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Abstract

Recently, the use of social media by adolescents and young adults has significantly
increased. While this new landscape of cyberspace offers young Internet users many
benefits, it also exposes them to numerous risks. One such phenomenon receiving
limited research attention is the advent and propagation of viral social media chal-
lenges. Several of these challenges entail self-harming behavior, which combined
with their viral nature, poses physical and psychological risks for the participants
and the viewers. In this paper, we show how agent-based modeling (ABM) can be
used to investigate the effect of educational intervention programs to reduce partici-
pation in social media challenges at multiple levels—family, school, and community.
In addition, we show how the effect of these education-based interventions can be
compared to social media-based policy interventions. Our model takes into account
the “word of mouth” effect of these interventions which could either decrease par-
ticipation in social media challenge further than expected or unintentionally cause
others to participate. We suggest that educational interventions at combined family
and school levels are the most efficient type of long-term intervention, since they
target the root of the problem, while social media-based policies act as a retrospec-
tive solution.
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Introduction and background

After remaining stable or declining for nearly 2 decades, rates of depressive symp-
toms, suicide, and suicide-related outcomes for adolescents in the United States have
started to dramatically increase [1, 2]. As of 2019, suicide was the second leading
cause of death among teens and young adults in the US [3]. The latest evidence sug-
gests that one causative factor behind this change is the concurrent increase in the
use of social media [2]. A growing body of literature [4—7] has shown that social
media can influence self-harming and suicidal behavior, posing a significant threat
to public health and safety [8].

Social media challenges

One understudied phenomenon is the advent and propagation of viral social media
challenges. There is a wide variety of challenges that have propagated across sev-
eral social media platforms. These challenges, which vary in their inherent level of
self-harm behavior and risk to individuals, include the Tide Pod Challenge (TPC),
the Cinnamon Challenge (CC), the Amyotrophic Lateral Sclerosis (ALS) Ice Bucket
Challenge (IBC), and the Blue Whale Challenge (BWC) [9-13].

Some of these challenges promote philanthropic causes and tend to present lower
risks of harm for participants than others. For example, the risks associated with
the ALS IBC, which raises awareness of and funding for finding a cure for ALS
research, are considered minimal [13—17]. On the other hand, most social media
challenges yield few positive results, yet may involve harm to youths and young
adults. For example, adolescents have swallowed Tide Pods (chemical detergent
pods used for laundry), a challenge that resulted in more than eight cases of poison-
ing as reported by the American Association of Poison Control Centers (AAPCC)
[18]. The Cinnamon Challenge (CC) entails participants eating a spoon of cinnamon
without drinking water for more than a minute. The problem is that cinnamon does
not dissolve nor biodegrade in the lungs, as evidenced by studies of lab rats which
experienced symptoms ranging from mild multifocal granulomatous inflammation
to alveolar lipoproteinosis and alveolar cell hyperplasia [9, 19, 20]. For humans, the
consequences are just as serious, because swallowing a large amount of cinnamon
can cause pulmonary inflammation, allergic and irritant reactions, and in even more
serious situations, hypersensitivity-induced asthma attacks, which can be fatal [9].
However, none of these potentially fatal consequences have stopped adolescents and
young adults from participating in CC. As of 2013, there are more than 51,100 pub-
lic YouTube clips of someone accepting this challenge, with some videos garner-
ing more than 19 million views globally [9, 12]. Given the significant amount of
controversy concerning these online challenges, there is little research on modeling
these factors and studying the impact of targeted interventions to address this harm-
ful challenge.
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Interventions

Interventions are needed to reduce the spread of these viral challenges [12, 13, 15-17,
20, 21]. These interventions should use a multifaceted approach, rather than a single
strategy to minimize unwanted adolescent behavior [12, 16, 17, 22]. To identify appro-
priate areas for intervention, we adopted the Intervention Wheel from the public health
literature [21, 23, 24]. The interventions are grouped together based on similarities and
the possibility of simultaneous use. The Intervention Wheel works as a starting point
for researchers to consider a wide variety of possible interventions and identify the
most appropriate one. Furthermore, the Intervention Wheel is supported by evidence,
as it is verified by sound science and effective practices [23]. Each intervention on the
wheel is clearly defined in a manner that describes the actions directly. Health teach-
ing, for example, is a type of intervention that involves creating material to educate a
specific population about the targeted behavior either on the system level, community
level, or individual level.

