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To my mom… 

 

We are all involved in social networks, 

the human property of evolution. 

We fight to adapt in a web of trust, 

we blink our eyes with love and lust. 

We are all involved in social networks, 

the emergent cause of our complexity. 

We are the lambs of our reason, 

we live the rules of our vision. 

 

Felipe Montes, July 4th, 2014. 
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Abstract 
 

This work aims to design a system for describing, analyzing and implementing physical activity (PA) 

interventions by using information and communication technologies from a complex systems 

perspective. In the first chapter, I present an observation of PA interventions as a system. In the 

second chapter, I group PA interventions by categories and I provide a review of reviews of the 

reported effects around the globe. I conclude that the effect size of those interventions is, in most 

of the cases, low or moderate. In the third chapter I propose a model for measuring the potential 

effect of PA interventions through megatrends, specifically mobile phones and internet. I conclude 

that there is a potential effect for PA promotion through internet and mobile phones around the 

globe given that the internet and mobile phone access is high even if the countries income is low.  

Given that megatrends are behavioral changes observed in population which are driven by social 

relations, understanding the spread of behaviors through social relations can be crucial for 

improving the use of megatrends for the spread of healthy behaviors during a PA intervention. The 

social network analysis provides a natural framework for modeling behavioral spreading 

processes, and allows exploring strategies for designing an intervention in order to transform a 

social system. For that reason in the fourth chapter I explore models for representing spreading 

processes in social networks where the spreading drivers are interaction or social pressure. Then I 

propose a stochastic variation of the deterministic threshold model for representing behavioral 

spreading processes that could simulate the expected adoption of a behavior during the 

implementation of a community-based intervention.  

A main challenge in the implementation of a public health intervention is the selection of the seed 

individuals for initializing the intervention. It is necessary to plan a sampling strategy in order to 

target the majority of the community and potentiate the effectiveness of the intervention at a low 
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cost. For addressing that problem, in chapter five I compare different strategies for identifying 

seed spreaders in a social network which are the key actors that have to be targeted for initializing 

the intervention. I propose two new strategies that are based on detecting key individuals in each 

of the communities detected in the network and I compare the spreading efficiency of those 

strategies with an intervention initialized in individuals that are in the center or core of the 

network. I discuss in which cases one strategy should be considered over the others, depending on 

the social network topology. Finally, I present a case study of a real field experiment for 

determining the effect of a PA intervention through mobile phones that we developed with the 

EpiAndes research group in three schools of Bogotá (Colombia).  
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Chapter 1: Designing a system for potentiating physical 

activity interventions 

 

1.1. Physical activity: a critical factor for chronic diseases prevention 

Over the last decade, the global public health focus has shifted toward the increasing burden of 

non-communicable diseases (NCD). The World Health Organization (WHO) estimated that 60% of 

global deaths in 2005 were due to NCDs, and 80% of these occurred in low and middle income 

countries (Figure 1). The projected prevalence of overweight for 2015 (Body Mass Index > 25 

kg/m2) is greater than 25% for women aged 30 and above worldwide. In the Americas, the 

prevalence of overweight for women aged 30 and above is projected to be greater than 50% for 

2015, with cases like USA and Colombia reporting more than 75% overweighed women (Figure 

3)1;2. 

Worldwide, global physical inactivity (PI) caused more than 5.3 million of the 57 million deaths 

that occurred in 2008 with around 31.1% physically inactive adults 3. It is estimated that by 

decreasing PI by 10%-25%, mortality per year could diminish by 533000-1.3 million deaths 4. In the 

Americas about 43% of adults are physically inactive and the prevalence rises with age, being 

higher in women than in men. For children, the proportion of 13—15-year-olds doing fewer than 

60 min of moderate to vigorous PA (MVPA) per day is 80.3% with boys being more active than 

girls3. 

According to the National Nutritional Survey in Colombia (Encuesta Nacional de la Situación 

Nutritional en Colombia [ENSIN]) in 2005 13.9% of children (aged 5-17 years) were overweight or 

obese, by 2010 this prevalence raised to 17.5%. Regarding PA, 74% of Colombian children (aged 
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13-17 years) do not meet PA recommendations 5-7. These rates are turning the attention of health 

policy concern for NCDs prevention. Most specifically in Bogotá, the capital of the country with 

around 7 million habitants, the prevalence of being exposed to PI is 53.2% 8. This important 

percentage attributes to PI 7.6 % of total mortality and 20.1 % of mortality caused by NCDs. 

Nonetheless, 5 % of mortality attributed to NCDs could be prevented by reducing the prevalence 

of physical inactivity by 30 % 8. 

1.2. A systemic framework for potentiating physical activity interventions 

For achieving the recommendations, several PA interventions have been implemented around the 

globe. In general, PA interventions can be classified in community-based, health care interventions 

and other sector (Figure 4a.) where classification groups are not mutually exclusive. Community-

based interventions are interventions that are designed for a specific community, for example 

active pauses in organizations, PA programs for schools, 10k events in the city. Health care 

interventions are an initiative of the health care system. An example of health care intervention is 

clinical medication of PA doses to patients for recovering fitness. Finally, other sector 

interventions are those interventions that are not designed for promoting PA as a main objective 

but they produce PA. An example of other sector intervention is a pedestrian trail which has been 

constructed for and facilitating transportation by connecting two neighborhoods and produces an 

environment for people walking.  
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a. 

 

 

b. 

 

Figure 1: Principal causes of mortality in the world. a. Males, b. Females 1 

 

Figure 2: Number of deaths attributed to the 19 main risk factors. 
Classified by country income level, 2004. 9 

 

Figure 3: Projected prevalence of overwieght (BMI*≥25 kg/m2), women aged 30 and 
above, 2015 9 
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In the case of clinical and community interventions, the population covered is small and the 

interventions are often expensive. By contrast, the greatest portion of world population is covered 

by PA interventions that belong to other sectors than health, for example PA for transportation by 

walking or biking. As the interventions are not designed for promoting PA, the health sector does 

not have control on design, implementation or monitoring over them. In order to improve PA 

interventions and potentiate their effect, it is crucial to understand the factors that may drive a 

society for adopting healthy behaviors. For that purpose, a multidisciplinary approach permits to 

observe the PA interventions as a system, to analyze the effect of interventions worldwide, and to 

implement strategies for potentiating their effects.   

The greatest portion of PA interventions is reported from the high income countries where less 

than the 20% of the population lives creating a mismatch among the evidence and the worldwide 

impact in PA promotion10. In order to potentiate PA promotion to the middle-low income 

countries where the majority of the population is allocated, I propose to implement PA 

community-based interventions by considering megatrends in the framework (Figure 4b.). 

Megatrends are behavioral changes observed in population that are driven by social relations. In 

that way, understanding the spread of behaviors through social relations can be crucial for 

improving the use of megatrends for potentiating PA interventions. The social network analysis 

provides a natural framework for modeling behavioral spreading processes, and allows exploring 

strategies for designing an intervention in order to transform a social system. For that reason I 

propose to consider social relations as drivers for behavioral spreading in the framework (Figure 

4c.). 
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a.  b.  c.  

 

  

Figure 4: Proposed framework for potentiating Physical Activity interventions. a. Classification of PA interventions. b. 
Potential effect of PA interventions through megatrends. c. Social networks as drivers for promoting PA. *The arrows 
represent a transition among two parts of the dissertation.  

 

1.3. Modeling an intervention as a system  

Let   be a system composed by a community, an intervention and a spreading process (Figure 5). 

PART 1* PART 2* 
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Figure 5: A systemic physical activity intervention model  

V is the set of individuals of the community represented by nodes            . D is the set of 

social relations among individuals             represented by edges. S is a supernode that 

represents the external actor that is implementing the intervention to the community. L is the set 

of external influences that the supernode exerts over some of the community members.   

The objective of the following chapters is to provide methods from a complex systems perspective 

to potentiate the spreading of healthy behaviors from the supernode to the community members 

and to incorporate the adoption of those behaviors through social relations.  
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Chapter 2: Physical activity interventions: a review 
 

In this chapter I present a review of physical activity (PA) interventions around the world that we 

carried with the Lancet Physical Activity Series Working Group. The interventions were classified 

and effect sizes of the interventions were calculated. At the end of the chapter I present main 

points observed in successful interventions and key messages for potentiating the effect on PA. 

This work was published in 2012, for more information please refer to 11. 

2.1. Physical activity interventions review methodology 

We summarized representative evidence-based physical activity interventions from throughout 

the world that are linked to a broad understanding of health promotion and disease prevention at 

the national, state and regional, and local levels. We did a systematic review of reviews to assess 

the present evidence. We searched the Database of Abstracts of Reviews of Effects (DARE), the 

Cochrane library, TRIP, PubMed (Medline), the American Psychological Association, National 

Guidelines Clearinghouse, and the System for Information on Grey Literature in Europe (SIGLE; 

OpenGrey) for systematic reviews of physical activity interventions in any language. The search 

was limited to reviews published between Jan 1, 2001, and July 31, 2011 (PubMed search was 

between Jan 1, 2000, and Dec 31, 2011). Search keywords were “physical activity”, 

“interventions”, “systematic review”, “meta-analysis”, and “adults”. The total number of merged 

records in all datasets was 1547, of which 100 reviews met the criteria for inclusion. These reviews 

were abstracted and summarized. We undertook further examination of internationally 

represented evidence-based programs to supplement the search. The table 1 shows 

characteristics of reviewed studies.  
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Table 1: Characteristics of reviewed studies.  

2.2. Effect estimates of physical activity interventions 

Additionally, the effect-size estimates (mean net percentage change calculated with data from our 

review of reviews) provided the opportunity to separate out estimates for several different 

settings (eg, workplaces), populations (eg, older adults), or intervention types (eg, behavioural 

approaches; figure). Although some estimates of effect size are small (0·16 for computer-tailored 

interventions), others are moderate (eg, after-school programmes; Figure 4). Overall, these data 

show that specific interventions consistently have modest to substantial effects on physical 

activity behaviour. 



