where NTV(x,t) represents the total number of hours spent watching TV in t days.

3.6 Computer use
Computer use in this study refers to its use during leisure time for online chatting, web
surfing, and playing games. We employ the protocol applied to watching TV to categorize
computer use. Let BCU(x, t) represent the behavior score of user x for computer use in
leisure time. Then, the following equation is valid:

BCU x; tð Þ ¼ f CU
NCU ðx; tÞ

t

� �
¼

0; 0pNCU ðx;tÞ
t o1:43

�0:5 1:43pNCU ðx;tÞ
t o3:43

�1 NCU ðx;tÞ
t X3:43

8>><
>>: (9)

where NCU(x,t) represents the total number of hours spent on using computer in t days.

3.7 Behavior score
LetWGRB(x,t) denote the behavior score for user x. We defineWGRB(x,t) via the following
equation by using the previously obtained scores:

WGRB x; tð Þ ¼ 1
N

XN

k¼1
wkBk x; tð Þ (10)

where N is the number of behavior of users as listed above (i.e. WGRBs) and wk is weight
of kth behavior.

Example. Consider WGRB of a user, Tom, for a given period, say a week. The weight
assigned to each behavior is 1. Suppose the information provided by Tom is
as follows:

• days of eating breakfast: 4 (NBE¼ 4);
• days of having 400 g or more FV: 3 (NFV¼ 3);
• hours spent watching TV: 27 (NTV¼ 27); and
• total minutes of exercise: 120 (NAA¼ 120).
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Then, the behavior score of Tom for that week can be calculated as:

WGRB Tom; tð Þ ¼ 1=4� 0þ0þ �1ð Þþ0
� � ¼ �0:25

Given the assumption that a user uses a mobile app to track his/her WGRB, we attempt
to consider all factors that may contribute to weight gain and use them to model the
user behavior. This measure is provided to quantitatively measure the behavior of a
user. Usually, a negative number indicates that the user has an unhealthy lifestyle,
which may contribute to weight gain. A positive number represents the health degree
of the user lifestyle. Therefore, the lifestyle is healthier as the number is larger.

4. Behavior network
We develop a behavior network using the output scores obtained from Section 3. We were
inspired by the studies of peer effect in adolescent obesity (Trogdon et al., 2008; Ali et al.,
2011). Suppose a user joins a social network that consists of friends with healthy lifestyle.
This user tends to adopt similar behavior, and thereby reduces the risk of weight gain.

4.1 Definition: behavior network
Consider social graph G of node x, in which each connected node is complemented with
its behavior score. The score for this behavior network of the node x can be defined via
the following equation:

NB xð Þ ¼ 1
N

XN

k¼1
wkWGRBk (11)

where wk represents the weight of the kth friend,N is the total number of friends of x, and
WGRBk is the behavior score of the kth friend. The defined behavior network provides a
method to evaluate and verify the effect of social ties with respect to the target person.
Obviously, a higher score in behavior network implies a healthier environment.

Example. Consider a social graph as shown in Figure 2. Suppose the weight for each
friend is one. Then, NB score for user u is calculated as NB(u)¼ 1/6×
{(−0.5)+(−0.25)+0.5+0.4+(−0.1)}¼ 0.0083.

In this study, we assume that the behavior of friends will affect the weight loss process of
the user. We use NB(u) to measure one’s social ties in terms of whether they promote a
healthy lifestyle or whether they will help in the weight loss process. If one gains highNB(u),

u

3

1

2

6

4

5

WGRB1 = –0.5

WGRB5 = 0
WGRB2 = –0.25

WGRB3 = 0.5

WGRB4 = 0.4

WGRB6 = –0.1

Figure 2.
Social graph

complemented with
behavior score
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then his/her social network can positively influence his/her weight loss. By contrast,
if one’s NB(u) is low, then he/she is in a social network that may hinder his/her weight
loss process.

4.2 FRHW algorithm
We include all parts of our method into FRHW algorithm that can be run in the
computer. The pseudo codes are shown below. As a preliminary setting, the number
of friends of a user is known. This algorithm calculates profile similarity, the number of
profile items, the possible values for each profile item, and the number of users who
have specific values for a profile item. Then, the profile and network similarities of each
user are computed with respect to other users in the database. After generating the
WGRB score of users, this algorithm is run to calculate NB value for each user. Finally,
the four values obtained above are combined to get final score of FRHW.