Health teaching interventions are defined as ‘“sharing information and experiences
through educational activities designed to improve health knowledge, attitudes, behav-
iors (norms), and skills” [25, 26]. Specific interventions need to be driven by the factors
influencing participation in harmful challenges and specific items that make up each of
these factors such as attitudes and perceived norms. In a previous study, we found that
adolescents view the activities in the challenges as enjoyable, value the consequences
of such activities, and, due to the viral nature of these challenges, perceive participation
in these activities as a way to receive approval from peers [12]. In other words, ado-
lescents fail to foresee the negative consequences of these activities and instead over-
emphasize and overestimate the peer approval to be gained from participation in these
challenges. Thus, the interventions we recommend address these correlates of chal-
lenge participation based on prior research [12]. In this paper, we provide an overview
of the interventions. Details of the interventions are beyond the scope of this paper. In
this work, we investigate the effect of deploying these interventions using computa-
tional modeling.

Intervention levels

According to the Interventions Wheel [23], the interventions could target three differ-
ent levels, individual, community, and system. We suggest implementing our interven-
tions in three ways that focuses on two levels of the Interventions Wheel: community
and individual. First, community-based intervention is on the community level in the
Intervention Wheel. Second, the school- and family-based interventions are on the indi-
vidual level in the Intervention Wheel. Below, we provide examples of how to apply
these sublevels for our purposes of mitigating social media challenge adoption.

Community-based intervention
Posters and handouts containing storyboards telling a similar story as the social

media challenge yet highlighting the unwanted consequences and peer disapproval
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could be utilized. These posters could be advertised in public places such as parks
and malls by county task forces. These methods have the potential of increasing the
educational level about a certain behavior, but may not be as effective as other more
interactive methods [27]. The content must be carefully created to avoid any conta-
gion risk of media depiction of self-harming behavior [27].

School-based

Small discussion groups, videos, and peer-to-peer role-playing activities can be
provided as a session along with existing educational programs such as Mothers
Against Drunk Driving (MAAD) [28].

Family-based

An alternative and potentially more convenient way to implement the interventions
is by sending the video to the parents to be played directly by them for their children.

Another way of eliminating participation in social media challenges is by detect-
ing videos about those challenges and removing them from social media platforms
to further reduce the spread of the challenge [16].

Computational modeling

Computational simulation is a feasible, flexible, and collaborative tool for mod-
eling complex systems. One of its most widely used classes is agent-based modeling
(ABM), which has been used extensively to investigate human behavior and com-
plex phenomena as well as to explore complex problems in several domains, includ-
ing the social sciences [29, 30] and healthcare [31, 32]. For example, Epstein [33]
developed an ABM for investigating civil violence and rebellion. More relevant to
the research reported here, it has been used to explore teenager behavior, specifically
focusing on investigating the effects of various interventions on younger adults. For
example, Yonas et al. [34] developed a conceptual ABM representing abstract com-
munity crime perpetrated by adolescents in addition to exploring the effects of sev-
eral community-wide interventions on the contagion of these crimes [16].

Agent-based modeling provides deeper insight and more realistic outcomes about
the effect of interventions, because it can be modeled to account for the possible
consequences of an intervention. Because ABM offers a unique and cost-effective
way to construct, assess, and implement a variety of behavioral interventions in a
simulated dynamic environment, it has the potential to enhance understanding of the
contagion effect of social media challenges and evaluate the potential efficacy of an
intervention [35].