21 
 

 

Figure 6: Mean effect-size estimates from original systematic reviews. All are mean effect size and 95% CIs, unless 
otherwise indicated. *Index. †Range. 

We used previous work 12;13 to divide evidence-based intervention strategies into categories of 

varying effectiveness with the criteria from the systematic reviews. The first is interventions to 

promote physical activity; they have been collectively and systematically reviewed to assess their 

effectiveness. Second, promising practices from recommended interventions were identified that 

either singly or collectively have shown some effectiveness but do not adhere completely to the 

evidence-based criteria used in reviews. Third, emerging intervention strategies have been 

assessed, peer-reviewed, and reported, but are so new that they have not yet been incorporated 

into systematic evidence reviews. 

2.3.  Physical activity Interventions classification  

We classified intervention strategies according to domains established by the guide to community 

preventive services. These domains are used because they conveniently capture most physical 

activity intervention strategies delivered throughout the world and consist of descriptors that are 
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also in other international recommendation documents 9;14;15. Campaigns and informational 

approaches—ie, strategies to change knowledge, attitudes, and behaviour within a community—

to promotion of physical activity form one domain. Another is that behavioural and social 

approaches aim to teach people behavioural management skills that are necessary for successful 

adoption and maintenance of behaviour change, and to create organisational and social 

environments that enable and enhance change. A third is that environmental and policy 

approaches are designed to structure physical and organisational environments so that people 

have accessible, safe, attractive, and convenient places to be physically active. 

With Roux and colleagues' criteria, 16 we selected strategies for inclusion here on the basis of 

several criteria: recommended by the original review; represented at least one of the three 

intervention domains; studied in children, adolescents, or adults without established disease; 

intervention lasted 3 months or longer; had a detailed study protocol; and had a measure for 

physical activity outcomes. 

2.4. Key messages and tasks for potentiating Physical Activity interventions 

Community tasks that lead to successful interventions are: 

 Set aside sufficient resources to effectively inform, educate, and empower their residents 

to achieve recommended levels of physical activity where they live, work, and learn 

 Mobilise intersectoral partnerships to develop effective strategies through informational, 

social, and behavioural, and policy and environmental approaches to physical activity 

promotion 

 Develop policies and plans for policy implementation and assessment that support 

individual and community efforts to promote physical activity and active living 
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 Use evidence-based and promising practice methods for planning and implementation of 

community-based physical activity interventions and communication of physical activity 

messages 

 Implement innovative new interventions and ensure they are assessed to add to the 

evidence base 

 Understand and promote active living principles through national, regional or state, and 

community partnerships to organise and support active transport, active sport, and active 

recreation 

 Understand and apply key components of evidence-based approaches to assessment of 

physical activity promotion 

 Form partnerships with public health agencies to undertake routine surveillance of 

physical activity and inactivity behaviours in community-specific residents, such as specific 

health, environmental, and policy correlates 

 Provide training and capacity building in partnership with other community organisations 

in use and adaptation of evidence-based physical activity interventions 

The informational approaches of community-wide and mass media campaigns and short 

physical activity messages targeting key community sites are recommended. Behavioural and 

social approaches are effective, introducing social support for physical activity within communities 

and worksites, and school-based strategies that encompass physical education, classroom 

activities, after-school sports, and active transport. Recommended environmental and policy 

approaches include creation and improvement of access to places for physical activity with 

informational outreach activities, community-scale and street-scale urban design and land use, 



24 
 

active transport policy and practices, and community-wide policies and planning. Thus, many 

approaches lead to acceptable increases in physical activity among people of various ages, and 

from different social groups, countries, and communities.  
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Chapter 3: Potential effect of physical activity interventions 

through megatrends  
 

In order to address the recommendations and key messages from the review of reviews, an out of 

the box approach was proposed: The use of megatrends for potentiating PA interventions. With 

the Lancet Physical Activity working Group we proposed a simulation model and case studies for 

supporting that approach. For more information please refer to 10. 

3.1. Megatrends and Physical Activity 

The challenges and opportunities in prevention of non-communicable diseases indicate 

several important megatrends—defined as major forces in societal development that are likely to 

shape people's lives during the next 10—15 years. Many of the actions that affect population 

levels of physical activity might occur outside the health sector and potentially be shaped by 

megatrends. Factors such as environmental justice and social equity, economic and technological 

development, transport, urbanization, pedestrian-oriented urban development, and global 

communication could have much greater effect on physical activity than do strategies derived 

from a traditional medical or public health perspective. Environmental justice refers to the need to 

improve environmental conditions for populations challenged by poverty, poor education, and 

scarcity of resources 17. These conditions are closely related to social inequity, which implies an 

unfair distribution of social, cultural, and environmental resources between advantaged and 

disadvantaged groups 18;19 Environmental conditions include the built environment, public space, 

and other structural factors that affect health behaviours such as physical activity.20-22 Addressing 

of inequalities in access to facilities, safe public spaces, and other supports for active lifestyles is 

often the first step in promotion of physical activity. The growth of information and 

communication technologies such as the worldwide web and mobile phones provides new 
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opportunities for delivery of physical activity interventions, but also poses challenges for 

upholding of principles of social equity across the digital divide. Similarly, the potential physical 

activity benefits of new public transport and pedestrian and bicycle route networks might be 

threatened by increasing ownership and use of private cars, particularly in countries with low and 

middle incomes. 

We aimed to improve understanding of the effectiveness and potential effect of interventions to 

address the global burden of physical inactivity. We had five objectives: (1) to assess the potential 

effect of megatrends in information and communication technologies and transport on physical 

activity; (2) to use the findings of a targeted review of physical activity interventions to guide 

development of a simulation model; (3) to model the changes in population physical activity that 

are potentially attributable to and affected by these megatrends within the clinical, public health, 

and intersectoral domains; (4) to illustrate key issues through case studies; and (5) to provide 

policy-related recommendations related to the findings of the analyses. 

Physical activity promotion has developed in recent decades from a focus on individual behaviour 

change to the wider societal and environmental determinants of health-related behaviour. 23;24 

Two major themes of contemporary societal change are the development of information and 

communication technologies and the growth in use of motor vehicles. Both these megatrends 

could have a bearing on the promotion or maintenance of physical activity in populations, 

especially because differential access to these technologies, across and within countries, could 

affect existing health inequalities. They should therefore be considered through the perspective of 

social equity in assessments of their potential to reach and influence individuals, particularly those 

in greatest need of low-cost interventions 25. 
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3.2. Information and communication technologies 

Information and communication technologies are expanding very rapidly worldwide. Access to the 

internet, for example, increased enormously from 1997 to 2009 (from 0·01% to 4·3% of the 

population in low-income countries; from 0·21% to 23·8% in middle-income countries; and from 

11·2% to 51·9% in high-income countries). Mobile phone access increased similarly from 1997 to 

2009 (from 0·05% to 28·9% in low-income countries; from 1% to 71% in middle-income countries; 

and from 17·9% to 96·3% in high-income countries). These large increases present a challenge for 

identification and testing of effective technologies to change health behaviours. Physical activity is 

one of many health behaviours that have the potential to change substantially as a result of 

increasing availability of information and communication technologies and of technology-based 

interventions. 

The internet is identified as an important source of health information by more than half its 

users30 and could, therefore, be a useful medium for physical activity interventions. Most 

research into use of the internet for physical activity health promotion has been done in the USA 

26-33 (with additional studies in Canada,34 Australia, 35;36 Switzerland, 37 and the Netherlands 38) and 

mainly on healthy but overweight and fairly sedentary white adults, especially women. 33;35;38-40 

Overall, web-based interventions show small positive effects. However, on the basis of our review, 

few internet-based physical activity trials have used program features specifically matched to 

theoretical constructs known to result in changes in physical activity behaviour and likely to 

increase effectiveness. 

Around 95% of countries have mobile telephone networks, about 70% of people worldwide use 

mobile phones, 41 and most countries have more mobile phone subscribers than fixed landlines. 42 

Much of the recent proliferation of mobile phone use has occurred in low-income and middle-
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income countries. 41;42 Mobile phones have attracted less attention than the internet for research 

on physical activity promotion.43 Although mobile phone calls can be taken on the go, delivery of 

interventions over the telephone still needs scheduling, staffing, and other resources. However, 

the more direct, personal interaction from phone calls creates a greater sense of personal and 

social support than do traditional face-to-face interventions, which is associated with improved 

health outcomes. 44 

Mobile phone short-message service (SMS) presents a promising application for delivery of 

interventions because of its widespread use in less affluent and less healthy populations. SMS is 

pervasive across cultures, socioeconomic backgrounds, and country economic development levels, 

with an estimated 4 billion users worldwide. 45 This service allows instantaneous delivery of short 

messages (maximum 160 characters) that can be accessed at a time that suits recipients, including 

when they are in situations or environments that are conducive to physical activity or involve 

making choices between active and sedentary options. SMS can also be more cost-effective than 

telephone calls and allows for two-way communication, in which participants can send 

information to elicit feedback and interact asynchronously and flexibly. 46 

The gap between people with effective access to digital and information technology and those 

without has been referred to as the digital divide.47 The idea was originally popularized with 

respect to the disparity in internet access between rural and urban areas of the USA,48;49 but it also 

refers to wider inequalities in access by sex, income, race, and location. 49 People who are 

overweight, of low socioeconomic position, and who might, therefore, stand to gain the most from 

an intervention to promote physical activity might be less likely to have access to internet 

technology. The global digital divide refers to the uneven development of the internet throughout 

the world and the associated disparities in access to information, education, and business 
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opportunities between wealthy countries and those with low and middle incomes.50-53 

interestingly, however, poor populations globally have been early adopters of mobile phones, 

emphasizing that costs are not a substantial barrier to mobile phone service. 54The highest mobile 

phone use in the USA occurs in adolescents, young adults, socioeconomically disadvantaged 

populations, and people who rent their homes or frequently change addresses. Whether 

considered within a country or globally, the digital divide that has been noted for internet access 

does not seem to be present for mobile phones (Figure 5). Therefore, mobile phones have great 

potential to reach populations that previously had restricted access to interventions or health-care 

information. 
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Figure 7 nternet users (A), mobile phone users (B), and car ownership (C), by country income. Each country in this 
density-equalising map is resized according to the number of internet or mobile-phone users or car owners with the 
Gastner and Newman algorithm. 