N denotes the number of records in database, Np is the number of profile items in a
profile, NWGRB is the number of WGRBs, and w(·) corresponds to weight function:

Algorithm: FRHW
Description:
for u←1 to N, do

FG(u).E←get number of friends of u
end for
//Get Statistical Data for Each Profile Item
for each profile item i in profile

for each possible value ix of i
f(ix)←get number of users whose i is equal to ix

end for
end for
for u←1 to N, do

for v←1 to N, do,
if u¼ v
continue
end if
//Compute Profile Similarity
for each profile item i in profile

if f(iu)¼ f(iv)
OFi(u,v)¼ 1

else
OFi u; vð Þ ¼ 1

log 1þ N
f iuð Þþ N

f ivð Þ

� �
end if
P(u,v)¼P(u,v)+w(i)OFi

end for
P(u,v)¼P(u,v)/Np
//Compute Network Similarity
9MFG u; vð Þ:E9←get number of common friends of u and v
if 9MFG u; vð Þ:E9 ¼ 0

NS(u,v)¼ 0
else

NS u; vð Þ ¼ Log 9MFG u;vð Þ:E9ð Þ
Log 2n9FG uð Þ:E9ð Þend if
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end for
//Compute Scores for Weight Gain Related Behaviors (WGRBs)
for each weight gain related behavior, Bi:

Bi(u)←get behavior score of user u
WGRB(u)¼WGRB(u)+w(Bi) Bi(u)

end for
WGRB(u)¼WGRB(u)/NWGRB

end for
for u←1 to N, do

if |FG(u).E|¼ 0
NB(u)¼ 0

else
for each friend of user u, v

NB(u)¼NB(u)+w(u,v)*WGRB(v)
end for

NB(u)¼NB(u)/|FG(u).E|
end if

end for
for u←1 to N, do

for v←1 to N, do,
if u¼ v

continue
end if

FRHW(u,v)¼w(P)* P(u,v)+w(NS)* NS(u,v)+w(WGRB)* WGRB(v)+w(NB)* NB(v)
end for
rank FRHW scores for u

end for

5. Experiments and analyses
5.1 Data preparation
Our experiments adopted the data from a Health Behavior in School-Aged Children
survey that was conducted in the USA during the 2009-2010 cycle. The survey focussed
on the experiences and attitudes of school-aged children toward various health-related
behaviors, including dietary habits and physical activities. The data were collected
through questionnaires. A total of 314 schools participated in the survey and 12,642 valid
samples were collected. Additional details on this survey could be found in Iannotti
(2013). By considering only those subjects who aimed to lose weight, we reduced the data
set to 2,320 subjects. Table II summarizes the features of our subjects.

The profile items used in the experiment include gender, age, race, grade, height, and
weight. Height and weight were quantized while other items are categorized by
following codebook of the survey. For dietary behavior, we considered FV intake,
skipping breakfast, and frequency of eating fast food. For aerobic activity, we employ
the hours of spent watching TV, the hours of spent playing video/computer games, and
the hours spent for exercise.

Given that the survey was in the form of a questionnaire, all aforementioned
behaviors and their corresponding option values were coded in the original data set.
As the first step of this experiment, we ran a MATLAB program to match these codes
to our behavior models. To embed the subjects in a social graph, we used NetworkX,
a Python language software package, to generate a network according to the
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Barabási-Albert model (Albert and Barabasi, 2002). NetworkX is a scale-free network
that follows power laws. More details on the software can be found in https://networkx.
github.io/. Each newly imported user is connected to four nodes of the existing
network. Subsequently, we ran a MATLAB program that followed the persudo-code
and obtained a 2320×2320 matrix. Each row represented the information and the sorted
FRHW score of a user.

5.2 Competitors of ranking measures
To compare the results, we examined representative similarity measures in past
studies, such as L1 norm (Akcora et al., 2011); OF similarity for profile, and network
profile similarity (NPS) measures (Spertus and Sahami, 2005). This section describes
methods to calculate the competitors.