Due to the nature of the recommended interventions, we expect two opposing effects
to emerge. First, when some people hear about a challenge, even through an educa-
tional program, they might still consider participation. In fact, they might have never
heard about the challenge before, but the educational program may trigger them to
consider researching it and subsequently participating. This response is referred to as
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the contagion effect [36]. On the other hand, these educational programs might have a
larger positive impact than expected due to the word-of-mouth effect. That is, individu-
als who were successfully impacted by the education program and chose not to par-
ticipate in harmful social media challenges are likely to discuss what they learned with
others, in turn discouraging them from participating as well.

As a result, the goal of this study was to develop a conceptual ABM that represents
the contagion dynamics of these social media challenges. This model includes the
essential features of adolescents who participate in these challenges informed by the
results from the previous study [12]. In addition, this ABM will lay the foundation for
future models to further address this phenomenon.

Methods

The goal of our model is to build an individual-level ABM able to temporarily present
the dynamics of the spread of a social media challenge in a small community. Addition-
ally, through this ABM, we seek to test the effect of potential interventions and combi-
nations of interventions at several levels including, family, school, and community. This
section includes (1) the model and how the agents interact with one another; (2) the
integration of the data obtained from the survey [12] into the model and how they affect
the agent’s interaction.

Model overview and design

The ABM was developed using Anylogic 8.5.1 University Researcher Edition [37]
simulation software, a modeling tool that supports agent-based, discrete event, and
systems dynamics methodologies using Java scripts. The simulated community
included five agent types: child, father, mother, house, and school. A two-dimensional
100,000 % 100,000 toroidal grid was utilized to represent the community with one or
more agents occupying any specific location. This was done to mimic a traditional
neighborhood where each house could have neighbors around them from many direc-
tions. Each school and house in the environment were randomly located in the two-
dimensional toroidal grid. Then, each child, father, and mother were randomly assigned
to and located at one house and together formed a family. Children were connected to
the closest school. Next, each child established a close relationship with the nearest
child (a “best friend”) along with a minimum of 5 and a maximum of 25 other friends
from the same school.

The simulation time was set in days, and on each day, the agents updated their indi-
vidual characteristics. Below are descriptions of agent updates based on agent type.

Child
The formation of the child’s behavior is motivated by the integrated behavioral

model (IBM) [38], which has one key element determining the child’s decision
to participate or not in a challenge: intention to participate. The primary key
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contributors to the intention to participate include the attitudinal components
“attitude,” the perceived norm components “norm,” the personal agency compo-
nents “personal agency,” and other factors combined as “individual differences.”
As the model moves forward in time, these components of the children evolve
based on their interactions with other agents (including their parents) in their
social network and feedback from the environment, described later in this sec-
tion. The decision criteria are based on the child’s (agent’s) intention to partici-
pate, which must be above a certain threshold before she/he participates in the
social media challenge. Figure 1 presents the daily time-step of the child agents
within the ABM. Each child begins forming beliefs about the challenge once one
child in their social network has participated in it. Children are assigned indi-
vidual initial values of experiential and instrumental attitudes, injunctive and
descriptive norms, perceived control, and self-efficacy. Thus, children become
more or less inclined to participate in the challenge depending on other chil-
dren’s experiences with the challenge and their interactions with their school
and parents.

Parents (father and mother)

Each child is assigned to parents who could intervene and ask the child not to par-
ticipate in the challenge if they know about it. A portion of the parent population
will not know about the challenge and, thus, will not intervene. For those who inter-
vene, if their child has not already participated in the challenge, then the probability
of him/her participating will decrease. The value of the reduction in the probability
of participation was determined using a trial-and-error method to establish a model
that represents the collected data. We started with a %5 reduction in the probability
of participation and compared the percentage of children who participated in the
collected data using a ¢ test. We increased or decreased the reduction in the probabil-
ity of participation based on whether the mean percentage of children who partici-
pated in the simulated environment was lower or greater than those who participated
in the collected data. We iterated this process until the difference was not statisti-
cally significant.