55
 

3.3. Simulation model for megatrends and physical activity interventions 

We designed scenarios to assess the potential effect of interventions taking into consideration the 

effects of megatrends by country income. The megatrends used in the models were internet 

access, mobile phone access, and car ownership, including the effect of fuel price on car 

ownership. The model for information and communication technology interventions included 



31 
 

those delivered directly via these technologies and the facilitating effects of the technologies on 

other physical activity interventions. The model for car ownership included the relation between 

active travel time (as a proxy for physical activity) and private car ownership. The models are 

described as follows. 

3.3.1.  Probability distributions of internet and mobile phone access per country income-level. 

For each country, we divided the number of internet and mobile phone users by the total 

population obtaining the internet and mobile phone access per country. Then we classified the 

data obtained per country income-level. Finally we used the Anderson-Darling (A-D) goodness of 

fit test in order to obtain the internet access (Ac,internet) and mobile phone access (Ac,mobile) 

probability distributions by country income-level (Table 2). The test for fitting the potential effects 

of physical activity interventions as random distributed variables considered the existing 

distributions: Normal, Uniform, Gamma, Log-Normal, Weibull, Beta, Erlang, and Exponential.    
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Country Income Level Probability distribution of megatrend access Test p-value 

Internet access   

Low Income Gamma (shape=0.45, scale=0.09) 0.806 

Middle income 0.01 + Gamma (shape=1.26, scale=0.25) 0.004 

Lower middle income 0.01 + Weibull (shape=1.07, scale=0.12) 0.651 

Upper middle income -0.38+ Gamma (shape=17.49, scale=0.04) 0.237 

High income -0.69+Weibull (shape=7.48, scale=1.38)  0.538 

Mobile phone access   

Low income -0.02 + Weibull (shape=1.51, scale=0.35) 0.492 

Middle income 
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Lower middle income -0.48+Weibull (shape=4.40, scale=1.14) 0.697 
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0.018 

Table 2: Internet and mobile phone access distribution by country income level using the Anderson-Darling goodness 
of fit test. 

  



33 
 

3.3.2.  Effect estimates of physical activity interventions  

 

Effect estimates were obtained from the following meta-analyses (Table 3): (1) the overall mean 

effect size and the mean effect (min/wk) from a meta-analysis of interventions among healthy 

adults;56 (2) the mean effect size from a systematic review of web-based interventions; 40 (3) the 

mean effect size from a systematic review of telephone interventions; 57 (4) the mean effect 

(min/wk) from a randomised controlled trial of a mobile phone intervention; (5) the pooled 

random mean effect size for community interventions;58;59 and (6) the pooled random mean effect 

size of clinical interventions 58;59. Effect estimates of clinical interventions were adjusted by a 

population-wide impact that was assumed to range from 2.6% to 40%, based on elements of the 

Re-AIM framework.60  

 

Table 3: Effect estimates used for simulation models. 

  

Intervention Systematic review/study year/search period Standardised mean effect Effect estimate in minutes

Overall: Intervention to 

increase physical 

activity among healthy 

adults

Conn V etal, 2011 (search year  1960-2007) 
5 0.19, 95% CI (-0.14-0.53) 14.7 min/wk; range (-11 - 40.3)

Telephone interventions Eakin E G & et al, 2007 (search year 1965-2006) 
7 0.50; range (0.24-1.19)

Website Vandelanotte, 2007 (search  year up to 2006) 
6 0.44; range (0.13-0.67)

Michie  et al,  2009 (search year  1990-2008) 
9 

0.31, 95% (CI 0.26-0.38)

Foster C et al  2004 ( search year up to 2005) 
13

0.28, 95%CI (0.15-0.41); 0.52, 95% CI (0.14-0.90)

Pooled effect for simulaton 0.34, 95% CI (0.26-0.41)

Foster C et al  2004 ( search year up to 2005) 
13

0.28, 95%CI (0.15-0.41); 0.52, 95% CI (0.14-0.90)

Lin JS, 2010 (search year 2001-2009)
14

0.16, 95%CI (0.10-0.22)

Michie  et al,  2009 (search year  1990-2008) 
9 

0.31, 95% CI (0.26-0.38)

Pooled effect for simulaton 0.33, 95% CI (0.25-0.40)

Car ownership Adams J (crossectional study 2010) 
11 Beta= -6 min/day;  95% CI (-12.04 - -0.32)

CI= confidence interval  

Community 

Clinical
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3.3.3. Potential effect of interventions delivered using information and communication 

technologies (ICT). 

 

The potential effect δc,j,t of intervention j via ICT t by country income  level c was calculated as: 

TtJjCc
N

AE
N

i

tciji

tjc 


 ,,,

*
1

,,,

,,
 

Where:  

C is the set of country income levels: low, lower-middle, middle, upper-middle and high. 

T is the set of information and communication technologies (ICT): internet and mobile phone.  

J is the set of interventions modeled: overall, web-based, telephone, community and clinical. 

Ai,c,t corresponds to megatrend t access i simulated using Monte-Carlo method, based on the 

distribution of the megatrend t access by country income level c.  The access distributions of the 

ICT megatrends are detailed in 1.3. 

Ei,j  corresponds to a simulated random effect i of the intervention j using the Monte-Carlo 

method. Estimation of the effects is detailed in 1.4.  

N is the number of Monte-Carlo simulations (N = 10000). 
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3.3.4. Potential effect weighted by the percentage of world population represented by country 

income level. 

We calculated a potential effect weighted by the percentage of world population represented by 

country income level c (WPE):  

TtJjCc
Pop

Pop
WPE

Ci

i

c

tcjtcj 



,,,*,,,, 

 

Where  

C is the set of country income levels: low, lower-middle, middle, upper-middle and high. 

T is the set of information and communication technologies (ICT): internet and mobile phone.  

J is the set of interventions modeled: overall, web-based, telephone, community and clinical. 

Popc represents population of country income level c. 

tcj ,,
 represents the potential effect of intervention j via megatrend t per country income level c. 

3.3.5. Potential effect of car-ownership on physical activity level. 

Using time spent in active travel (walking and cycling) as a proxy for physical activity, the average 

potential effect δc,car of trends in car ownership per group of countries c was calculated as: 

Cc
N

A
N

i

carcicari
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*
1

,,,

,




 

Where  

N corresponds to the number of Monte-Carlo simulations. 
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C is the set of country income levels: low, lower-middle, middle, upper-middle, and high. 

cari,
corresponds to the relationship between active travel time and private car ownership.61   

Ai,c,car corresponds to car access simulated using the Monte-Carlo method based on the 

distribution of car access per group of countries c (Figure 3). 

3.3.6. Potential effect weighted by the percentage of world population represented by country 

income level. 

We calculated a potential effect weighted by the percentage of world population represented by 

country income level c (WPE):  

Cc
Pop

Pop
WPE

Ci

i

c

carccarc 



,*,, 

 

Where  

C is the set of country income levels: low, lower-middle, middle, upper-middle and high. 

T is the set of information and communication technologies (ICT): internet and mobile phone.  

J is the set of interventions modeled: overall, web-based, telephone, community and clinical. 

Popc represents population of country income level c. 

carc,
 represents the potential effect of car ownership on physical activity level per country 

income level c. 
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3.3.7. Probability distribution of car-ownership access per country income level. 

For each country, we divided the number of car owners by the total population and we classified 

the country by income level according to the World Bank classification. To fit the distribution of 

Ac,car for each group of countries, we used the Anderson-Darling (A-D) goodness of fit test 

considering the existing distributions: Normal, Uniform, Gamma, Log-Normal, Weibull, Beta, 

Erlang, and Exponential (Table 4). 

Country Income Level Probability distribution of car-ownership 

access 

Test p-value  

Low Income Weibull (shape=1.12, scale=0.02) 0.815 

Lower middle income -0.03 + Weibull (shape=2.58, scale=0.12) 0.459 

Upper middle income Gamma (shape =3.28, scale=0.06) 0.529 

Middle income Gamma (shape=1.55, scale=0.08) 0.919 

High income Normal (µ=0.51, σ=0.22) 0.099 

Table 4: Car ownership access probability distribution by country income level using the Anderson-Darling goodness 
of fit test. 

3.3.8. Effect of fuel price increase on physical activity. 

The effect of fuel price increment on physical activity per country income level was calculated as: 

Ccfuelcarcfuelc  ,*,, 
 

Where: 

C is the set of country income levels: low, lower-middle, middle, upper-middle and high 
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: is the potential effect of car ownership on PA at the population level by country income 

level 

: corresponds to a reduction in car ownership with respect to an increase in fuel price 

according to a review of elasticities of road traffic and fuel consumption with respect to price and 

income.62 The reduction in car ownership is 1% in the short term (one year) and 2·5% in the 

long term (5–10 years) as the fuel price increases 10% and stays at that level. 

3.4. Results of the simulation model 

Our model showed that the potential effect of web-based interventions on physical activity, at the 

population level, is positive and varies by country income. The estimates by country income 

showed a dose-response relation (Figure 6), showing that the potential effect increases as country 

income increases (0·65 min per week for countries with low income; 1·71 min per week for lower-

middle income; 4·78 min per week for upper-middle income; and 8·88 min per week for high-

income).  

http://www.thelancet.com/journals/lancet/article/PIIS0140-6736(12)60736-3/fulltext#fig2
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Figure 8:  Potential effect estimate for information and communication technologies. (A) Internet. (B) Mobile phone. 
Clinical=interventions in a health-care setting. 