Frequency

1. Gender
Female 1,245
Male 1,074
NA 1

2. Weight status
Underweight 32
Healthy weight 751
At risk of being overweight 514
Overweight 562
NA 461

3. Ethnicity
Black or African American 367
White 1,065
Asian 79
Hispanic 491
Two or more races 152
Others 65
NA 101

4. Age
10 yrs old 191
11 yrs old 304
12 yrs old 420
13 yrs old 446
14 yrs old 405
15 yrs old 372
16 yrs old 156
17 yrs old 24
NA 2

5. Grade
Grade 5 281
Grade 6 353
Grade 7 453
Grade 8 438
Grade 9 407
Grade 10 388

Table II.
The five features
of the data set
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The definitions of L1 norm for network similarity (L1N) and profile similarity (L1P)
are represented below:

L1N u; xð Þ ¼ F uð Þ\F xð Þ
�� ��
F uð Þ
�� �� F xð Þ

�� �� (12)

L1P u; xð Þ ¼ 1
9I9

Xn

k¼1

1; I k uð Þ ¼ I k xð Þ
0; otherwise

(
(13)

where |F(u)| is the friend of user u, |F(u)\F(x)| is the mutual friends of u and x,
Ik(u) is the value of the kth profile item for user u, and |I| is the number of items
in profile.

For NPS, we combine and calculate network and profile similarities using the
following equation:

NPS u; xð Þ ¼ NSnorm u; xð ÞþPnormðu; xÞ; (14)

where NSnorm(u,x) is the normalized network similarity value with respect to user u and
stranger x and Pnorm(u,x) represents the normalized profile similarity value.

5.3 Measurements for evaluations
Considering the suggestion of Christakis and Fowler (2007), the recommended people
should not be obese because it will increase the risk of weight gain for the target user.
Given that the user is surrounded by friends with healthy weight, the establishment of
the correct perception on body image is also helpful. Based on this assumption, the first
measurement used to evaluate measures can hold.

5.3.1 The first measurement. Given a possible friend e, a ranking measure rkmi
wins over another ranking measure rkmj if the number of healthy weight users in top
k users recommended according to rkmi, denoted as NRKMi(e,k), is higher than the
number obtained according to rkmj, denoted as NRKMi(e,k)WNRKMj(e,k). Similarly,
when NRKMi(e,k)oNRKMj(e,k), a loss for rkmi occurs; when NRKMi(e,k)¼NRKMj(e,k),
a draw is recorded.

The average behavior score of a recommended friend reflects the lifestyle of this
friend. The second measurement evaluates and verifies the different measures.

5.3.2 The second measurement. Given a possible friend e, a ranking measure
rkmi wins over another ranking measure rkmj, if the average behavior score of e top
k recommended friends is higher than the value obtained by rkmj, denoted as
AVGRKMi(e,k)WAVGRKMj(e,k). Similarly, when AVGRKMi(e,k)oAVGRKMj(e,k),
a loss for rkmi occurs; when AVGRKMi(e,k)¼AVGRKMj(e,k), a draw is recorded:

Example. Suppose two friend recommendation solutions, A and B, exist. Then,
we obtain the top five recommended friends by A and B for a specific
user Tom, separately. The behavior scores for these candidates are
retrieved (see Table III). The average behavior score of A is AVGRKMA
(Tom, 10)¼ 1/5×(1−1+0+1+1)¼ 2/5; the average score of candidate B
is AVGRKMB (Tom, 10)¼ 0. Then, we conclude that A is better than
B in this test case.
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5.4 Results and discussions
The proposed measures were more suitable for recommending friends with healthier
lifestyles. Our experiments computed and ranked the similarity values, and then
compared the Top k (k¼ 10 in our experiments) recommendations for each user. The
comparison result was based on weight status of the recommended friends as shown
in Table IV.

Weight status was considered by FRHW and its competitors, but FRHW performed
better because it recommended more friends with healthier weight, with the max in the
quantity of win (i.e. 1,743) and the min in the quantity of loss (i.e. 522). This result showed
using FRHW performed better than other competitors. L1N did not account for the profile
items in the calculation. Profile items including age, height, and weight were significantly
associated with the weight status. Compared with the other three measures of L1p, OF,
and NPS, the result had a positive effect on the performance of FRHW.