School

Similar to the parent population, schools’ officials could also intervene and ask their
students (children) not to participate in the challenge if they know about it. Similar
to the parent population, a portion of the schools will not know about the challenge
and, therefore, will not be able to intervene. For the schools that intervened, the
probability of the students participating in the challenge who have not participated
yet will decrease. The value of the reduction in the probability of participation was
determined using a trial-and-error method to establish a model that represents the
collected data. We started by running the model 63 times at 50% probability of par-
ticipation and compared the percentage of children who participated in the collected
data use a t test. We increased or decreased the probability of participation based on

@ Springer



Journal of Computational Social Science

p—
Initialization

»  Assign individual attributes

No
ontacted about the - From best
challenge? Discatiagement friend?
No
Encouragement |—A%—
L400-A )N
(100-A)%
Assign attitude Assign normvalues Assign personal
values 1. Injunctive agency values
1. Experiential 2 VDescri tive 1. Perceived control
2. Instrumental g P 2. Self-efficacy
v
Calculate intention to Yes
participate value

ntention value

compare to
thresholds?

Intention < ¢

—c <Intention <b-

Intention > b
|

v ¢ ¥

Participate and
Neutral Encourage ——d%—»
participation

Discourage
participation

f days

f day: f days

Fig. 1 The daily time-step of the child agents in the ABM

whether the mean percentage of children who participated in the simulated environ-
ment was lower or greater than those who participated in the collected data. We iter-
ated this process until the difference was not statistically significant.
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Home

The homes in the model had no effect on the decision to participate. They were
included in the model for the purpose of forming families at one location. The ani-
mations of all agent types are presented in Fig. 2.

Data

Data collection and description are reported in a previous publication [12]. To
develop this model, we only included data from those who participated in the

0 Childi Father E:} Mother QHome ‘ School

Fig.2 A close-up view of the agents in the ABM. Note: The color of a child indicates his/her status: chil-
dren who have not heard about the challenge are white; those who considered participating are purple;
those who participate are red; and those who discourage participation are green. The color of the line
indicates the type of relationship between the agents: friends are connected by black lines; best friends
are connected by yellow lines; and children are connected to their fathers by blue lines, to their mothers
by red lines, and schools by pink lines
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Cinnamon Challenge. All the participants were 18 years old or younger at the
time of participation in the challenge, although some were older than 18 years old
at the time they took the survey. The distributions of the attitudinal components
“experiential and instrumental attitude,” the perceived norm components “injunc-
tive and descriptive norm,” the personal agency components “perceived control
and self-efficacy,” and other factors “individual differences” were based on the
data provided in our prior study [12], and were tested for normality using their
skewness and kurtosis values [39]. All data were normally distributed. Initial val-
ues for these factors were randomly assigned to each child in the model based on
the most fitting mean and standard deviation with a minimum value of 1 and a
maximum of 7.

To determine the values for intention to participate for each child, we con-
ducted a linear regression using the data collected from the survey in [12] with
the intention to participate in the Cinnamon Challenge measured on a 7-point
Likert scale being the dependent variable and the factors introduced previously
as the independent variables. The linear regression established that instrumen-
tal attitude, injunctive norm, descriptive norm, and impulsivity statistically sig-
nificantly predicted intention to participate in the Cinnamon Challenge, F(6,
153)=153.318, p<0.001. The regression equation with the significant predictors
only is provided below. In the model, we included all the factors, even the non-
significant predictors to calculate the intention to participate. However, only the
significant ones had a high impact on the calculated intervention to participate
value as their slopes were significantly higher than the rest of the predictors.

Intention = — 0.70 + 0.36 X (instrumental attitude)
+0.26 X (injunctive norm) + 0.37 X (descriptive norm) )
+ 0.14 X (impulsivity).