 

Because the total population of middle-income countries is much greater than that of high-income 

countries, the weighted potential effect size for middle-income countries (3·44) is double that of 

high-income countries (1·46) for the internet access contribution to the expected population min 

of physical activity per week (Table 5). 

http://www.thelancet.com/journals/lancet/article/PIIS0140-6736(12)60736-3/fulltext#tbl1
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Table 5: Potential effect of the internet on physical activity interventions (based on effect estimates from web-based 
physical activity interventions and other physical activity interventions) and the potential effect of mobile phones on 
physical activity interventions (based on effect estimates from telephone-based physical activity interventions and 
from other physical activity interventions), by country income 

 

Whereas our findings for mobile-phone-based and web-based interventions show a positive 

potential effect on physical activity at the population level, we identified a negative potential 

effect of car ownership on population-level active travel. The estimates by country income showed 

a dose-response relation, indicating a larger negative effect as country income increased (—0·12 

min per day for low income; −0·48 min per day for lower-middle income; −0·80 min per day for 

upper-middle income; and −3·11 min per day for high income; table 8). In view of the population 

distribution across countries by income, we did not expect to find a difference in the negative 

contribution to the expected min of active travel per day in middle-income countries versus high-
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income countries. When we adjusted the estimates by fuel pricing increment, the negative effect 

decreased slightly. The weighted decrement was 0 for low-income countries and 0·01 for middle-

income and high-income countries. The SD for each potential effect estimate was high, possibly 

relating to the uncertainty of the results from use of one study (Table 6). For the sensitivity 

analysis, we estimated the error of the Monte Carlo approximation accounting for the point 

estimate and its 95% CI (—6 min, 95% CI −12·04 to −0·32; table 8).   

 

Table 6: Potential effect of car ownership on active travel min per day, by country income. PET=potential effect of car 
ownership on active travel time (min per day). WPE=weighted potential effect, by population distribution. 
PEF=potential effect of 10% fuel price rise on daily min of physical activity. WPEF=weighted potential effect, by 
population distribution, of 10% fuel price rise on daily min of physical activity. 

 

3.5. Conclusions for the delivery of public health interventions to address physical inactivity 

through megatrends 

Type 1 evidence from 100 reviews of community-based and clinic-based physical activity 

interventions, including rigorous evidence-based reviews, consistently showed small 

improvements of physical activity in the short and medium terms. Effect sizes were small for 

individuals (pooled overall effect size in healthy adults of 14·7 min of physical activity per week 56), 

but large enough to promise real population-level benefits if these interventions can be applied on 
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a large scale. Geoffrey Rose's classic observation that small mean changes at the individual level 

often lead to substantially greater effects at the population level seems likely to apply for physical 

activity.98 A glaring mismatch exists, however, between where the studies on physical activity 

interventions have been done and where the potential lies for population-level effects that can 

truly affect global health (Figure 7), suggesting a scarcity of type 3 (contextual) evidence. Of the 95 

primary reviews of interventions that we identified, only eight included studies done in middle-

income and low-income countries. This disparity would be of little importance if country and 

cultural context did not matter in the selection and effectiveness of interventions. The results of 

an evidence-based review of physical activity interventions in Latin America, however, suggest 

that there are major differences between the types of physical activity interventions used in North 

and South America. 63 

 

Figure 9 : Mismatch between world population and evidence for physical activity interventions as measured by 
scientific publications. Countries in this density-equalising map are resized according to country population (A) and 
number of times a country is reported to be included in a review (B). 
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Countries with low and middle incomes account for 84% of the global population, 80% of mortality 

from non-communicable diseases, and—as shown in the simulation model—most of the potential 

increase in population physical activity. The potential effect of information and communication 

technologies and transport megatrends is also more important in countries with low and middle 

incomes than in those with high incomes, even though penetration of the technologies is greatest 

in high-income countries. An especially interesting contrast was noted between the distributions 

and trends for internet access and mobile phone ownership by country income. Internet access is 

much higher in high-income countries, whereas access to mobile phone and SMS technology is 

already almost equal in countries with upper-middle and high incomes; by 2020, this pattern is 

also likely to be true for countries with lower-middle incomes. 

This type of contextual evidence has important ramifications for delivery of public health 

interventions to address physical inactivity. The direct and potentiating effects of information and 

communication technologies are impressive compared with the pooled overall effect sizes of 

planned physical activity interventions. For example, our model predicts an effect of web 

technology on physical activity interventions in high-income countries of 9 min per week, and 

effect sizes of 14 min per week for mobile phone technology in countries with upper-middle and 

high incomes. In other words, the potentiating effects of these widespread technologies are 

roughly the same size as the mean effect size of targeted physical activity interventions. During the 

next decade, the relative reach and importance of SMS technology in low-income and middle-

income countries will further increase. Just as for research in these countries, however, little 

research exists on mobile-phone-based and SMS-based physical activity interventions. Only three 

of the 95 primary reviews that we identified focused on mobile phones, of which none included 

studies done in low-income and middle-income countries. We therefore have little knowledge of 
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the effectiveness of the types of interventions that might be potentiated by these influential 

global megatrends.  
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Chapter 4: Spreading processes in social networks: 

Information and Behaviors 

 

In social systems, individuals are exposed to different types of contagions transmitted from other 

individuals through interactions such as social relationships or contact. Such contagions can be 

described as spreading processes. Spreading processes are related to several activities in real 

world, such as epidemic outbreaks 64-67, the diffusion of innovations, the promotion of commercial 

products, and the rise of political movements 68-73. One major current challenge in the study of 

social networks is to understand spreading processes where individuals influence their peers. 

Recognizing the mechanism behind the spread of information or behaviors might be fundamental 

for applications in a variety of fields such as public health, financial markets, traffic, marketing, 

wars and politics.74 

Several studies have examined various types of spreading processes on different network 

topologies. The processes are usually modeled by varying the Susceptible Infected (SI) model 

according to the nature of the spreading and the network topology. The SI model is a 

simplification of the state of individuals to a contagion. 64;75 The SI labels each individual with two 

possible states: S if susceptible and I if infected. Each susceptible node may become infected by its 

infected neighbors and will become infected (I). Each infected node can be contagious and cannot 

recover from the infection. For the purpose of this book, I use two variations of the SI model for 

describing interaction-based and behavioral spreading processes in a social network. In the next 

sections I introduce these two types of models in details. 
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4.1. Interaction-based spreading processes 

The interaction-based spreading processes describe situations where individuals can change their 

susceptible state to infected if one or more of their contagious neighbors have contact with them. 

At time t=0, all network nodes are susceptible to infection except for a set A of initial spreaders 

that are seeded with the infection. At each time step, every infected node randomly choses one of 

its neighbors. If the neighbor is susceptible, it will become infected with probability with a 

probability  . If the neighbor is already infected, nothing happens. Every infected node is 

contagious and cannot recover from the infection. The spreading function f that determines the 

probability for a specific susceptible node of being infected at a given time reads as follows: 

 (   )  ∑ (  )   ∏   
 
     

 
         (1) 

Here g is the probability of infection by an infected neighbor and a is the number of infected 

nodes in the neighborhood at a given time. Assuming that every contagious node has the same 

probability g of infecting a susceptible neighbor, thus the contact function f can be reduced to: 

 (   )  ∑ ( 
 
)  (   )    

        (2) 

where a is the number of infected nodes in the neighborhood at a given time. 

4.2. The spread of behaviors 

One of the most important causal influences on outcomes observed in collective dynamics is the 

variation of norms and preferences within the interactive group. 74 Several studies of behavioral 

spreading through individuals in social networks have modelled and inferred causality for the 

behavioral spread and adoption. [REF] For example, Christakis and Fowler identified obesity 

spreading patterns in social networks through social mechanisms, physiological imitation, and 
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tolerance 70. Aral and Walker have identified influence and susceptibility in networks for peer 

effects in behavioral spreading processes using Facebook data. 76 For modelling the behavioral 

spreading process, I used the well-known threshold model were each individual adopts a given 

behavior if the number of adopters of that behavior in his/her neighborhood is greater than his 

tolerance to adoption.  I also constructed a variation of the threshold model which includes 

uncertainty on the adoption in order to relax the tolerance threshold (Figure 1). Both models are 

described as follows. 

4.2.1. Deterministic Threshold model 

Each node   has an attribute    equal to 1 if the node is infected and 0 if susceptible. At time t=0, 

all network nodes are susceptible to infection except for a set A of initial spreaders that are 

seeded with the infection. At each time step, each susceptible node   becomes infected if the 

exposure    to the infection is greater than a given threshold  . For each susceptible node  , the 

exposure    is calculated as the number of infected neighbors of the node divided by the total 

degree of the node:  

   
∑   

 
    

  
     (3) 

Where        ,     is the set of neighbors of node  ,   
  equals 0 if the neighbor   of the node   

is infected, 0 otherwise and    is the total degree of node  .  

The tolerance (threshold)   is an arbitrary real constant in the range [0, 1] and equal for every 

node. Every infected node is contagious and cannot recover from the infection.  

4.2.2. Stochastic threshold model 
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We extended the deterministic threshold model by considering that agents can adopt their 

neighbors’ behavior even if the exposure is not strictly higher than their tolerance. For that 

purpose, we constructed a probability function   (   ) for the adoption of each susceptible node   

as: 

  (    )  
 

   
 
(    )

 

    (4) 

 Where    represents the exposure of node  ,   represents an arbitrary tolerance (threshold) and C 

is an arbitrary constant. 

 

 

a) Deterministic Model 

 

b) Stochastic Model 

  

 
 

Figure 10: Probability of infection for each node with the threshold model a) Deterministic model, b) Stochastic 
model. γ represents the exposure of node i, δ represents an arbitrary tolerance (threshold) and C is an arbitrary 
constant. 
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Chapter 5: Identifying influential seed spreaders 

Social networks structures vary according to the way people interact with each other. 