On the weight loss cases, several users with unhealthy weight were recommended
repeatedly because of the high behavior scores. For example, 91 overweight or at risk of
being overweight subjects were recommended for ten or more times in loss cases for
L1P, accounting for 92.6 perecnt of the recommendations. The median behavior score of
these subjects was 0.82, within a range (0, 1). We observed that the same situation
occurred on the equal cases. A possible reason is that people who intend to lose weight
purposely choose healthy behavior. Meanwhile, those changes cannot be reflected on
their weight status in a short time.

Furthermore, we compared the subjects who were not willing to lose weight. A total
of 2,320 subjects were randomly selected from the identical data set while preserving
the same proportion of weight status. Table V shows the results of the comparisons.

Win Equal Loss

FRHW vs L1N 1,743 55 522
FRHW vs L1P 1,107 313 900
FRHW vs OF 1,087 373 860
FRHW vs NPS 1,090 372 858

Table IV.
The comparison
results of
Top k (k¼ 10)
recommended friends
with healthy weight

Solution Behavior scores

A 1 −1 0 1 1
B 1 −1 −1 0 1

Table III.
Behavior scores of
top 5 recommended
friends

Win Equal Loss

FRHW vs L1N 1,773 149 398
FRHW vs L1P 1,367 275 678
FRHW vs OF 1,288 387 645
FRHW vs NPS 1,289 386 645

Table V.
The comparison
results for people
who do not want
to lose weight
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The best result can be achieved when the weights for both WGRB and NB increased
because WGRB was more associated with weight status in this group.
The average behavior scores obtained using FRHW were higher than that obtained
from competitors. The result showed that our approach can reasonably help
construct a healthier living environment and to optimize the behavior of target
users. This experiment also has some limitations. First, the size of data set was
relatively small. Second, this experiment assumed that users will provide full
information of their WGRB, but in the real world, this assumption is not true all
the time. Third, the subjects in our experiment were school-aged children rather
than the general population. Validation of FRHW on larger data sets would be
appealing.

6. Conclusions
Social network is the grouping of individuals into specific groups by basically
communicating via the internet and/or mobile technology. Body weight management
through social networking is more effective than conventional means because it is
highly conducive to connect people based on shared interests and goals, which could be
free of geographical limitations. Despite well-documented role and value of using social
network in overweight or obesity intervention in past studies, the measures that link
them together were rarely explored. To develop a healthy living environment for people
in need, we developed an approach which utilized data obtained from weight loss apps
to recommend friends who have healthy weight and lifestyle. The benefit of our
approach is to relieve the burden of searching, as well as fully utilizing the data
gathered by weight loss apps.

This study systematically elaborated four key components of FRHW, namely,
network and profile similarities (Section 2), methods for scoring WGRB (Section 3),
and behavior network (Section 4). We validated that our method can properly
examine the dietary behavior and the level of physical activity of users. We
suggested a series of WGRB that can be considered in apps. We developed methods
to score each of them. A novel “behavior network” was constructed upon acquisition
of behavior scores. The proposed measure was tested on a real data set with
2,320 subjects. We used two measurements as criteria to evaluate our method and
conducted the comparisons. Our experiment examined two aspects of recommended
friends, namely, the weight status as the first measurement and the average
behavior score as the second measurement. The comparison results showed that
FRHW had the better ability to recommend friends with healthier lifestyle to the
target users.

The theoretical implications of this study include the extension of conventional
friend recommender that only considered the similarities between pairs of
people to the solid user-oriented considerations. For the practical implications, the
present approach in terms of developed measures modeled WGRB and pioneered
to construct a new form of social networking called “behavior network,” which
could be valuable for the development of software apps. In the future, we plan to
explore how each WGRB affects the outcome of a weight loss program. Given that
weight loss is affected by various factors, we cannot easily determine the weight
for each behavior in the WGRB score calculation. We hope to obtain data from real
weight loss applications and analyze the correlation between a specific WGRB and
outcome. The findings of this study can be applied to weight loss app, particularly
to help their users achieve better results. We also want to know how these
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behaviors spread through an online social network. To achieve this goal, a method
for identifying the influences of recommended friends and their roles as weight
loss companions must be developed.
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