Identifying influential spreaders according to their position in the network has been a topic in 

research in order to increase the efficiency of spreading processes. The heterogeneity of networks 

often determines the efficiency and speed of the spreading processes. In heterogeneous networks 

a small fraction of the nodes have a high number of connections compared to the majority of the 

nodes. This structure leads to recognize nodes that are more central than others. The centrality 

can be measured in terms of the number of connections, the number of times that a node belongs 

to the shortest path between all the network dyads or the average shortest distance that a node 

has to all the other network nodes. Nodes are called central if they are the most connected nodes 

(hubs), more intermediaries or at an average shortest distance to the other nodes. The central 

nodes have been identified as potential key nodes in spreading processes, high risk individuals 77, 

sensors for the early detection of contagious outbreaks, and influential spreaders 78. Nonetheless, 

recent studies argued that central nodes could be allocated in the periphery of the network having 

a minimal impact in the spreading process whereas a less connected individual placed in the core 

of the network could have a significant effect leading to dissemination through a larger fraction of 

the network 79. In that way, after decomposing the network using the k-shell decomposition 79-82 

the nodes in the core of the network can be identified and have been proven to be as more 

efficient spreaders than hubs or intermediary nodes. 79  

The identification of influential spreaders has been mainly done by starting a spreading 

process from a random node and tracking the infection through the network. Even if individuals in 

the core of the network are efficient spreaders, their identification in the field is not evident. It is 

not clear what question researchers should ask the community for identifying the core individuals 
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without constructing the whole network and using a computational algorithm such as the k-shell 

decomposition. Other strategies for identifying influential spreaders directly from a sample of 

community members may be useful in order to reduce data collection resources. Thus, the scope 

of this chapter is to propose two new sets of seed nodes based on community detection called 

community hubs and bi-strategic nodes which are easily identifiable by the community, and 

compare their efficiency with other sets of seed nodes for initializing the spreading process. The 

results should help to facilitate the implementation of interventions from the sampling phase.  

The chapter organizes as follows: I will first explain the rationale of the potential of the 

community hubs and community bi-strategic nodes over central and core nodes, then I will 

enumerate other possible sets of seed nodes based on centrality, coreness and community 

detection, and finally I will show how to measure a possible overlap among the different set of 

seed nodes. 

5.1. Why central nodes are not always the best seed nodes? 

According to Mark Granovetter, social networks can be usefully decomposed by considering 

pairs of individuals who are linked either by strong ties or by weak ties 83. Individuals connected by 

strong ties tend to share many friends, whereas actors connected by weak ties are less likely to do 

so. 83In other words, the strength of a tie between a pair of nodes increases with the overlap of 

the friendship circles among them. 83;84 

For a given tie    , the overlap     can be calculated as: 

    
   

(    ) (    )    
     (5)  

where     is the number of common neighbors of nodes   and   , and   ,    denotes the degree 

of nodes   and    respectively. Notice that if nodes   and    do not have common acquaintances,   
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      and in that case the tie     will be weak representing a potential link among two 

communities, whereas if all of the acquaintances of nodes   and    are common to both of them, 

     , and in that case the tie     will be the strongest possible, representing a tie among 

members of a given community. According to Onnela et. al, there is a strong correlation among 

degree of nodes and overlap 84;85, meaning that in general hubs are likely to have a great 

proportion of common friends with other hubs causing clusters of hubs. Now imagine you have 

resources for starting an intervention in a finite number of nodes, for example 5 seed nodes of a 

100 nodes network. If you chose the 5 most connected nodes of the network as seed nodes, those 

hubs will have a great number of common friends that will be exposed to the same spread at the 

same time from different sources. This might cause redundancy in the spreading process reducing 

the number of susceptible individuals infected at each time step. According to that, one should 

think that it might be better to diversify the seed nodes over the network in order to reach zones 

that would be hardly covered by starting only from central nodes.  

5.2. Diversifying seed nodes over the network: community hubs and community bi-strategic nodes 

I designed two different strategies for initiating a spreading process starting from different sets of 

nodes in the network, community hubs and community bi-strategic nodes. Those set of nodes 

could potentially avoid the overlap among the circles of peers of the initial nodes as discussed 

above for central nodes, could avoid the need for an entire network knowledge as discussed for 

the core nodes and could increase the coverage range of the spreading process. Community hubs 

and community bi-strategic nodes are determined based on the location of the nodes with respect 

to the community structure of the network surrounding the nodes. For identifying either 

community hubs or community bi-strategic nodes, first it is necessary to determine the 

community structure of the network. Community structure can be determined by maximizing the 

modularity of the network. 86;87The modularity is defined as 72 
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Where 2m is the number of ties in the network,     is the network adjacency matrix,    and    are 

the degree of nodes   and   ,    and    are integers      denoting the communities of nodes 

  and   ,  (     ) is the Kronecker delta that equals 1 if       and 0 otherwise. The modularity 

maximization problem can be can be solved by different methods. 72  We applied the Louvain 

approach for obtaining a local maximum of the modularity quality function that assigns each node 

of the network to a single community. 88After finding the network communities then we can 

proceed to identify community hubs and community bi-strategic nodes. 

The community hubs set is formed by the nodes of each of the network communities with the 

highest number of connections to members in the same community. For identifying the 

community hub of each community it is necessary to choose the node with the highest degree 

value      
 in the respective community subgraph. 

The community bi-strategic set is formed by the node of each of the network communities with 

the highest number of connections to members in other communities. For a given community, in 

order to identify the community bi-strategic node it is necessary to calculate the number of 

external connections of each of the nodes and chose the node with the highest value. The number 

of external connections                for each node      
 of a given community can be calculated as:  

                       
    (7) 

Where    is the total degree of node      
 in the entire network, and      

is the total degree of 

node      
 in the community subgraph. 



53 
 

If either two or more community hubs or bi-strategic nodes have the same number of internal or 

external connections respectively, the seed node will be randomly chosen among the nominees. 

5.3. Comparing sets of seed nodes: classification and degeneracy  

Classification 

For initializing a spreading process, we considered nine different measures for determining seed nodes 

based on network structural properties (Table 7). Each set of seed nodes contains   nodes chosen 

randomly from the total number of nodes selected with each measure. The sets of seed nodes identified 

are grouped in Centrality-based, kcore-based and community-based measures. 
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Degeneracy coefficient 

It is possible that the same node belongs to different sets of seed nodes producing degeneracy among 

the different sets of seed nodes. In order to magnify to which extent the different sets of seed nodes 

overlap, I defined the degeneracy coefficient     of two sets of seed nodes A and B (not to confound 

with k-degeneracy used in graph theory) as the fraction of the nodes that belong to both A and B.  

        (   )      (8) 

Where m is the total number of nodes belonging to the union of A and B. A value of 0 for the 

degeneracy coefficient represents that the sets of seed nodes A and B are completely different, i.e. 

they do not have nodes in common, a value of 1 means that both sets contain the same nodes and 

therefore are identical. Note that degeneracy may vary with the structure of networks.  
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Seed nodes set Description Visualization 

Centrality-based   

Hubs Highest Degree centrality 

 

Intermediaries Highest Betweenness centrality 

 

Closest Highest Closeness centrality 

 

K-Coreness based   

KCore Highest K-coreness 

 

Community –based   

Community hubs 
Highest number of connections to 

members in the same community 
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Community bi-strategic 
Highest number of connections to 

members in other communities 

 

Table 7: Sets of seed nodes based on network structural properties for initializing spreading processes.   
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Chapter 6: Comparing seed nodes efficiency for spreading 

processes in the Erdös-Rény, Watts Strogatz and Barabasi-

Albert networks 

In this chapter I will compare the sets of seed nodes (Table 7) for interaction-based model (see 

section 4.1) in a society represented by different network topologies. I conclude for each topology 

which set of seed nodes was more efficient for the spreading process. 

6.1. Modeling the society 

I consider a large society composed of   agents interacting between them. The society is 

distributed in a network   were agents (nodes) only interact with other agents that are linked to 

them by edges. The number of nodes   and the number of edges    of the network are 

completely determined. I assume that the topology of   is not entirely known including 

randomness to the network construction model and that the network is fully connected. Let 

 ( ) be the distribution function of the number of edges a node has, i.e. the connectivity of the 

node.  ( ) gives the probability that a randomly selected node in the network has exactly 

  edges. By varying the distribution of  ( ), we consider three different random network 

topologies for  : 1) the random graph of Erdos-Rényi (ER) 89 and 2) the small-world model of 

Watts and Strogatz (SW) 90 both leading to homogeneous networks and 3) the scale-free network 

model of Barabási and Albert (BA) 91 which has been useful to represent inhomogeneous 

networks. 

6.1.1. The random graph of Erdös-Rényi  
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The simplest network model to include randomness in the network construction is the Erdös-Rényi 

model. An Erdös-Rényi graph of   nodes is constructed such that every pair of nodes is connected 

with a given probability   (Figure 9). This leads to a binomial distribution of  ( ) which can be 

approximated to a Poisson distribution as the number of nodes   tends to infinity.  

 ( )    〈 〉 〈 〉 

  
    (9) 

The nodes of the network have in average the same connectivity 〈 〉 leading the Erdös-Renyi graph 

to be homogenous. 89  

〈 〉         (10) 

 

Figure 11: The random graph of Erdös-Rényi 

6.1.2. Small-World with Watts-Strogatz model 

The second model representing a homogenous network is the small world of Watts and Strogatz. 

Watts and Strogatz used a random rewiring procedure to interpolate between regular and random 

networks starting from a regular lattice of   nodes and    edges and rewiring each connection 

with a probability   69;90. The algorithm transformed the regular lattice into a disordered random 

network as   increased. The Small-World network topology was situated in the intermediate 

region were       (Figure 10). 90The Small-World network topology is empirically found in 
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various social systems. For example, in Hollywood, it has been determined that the network 

defined by actors as nodes and the performance of two actors in one movie as arcs corresponds to 

a small-world network topology. The geodesic distance between two nodes of a network is the 

minimum number of intermediate nodes between the two nodes. 72 In the case of small-world 

network, the geodesic distance L between two nodes chosen at random grows proportionally to 

the logarithm of the total number N of nodes in the network 90. The clustering coefficient of a 

node is the ratio of the number of connections between the neighbors of the node and total 

possible number of connections between these neighbors 72. The clustering coefficient C of a node 

is the ratio of the number of connections between the neighbors of the node and the total 

possible number of connections between these neighbors 72. The clustering coefficient for the 

whole network is the average clustering coefficient of all nodes in the network (<C>). In the case of 

Small-World network, <C> is very similar to that of a random network with the same number of 

nodes and connections. This is a property of the small-world network 69;90.  

When the number of random connections rewired in the regular lattice network are increased, <L> 

decreases sharply and <C> remains almost constant. With a few random connections (shortcuts) 

the network connectivity increases without significantly decreasing the number of clusters in the 

network. This property is called the Small-World phenomenon (Figure 11). The Small-World 

phenomenon is crucial when evaluating dynamic virus propagation as few random connections 

produces a fast-spreading in the network. 
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Figure 12: Random reconnection procedure for interpolating between a regular lattice and a random network without 

altering the number of arcs and nodes [1]. The Small-World network corresponds to Figure 2.b. Source: 
90

 

 

Figure 13: Average clustering coefficient C and average Geodesic Distance L as a function of small-worlds rewiring 
probability p. Source: 

90
  

6.1.3. Scale-Free networks using Barabási-Albert model (BA) 

Real complex networks have found to be inhomogeneous in most of the cases, following a degree 

distribution  ( ) different from the Poisson distribution. For example the World Wide Web, the 

internet, the flying routes networks, the friendship networks, follow a power-law distribution of 

the degree  ( )     with 2<α<3 68;72;91. This implies that some nodes have a connectivity which 

is greater by orders of magnitude than the average connectivity of the network; these nodes are 
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called the hubs of the network. Such networks are named scale-free networks. Barabási and Albert 

introduced a model for constructing the random scale-free networks using a preferential 

attachment mechanism 91;92. This mechanism consist in adding links continuously to the nodes of 

the network as an increasing function of the number of links the nodes already have. The scale-

free networks are observed in different contexts; in Figure 12 I present three examples of scale-

free networks: my mutual friends in Facebook, a network of votes for Wikipedia moderators and 

passengers-drivers networks of the Portal Viaje, a ride sharing system of Universidad de los Andes.  

a. b. c. 

 
 

 

Figure 14: Examples of Scale-Free networks: a. My Facebook mutual friends, b. Wikipedia voting network, c. Network 
of passengers and drivers of the “Portal Viaje” carpooling system.  

 

6.1.4. Scale-Free networks varying clustering 

The community structure of BA networks can vary depending on the mechanism that caused the 

network formation. BA networks can emerge from a mechanism with low clustering formation 

that result in a structure similar to a star, or from a mechanism were nodes are connected with 

high transitivity where triads of nodes are recurrent (Figure 13). Holme and Kim´s algorithm based 

on preferential attachment and triad formation allows to construct BA networks with different 

values of average clustering   〈  〉 from 0 to 1. 93    represents the local clustering coefficient 
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for the node   defined as    
  (   

(  
 )

 ,    represents the number of neighbors of   and   (  )  

represents the number of connections among the neighbors of  . 94 

 
 

 
 

                                    

Average Clustering coefficient ( ) 

Figure 15: Scale-free networks with different averages values of clustering coefficient constructed using Holmes and 
Kim algorithm.  

6.2. Degeneracy of seed nodes in the ER, SW and BA networks 

I calculated the degeneracy coefficient for each pair of seed nodes in Table 1 for each random 

graph structure with 2500 nodes and 10000 edges. The sets of seed nodes were of equal length 

with a value of 10 nodes (0.4% of network size). The results reported in Table 8 summarize for 

each network topology an average and standard deviation of the degeneracy coefficient for 100 

random samples of the sets of seed nodes in a set of 50 simulated networks. Centrality based seed 

nodes (hubs, intermediaries and closest) present a high overlap among them in all the topologies 

presented with a complete overlap for BA networks than for the homogeneous topologies (ER and 

SW). There is more degeneracy observed among centrality-based and community bistrategic 

nodes than with kcore and community hubs. Centrality-based seed nodes only present an 

important degeneracy with kcore nodes in BA networks (70%), in other topologies the overlap is 

insignificant. Finally, the degeneracy coefficient varies from 2% to 30% among Kcore and 

Community-based seed nodes sets demonstrating that the sets can be considered as different. 
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Erdös-Rényi 
      

 
Hubs Intermediaries Closeness Kcore Bis-Strategic ComHubs 

Hubs 100.0% 76.6% 54.0% 0.2% 26.0% 6.5% 

Intermediaries 
 

100.0% 65.6% 0.2% 25.9% 6.7% 

Closest 
  

100.0% 0.2% 20.7% 6.3% 

Kcore 
   

100.0% 1.7% 2.3% 

Bi-Strategic 
    

100.0% 5.0% 

ComHubs 
     

100.0% 

Watts-Strogatz 
     

 
Hubs Intermediaries Closeness Kcore Bis-Strategic ComHubs 

Hubs 100.0% 27.6% 15.8% 0.4% 20.0% 20.0% 

Intermediaries 
 

100.0% 43.2% 0.8% 20.0% 20.0% 

Closest 
  

100.0% 1.8% 20.0% 20.0% 

Kcore 
   

100.0% 20.0% 20.0% 

Bi-Strategic 
    

100.0% 10.0% 

ComHubs 
     

100.0% 

Barabási-Albert 
     

 
Hubs Intermediaries Closeness Kcore Bis-Strategic ComHubs 

Hubs 100.0% 100.0% 100.0% 70.0% 30.3% 30.5% 

Intermediaries 
 

100.0% 100.0% 70.0% 30.3% 30.5% 

Closest 
  

100.0% 70.0% 30.3% 30.5% 

Kcore 
   

100.0% 30.3% 24.4% 

Bi-Strategic 
    

100.0% 22.9% 

ComHubs 
     

100.0% 
 

6.3. Spreading process in ER, SW and BA networks 

6.3.1. Simulation parameters 

For every network topology (ER, SW, BA), I started the interaction-based spreading process (see 

section 4.1) in six different sets of seed nodes (Table 7) of equal size: Hubs, Intermediaries, 

Closest, KCore, Community Bi-Strategic, Community Hubs, and randomly. For every set of seed 

nodes, the interaction-based spreading process was simulated 100 times for each given probability 

of infection g varying from 0.01 to 0.3 in steps of 0.01. I used 80 time points in the simulations, 

resulting in the entire network being infected for every probability of infection   in the range. For 

infection probabilities higher than 0.3, the network was infected at a very rapid rate and the 
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dynamics of contagion were hardly observable. For each topology and size (Table 9), a sample of 

100 networks was generated at the beginning of each set of 100 runs.  

 Number of nodes |N| Number of edges |E| Density 

Random Graph  
(Erdos-Rényi) 

50 200 8.2% 

Small-World  
(Watts-Strogatz) 

250 1000 1.6% 

Scale-Free 
 (Barabási-Albert) 

2500 10000 0.2% 

Table 8: Random graph sizes for three different network models used for spreading process  

For constructing the BA networks with different values of average clustering  , we used Holme 

and Kim´s algorithm based on preferential attachment and triad formation 93. We constructed 100 

different topologies (N=2,500) varying   〈  〉 from 0 to 1.  

6.3.2. Results  

 

Erdös-Rényi random graph network 

For the ER graph with low size networks (N=50, N=250) the most efficient sets of see nodes were 

the community-based nodes (Figure 14). The KCore set of nodes performs better than the other 

sets of nodes for the N=2500 nodes network independently of the contact probability. This result 

suggests that community and core based seed nodes are more efficient than centrality-based seed 

nodes for initializing the interaction-based processes in the ER homogeneous network. These 

results remain independent of the probability of contagion. 

Watts-Strogatz small world network 

For the SW graph the most efficient set of seed nodes are the community bi-strategic nodes 

independently of the network size and probability of contagion (Figure 15). In fact, the SW 

network is homogeneous therefore centrality-based nodes are not distinct from other nodes. The 
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bi-strategic nodes are expected to be situated as extremes (or neighborhoods) of different 

shortcuts in different areas of the network according to the community structure partition. This 

set of seed nodes assures that the spreading process starts from different areas of the network 

and close to network shortcuts accelerating the spreading process. One should think that 

intermediaries (high betweenness nodes) should also be an efficient set of seed nodes because 

they are expected to be located in the extremes of shortcuts. Nonetheless, when choosing the m 

nodes with highest betweenness it is possible to select a node belonging to a shortcut but also 

nodes in the same cluster or neighborhood that are also expected to have high betweeness. This 

redundancy causes less efficiency in the spreading process. 

Barabási-Albert scale free network 

For the SF network, we observe that the most efficient set of seed spreaders are the centrality-

based (Figure 16). When the network is small, the intermediary nodes are the most efficient seed 

nodes in most of the cases. As network size increases, hubs are more frequently the most efficient 

set of seed nodes and the intermediaries remain also key actors for initializing spreading 

processes. Those results are supported by the heterogeneity of the SF networks, demonstrating 

that the skewness in the connectivity distribution of the nodes has an implication on the nodes 

role in a spreading process. Nonetheless, it could be observed that for a low network size, the 

community hubs are the most efficient set of nodes for a contagion probability between 0.06 and 

0.10. Note that the kcore nodes are not the most efficient set of spreaders for any SF network size. 

In fact it is because the degeneracy coefficient of centrality-based and kcore nodes is 70% causing 

a high similarity among both sets of nodes (Table 8). This high similarity could be explained by the 

fact that the network size is small and kcore nodes tend to be nodes with high connectivity. With 
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larger SF networks it would be possible to differentiate among central and kcore nodes and results 

may vary.  

Sensitivity analysis by varying clustering for SF networks 

We observe in Figure 17 the evolution of spreading processes with different probabilities of 

contagion in SF networks with average clustering coefficient varying from 0 to 1. Note that for SF 

with high clustering coefficient, the centrality-based (hubs and intermediaries) remain the most 

efficient sets of seed nodes Nevertheless, for low clustering coefficients, the community bi-

strategic nodes are often more efficient than other strategies in a spectrum of probabilities of 

contagion ranging from 0 to 0.3. This result shows that when the network has a high number of 

clusters, a great portion of ties are strong and community-based strategies do not differentiate 

from other strategies. In fact community-based strategies take advantage of weak ties for reaching 

different areas of the network and with a high clustering it is not the case. In other hand, when the 

network has a low clustering, it is important that spreading processes start from different areas of 

the network in order to facilitate the spreading through weak ties. 
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Erdos-Rényi random graphs 

Set of seed nodes:  Hub        Closest       KCore      Random       Bistrategic       Intermediary              Mixed* CommunityHub

N = 50, E = 200 N = 250, E = 1000 N = 2500, E = 10000 

  
 

   

Figure 16 : Most efficient sets of nodes for seeding a spreading process in an Erdös-Rényi random graph topology with three different sizes. Heat maps represent the strategy with more 
infected nodes at a given time and probability of contagion. Barcharts resume the percentage of times a strategy was the most efficient in all the scenarios presented in the heat maps. *Mixed 
set of seed nodes means that two or more strategies have the same number of infected nodes in that scenario. 



68 
 

  



69 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Watts-Strogatz small-world graphs 

Set of seed nodes:  Hub        Closest       KCore      Random       Bistrategic       Intermediary              Mixed* CommunityHub

N = 50, E = 200 N = 250, E = 1000 N = 2500, E = 10000 

   

   

Figure 17: Most efficient sets of nodes for seeding a spreading process for Watts-Strogatz small-world topology with three different sizes. Heat maps represent the strategy with more infected 
nodes at a given time and probability of contagion. Barcharts resume the percentage of times a strategy was the most efficient in all the scenarios presented in the heat maps. *Mixed set of 
seed nodes means that two or more strategies have the same number of infected nodes in that scenario. 
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 Barabási-Albert scale-free networks 

Set of seed nodes:  Hub        Closest       KCore      Random       Bistrategic       Intermediary              Mixed* CommunityHub

N = 50, E = 200 N = 250, E = 1000 N = 2500, E = 10000 
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Figure 18: Most efficient sets of nodes for seeding a spreading process for Barabási-Albert scale free topology with three different sizes. Heat maps represent the strategy with more infected 
nodes at a given time and probability of contagion. Barcharts resume the percentage of times a strategy was the most efficient in all the scenarios presented in the heat maps. *Mixed set of 
seed nodes means that two or more strategies have the same number of infected nodes in that scenario. 
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 Figure 19: Efficient sets of nodes for seeding a spreading process in a Scale-free topology with different clustering 
coefficients. Color represent the strategy with more infected nodes for a given probability of contagion in a network 
with a given clustering. Each graphic represents a frame at a given time of the spreading evolution. *Mixed set of seed 
nodes means that two or more strategies have the same number of infected nodes in that scenario. 

 

6.4. Key messages from the simulation model 

We could observe that the most efficient set of seed nodes depends on network topology and 

properties. Nonetheless, the community-based set of seed nodes that I propose was shown to be 

highly effective in the case of homogeneous networks and often effective in low clustered scale-

free networks.  

a. t = 5 b. t = 15 

  

c. t  = 25 d. t = 35 

  

Set of seed nodes:  Hub        Intermediary Closest      Random       Bistrategic              

      Mixed CommunityHub
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The results of the model presented in this chapter could serve researchers for implementing real 

life interventions. The model was implemented for the most common random graph models as 

they can approximate many real life networks. Moreover, the model can be implemented to 

empirical networks in order to determine the most efficient seed nodes for that particular society. 

The detection of central nodes or communities in the network as core nodes will depend on the 

knowledge that the intervention planning team has on the society to intervene.  
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Chapter 7: A pilot of a physical activity intervention with 

SMS in Bogotá Schools.  

In this chapter I describe the design, implementation and evaluation of a pilot experiment based 

on potentiating an existing PA program in school breaks (MARA) through mobile phones in Bogotá. 

The intervention was designed and implemented by the Epidemiology Group of Universidad de los 

Andes (EpiAndes) during 10 weeks in 3 schools of Bogotá on the second semester of 2013. The 

chapter is organized as follows: First I describe the background of PA and obesity situation in 

Colombia, then I expose the methodology that we used for planning the intervention and finally I 

conclude with the results of the intervention. 

7.1. Background 

7.1.1. Obesity and physical inactivity: public health problems in Colombia and the world 

Currently, low and middle income level countries are undergoing a rapid epidemiological, 

demographic and nutritional transition, leading to a rapid increase in the prevalence of overweight 

and obesity in children and adults 93;95-98. The prevalence of childhood obesity is increasing 

progressively worldwide and is considered the global epidemic of the 21st century 9. In 2010, it 

was estimated that the number of obese children under 5 years was over 42 million and about 35 

million of them living in low and middle income level countries 99. Latin America follows this global 

trend. In Colombia, the National Nutritional Status Survey conducted in 2010 (ENSIN 2010) 

estimated that overweight, including obesity, in group 5-17 years increased significantly by 25.9% 

over the past 5 years meaning that currently one of 6 children are overweight in the country 5.  

International evidence indicates that the child population in low and middle income level 

countries develops sedentary habits at an early age 100. In Colombia, the ENSIN estimated that only 
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26% of young people aged 13 to 17 accounted for at least one hour of daily physical activity for 5 

days per week. The ENSIN also showed that 70.0% of overweight children and 62.1% of those with 

obesity watch TV or play video games for 2 hours or more per day. Similarly, it was observed that 

69.8 and 71.5% of overweight and obese 13-17 years old adolescents reported watching TV or 

playing video games for 2 hours or more a day 5. This results show a problem of physical inactivity 

and obesity associated with a high prevalence of sedentary activities among young people of 

Colombia.  

Children who are overweight or obese as adults are more likely to develop type 2 diabetes, 

hypertension, dyslipidemia, and carotid artery atherosclerosis than those with normal weight 101. 

The physical inactivity and obesity related factors generate then an increased risk of premature 

death and disability 5. 

7.1.2. The Importance of MARA program assessment for Bogotá.  

Currently, in large cities children and adolescents have few opportunities to be active 102;103. 

Nonetheless, in several countries the evidence has proven that PA interventions in schools are 

effective by promoting habits and healthy lifestyles 63;104-108. Additionally, systematic reviews 

indicate that the key elements for effective PA promotion and overweight prevention programs in 

schools include: training school personnel, curriculum integration, and materials and specific 

programs for populations 63;109.  

The MARA program includes the key elements for effective PA promotion and overweight 

prevention in schools. Activities designed by the District Institute for Sports and Recreation (IDRD) 

for promoting PA in Colombian children and adolescents provide an unique opportunity to 

improve the health and welfare of this city in the short, medium, and long term. Therefore, the 

MARA program requires a rigorous evaluation of effectiveness. In addition, this intervention may 
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be potentiated by the use of text messages sent to parents or caregivers of children involved in 

order to potentiate the intervention effect. 

7.1.3. The importance of eHealth to prevent obesity and promote physical activity.  

International studies have shown the effectiveness of mobile phones interventions in the 

prevention of obesity and PA promotion 10. Most studies are based on adults, and the children 

evidence remains limited. Patrick et al found that increasing the consumption of fruits and 

vegetables decreased sedentary behavior after an intervention that included counseling via mobile 

phone 110.  

7.1.4. Social network analysis for the evaluation of PI in adolescents.  

There is evidence that the family environment, the network of friends and social environment of 

the school are contexts in which the behaviors associated with PA are learned and replicated 111. 

Specifically, friendship relations among children and adolescents provide a significant social 

context in which the PA related behaviors spread 112. In fact, it has been shown that adolescent 

girls tend to be more physically active when they report having close friendships performing 

vigorous PA 111.  

To understand the influence of friends on the behavior of children and adolescents, we should 

analyze the complex structure of social ties. De la Haye conducted a network analysis in different 

schools in order to determine the influence of obesity, PA, consumption of fast foods in the 

friendship relations among students. The study results show that behaviors are similar between 

teenage friends, particularly in the type of activities undertaken during leisure time. Moreover, 

there is a tendency of adolescents to behave similar to the most popular students (most 

connected persons in the network), indicating that the social pressure can be a driver for active 

and sedentary behaviors among adolescents 113.  
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7.2. Intervention methodology 

7.2.1. Data collection 

The sample was composed by 188 children (8 to 10 years old) from 3 schools in Bogotá that were 

randomly selected according to protocol ISCOLE 114 from the official list of schools in Bogotá, 2011. 

One of the schools was intervened with the MARA program during the break, other school was 

intervened with the MARA program during the break and SMS were sent to parents and children 

for promoting the program, and the other school did not have any PA intervention (control). All 

study participants were interviewed after they and their parents signed an informed consent. The 

questionnaire for students evaluated the nutritional behavior, lifestyle characteristics, friendship 

relations in the course, peer assessment, and their best friends (with whom someone shares a lot 

of time during the school day). Additionally anthropometric measurements were performed in 

order to determine the weight, height, BMI, abdominal and arm circumference and body 

composition (percentage of fat, muscle and body water) of all children. These data were obtained 

three times (week 1, week 5 and week 10) for longitudinal monitoring of the friendship network of 

children and their anthropometric measurements. Data concerning sample size and response rates 

is available in table 9.  

  School 1: 

Control 

 School 2: 

 MARA 

 School 3:  

MARA + SMS 

  Week 1 Week 10  Week 1 Week 10  Week 1 Week 

10 

Number of 

participants 

Course 1 24 23  30 30  32 32 

Course 2 19 18  30 30  28 25 

Course 3 27 26  - -  - - 

Response rate  68% 70%  71% 71%  83% 79% 

Table 9: Number of participants and response rate for the intervention. 
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7.2.2. Text messages 

For school 3, text messages (SMS) were sent to parents and some children in order to motivate the 

participation in the MARA (Table 10). During 3 days per week, 3 text messages of 4 different types 

were sent: Tip is a type of message with some information concerning healthy behaviors benefits 

(example: “did you know that by doing 60 minutes of PA per day make you healthier?”). Testimony 

is a type of message that contains an experience from another person (“One friend of yours went 

yesterday to the MARA and he won a prize”). Motivation is a type of message that encourages the 

child to do physical activity (“Go and play 10 minutes in MARA!)”. Empowerment is a type of 

message where the child is told to invite or to be the leader of an activity (“Invite your friends to 

the program”). 

Item Yes No 

SMS Received by children 86% 14% 

SMS sent directly to children 32% 68% 

SMS Transmited from parent to son 98% 2% 

Children invited to MARA by SMS at least once 74% 26% 

Children invited to the MARA by other children? 48% 52% 

Table 10: Text messages reception rate and effects 

 

7.2.3. Physical activity measurement 

For each child in the study, we objectively measured the PA level by using the Actigraph GT3X+ 

accelerometer every day during week 1 and week 10. An example of a child activity can be 

observed in Figure 20. 
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Figure 20: Physical activity measured for a child on two different days of the week. 

 

7.3. Effectiveness of the MARA and of the MARA + SMS 

We estimated the effectiveness of the MARA PA intervention as the average number of minutes 

gained per week by children of each treatment group compared to the control.  Results are shown 

in Figure 21. 

We observe that for the control group, the average PA minutes decrease 6,2 minutes per week 

from week 1 (68.2 min/week) to week 10 (59.7 min/week). In the case of the MARA group, there is 

an increment of 6.2 minutes during the intervention timeline that is statisticaly significant (p = 

0.18). For the MARA + SMS, the average weekly PA minutes per child are maintained during the 

intervention. Those results suggest that the MARA without and with SMS are effective and should 

be implemented in more schools of Bogotá. Moreover, we observe that even if there is not an 

evident SMS effect on the PA minutes per week, the group with Muevete Escolar and SMS 

maintains the PA level during the intervention as opposed to the control were the PA decreases.  
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Figure 21: Average weekly physical activity minutes for each group 

 

7.4. Intervention effect on social relations  

We gathered information concerning the acquatances and friendships among children of the study 

in week 1 and week 10. According to that information, we constructed a friendship directed 

network for each course for each measurement. A visualization of these networks is presented in 

Figure 22. 
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MARA CONTROL MARA + SMS 

T1 T3 T1 T3 T1 T3 

Figure 22: Friendship networks for each course. The color represent each school, the tone of the nodes represent the popularity of the children, the size of the nodes represent the in-degree of 
each child and the label color represent the sex (red: female, black: male). 
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We measured the network characteristics for each course in week 1 and week 10 in order to asses 

if there are changes in the networks that can be attributed to the intervention (Table 11).  

  Control   MARA   MARA + SMS 

 
C1 

 
C2 

 
C3 

 
C1 

 
C2 

 
C1 

 
C2 

 

T1 T3 

 

T1 T3 

 

T1 T3 

 

T1 T3 

 

T1 T3 

 

T1 T3 

 

T1 T3 

Nodes 24 24 

 

19 18 

 

27 26 

 

30 30 

 

30 30 

 

32 32 

 

28 25 

Edges 140 152 

 

97 105 

 

196 201 

 

173 185 

 

212 222 

 

198 239 

 

153 183 

Density 0.25 0.28 
 
0.28 0.31 

 
0.28 0.29 

 
0.20 0.21 

 
0.24 0.26 

 
0.20 0.24 

 
0.20 0.24 

<Degree> 5.8 6.3 

 

5.1 5.5 

 

7.3 7.4 

 

5.8 6.2 

 

7.1 7.4 

 

6.2 7.5 

 

5.5 6.5 

<Weighted Degree> 13.6 13.9 

 

12.1 13.6 

 

15.2 15.9 

 

13.6 16.1 

 

16.3 17.0 

 

14.2 17.2 

 

13.5 14.6 

<Clustering> 0.44 0.40 

 

0.36 0.38 

 

0.39 0.42 

 

0.26 0.3 

 

0.32 0.32 

 

0.33 0.46 

 

0.33 0.41 

Communities 3 5 
  

4 3 
  

4 4 

 

5 4 
  

4 5 
  

4 3 
  

4 4 

Table 11: Network characteristics of each course in week 1 (T1) and week 10 (T3). Red items mean that there was a 
decrease in the measure from T1 to T3, green denotes an increase in the measure from T1 to T3. 

Children among the courses were having more interaction by the end of the intervention than by 

the beginning. In fact, we observed that in all courses there was an increase in the number of 

relations among children even if the number of children was equal or lower due to attrition. In 

addition, the MARA+SMS group presented a greater increase of the number of relations per 

student than the other two groups. This result is supported by comparing the increase in the 

network density5 among the three schools. 

                                                           
5
 The density of a network is defined as a ratio of the number of edges to the number of possible edges. 
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In the intervention groups (MARA and MARA+SMS), the groups presented cohesion, which is not 

the case in the control group were a fragmentation of the networks is observed. This result is 

supported by changes in the clustering coefficient, which measures the probability of having 

tryads in the network (3-clique). In fact, the clustering coefficient increases with time in all cases 

except for the control group showing that the new relations that were formed in both treatment 

groups during the intervention were relations that closed circles of friends (strong ties) instead of 

being relations that created new dyads.   

Even if clustering coefficient increases in the MARA and MARA+SMS groups, by observing the 

number of communities detected in the networks with the modularity maximization method (see 

section 4.2, equation 6 for more details), we notice that for the MARA+SMS intervention group the 

number of communities decreases which is not the case in both courses of the MARA group. 

Decreasing the number of communities means that there is less segregation and more cohesion in 

the network. We infer from that observation that children belonging to the MARA+SMS presented 

more cohesion that the MARA and control groups.  

7.5. Seed nodes for a small world at school  

For all courses in both measurements, the friendship networks have small world properties. In 

fact, the average geodesic distance is low (<6 steps from every node to every other) while the 

clustering coefficient is high (> 0.3).  By applying the methodology for finding seed nodes 

presented in chapter 5, given that the networks of the school courses are homogeneous and have 

small world properties we would expect that the community hubs and community bistrategic 

nodes are the most effective seed nodes (Figure 17). In order to validate the model presented in 

chapter 5, we ran the stochastic threshold model 1000 times in the MARA+SMS networks. We 
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observe that community hubs is the best seed nodes set as presented in the simulated small world 

of Figure 17 (chapter 5).  

 

Figure 23: Evolution of a behavioral spreading process starting from different sets of seed nodes in the MARA + SMS 
network  

7.6. Limitations and recommendations 

In the pilot intervention we sent SMS to the parents because every child did not have a mobile 

phone. We were not able to give mobile phones to children because we had to avoid putting them 

on risk or creating differences with other children from the school. For an intervention in a 

classroom or school, I would suggest to send SMS to community hubs or community bridges in 

order to potentiate the MARA intervention at a low message cost.  
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Conclusions 

This work provides a systemic point of view of PA interventions. We reviewed currently PA 

interventions concluding that, in general, the effects are low or moderate for changing the average 

PA minutes per week of the population. By applying a systemic framework, we could observe the 

interventions as relations of influence from external actors to community members and within the 

community members. This approach permitted to analyze the target population of an intervention 

as a group structured by social relations instead of a whole entity. I have shown that other 

strategies different than choosing the most popular actors of a community will be effective for the 

spread of a behavior. By detecting sub-groups in a community it is possible to find key spreaders 

for the intervention sampling that can be more efficient than central actors of the entire 

community.  

Considering the social structure of a population is crucial to allocate resources for planning and 

implementing interventions. This methodology can be used to find key spreaders that might 

reduce the costs of interventions aimed to change behaviors. In that way, the results can be used 

by practitioners and public health agencies as a sampling methodology for preparing PA 

interventions. The methodology can also be extended to other sectors such as marketing and 

politics for designing marketing campaigns or establishing trends. The intervention planners 

should consider gathering social relations data of the target population. For this purpose, 

computer based social networks such as Facebook, Twitter, Flickr can be considered at a low cost. 

In this work I also considered the increasing connectivity that internet and mobile phones provide 

in social systems for interventions planning. I conclude in the work that PA interventions have an 

increasing potential effect if they are delivered by those channels. This is especially valid for 

mobile phones that have a more homogenous access independently of the income level. Due to 
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these conclusions, I strongly recommend to plan interventions that could be delivered by those 

channels. In that way, the access to the interventions will be wider and, if so, it will reduce 

inequalities among individuals from different income levels. Individuals are connected, and 

behaviors and information spread through social relations. It is therefore crucial for practitioners 

and decision makers to consider the increasing connectivity through information and 

communication technologies and the data availability in order to design, plan, implement and 

control public health interventions with a wide impact at a lower cost. 

Future work should be conducted in three directions. First, it is necessary to construct a 

methodology for estimating the position of individuals in their social networks without having 

knowledge of the entire network. In that way, it would be possible to recognize key spreaders for 

initializing an intervention without spending resources for reconstructing the whole network. 

Second, it is necessary to investigate different functions for modeling the spreading processes 

according to the different kinds of interventions and behaviors. In fact, it would be necessary to 

estimate different behavioral processes for distinguishing in the model between a public health 

intervention, a marketing campaign and other types of interventions. Finally, future work should 

also consider the different types of relations among individuals. In other words, the model should 

be complemented by differentiating the probability of adoption of behaviors depending on the 

clusters, reciprocity and strength of relations in the communities. 
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