Calibration and validation

To validate the model, we used a multistage validation technique [40]. After
developing a model based on theory, observations, and knowledge of the behav-
ior, its assumptions must be validated by empirically testing and comparing them
to data collected from a real system. To calibrate the model and capture trends
in our model similar to the survey reported in [12], we developed parameterized
rules and assumptions to change the participation probabilities of the children:

e RI1: The child will participate if his/her intention to participate > participation
threshold.

e R2: The child will discourage others from participating if his/her intention to
participate < the discouraging threshold or if they are discouraged to partici-
pate by their best friend.
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e R3: A portion of the children who participated will discourage participation
(those who had a negative experience with the challenge), while the rest will
encourage participation (those who had a positive experience).

e R4: The child will stop discouraging or encouraging participation after a cer-
tain number of days.

The values of the parameters for these rules (participation threshold, discourag-
ing threshold, portion of children having a negative experience, and number of days
to stop encouraging/discouraging other children) were calibrated by trial-and-error,
so that the resulting behavior of the children in the model matches the sample we
collected in [12]. We run the model 63 times, compare the results to the observed
data, and make necessary adjustment to the model parameters to try to get closer to
the values in the collected data. We repeated this process until there was no statisti-
cally significant difference between the number of children who participated from
the model and the collected data. That is, the number of people who participated
in the survey falls within the 99% confidence interval of the number of people who
participated in the model after N runs. A one-sample ¢ test showed that the number
of children who participated over 63 replications of the simulation was not statisti-
cally significantly different (M =144.41, SD =27.28) than the number of participants
from the survey, which was 153 participants, #63)=—1.625, p=0.11. In addition,
an independent-samples 7 test was conducted to determine if there were differences
in intention to participate between the survey data and the simulation outputs. The
intention to participate was not statistically significant [M=0.10, 95% CI (-0. 14,
0.36), 1(926)=0.82, p=0.97] between the survey data (M =3.06, SD=1.99) and the
ABM outputs (M =2.95, SD=1.94).

Visualization and verification

A verification method widely used in simulation models is animation [41]. This
Anylogic software provides a dynamic visualization of the model as it is running,
providing validation that the computational implementation is in agreement with the
conceptual model. A close-up view of the agents’ interactions in the model can be
seen in Fig. 2. In addition, we used the structured walkthrough approach [42] where
the developer formally presented the model to two other researchers to determine
its correctness. Then, the model was analyzed statically by the developer and each
of the two researchers individually to determine whether it is correct based on the
structured walkthroughs, the correctness proofs, and the examination of its struc-
tural properties.

Modeling of interventions

The interventions target three different levels, community school, and family. To
determine the impact of each level on the child’s attitude, perceived norm, and per-
sonal agency values, we conducted a within-subject ANOVA with the motivation
to comply factor as the dependent variable and the relationship with the individual
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as the independent variable. We used within-subject ANOVA as the motivation
to comply with the different norm categories that were measured for all the par-
ticipants. The motivation to comply was significantly different for different relation-
ship types, F(1.94, 913.54)=90.17, p<0.001, partial s*=0.16, with motivation to
comply decreasing from family (M=5.01, SD=1.79) to most people (M =4.49,
SD=1.90) and then to friends (M =3.82, SD=1.88). Post hoc analysis with a Bon-
ferroni adjustment revealed that motivation to comply significantly decreased from
family to most people [M=0.52, 95% CI (0.31, 0.72), p <0.001], and from family to
friends [M=1.19, 95% CI (0.96, 1.42), p<0.001], and from most people to friends
[M=0.67,95% CI (0.46, 0.87), p<0.001]. Based on these findings, we assumed that
the family-based interventions will have the highest reduction in children’s inten-
tions to participate. As suggested by the literature, we assumed that school-based
interventions have more of an impact on intention to participate than the commu-
nity-based ones [23, 43]. We assumed the specific values of the reduction in inten-
tion to participate at each intervention level. We also assumed that it takes three days
after the simulation starts for the interventions to be active. Below is a description of
how we modeled these interventions in the ABM.

Family level

This intervention targets only parents who did not know about the existence of the
challenge and did not intervene at the start of the simulation. We focused on how
changes in a specified percentage of parents will affect the overall participation pat-
tern. We assumed that if the parents received an intervention, then they will become
active and ask their child not to participate. We assumed that if their child has not
participated in the challenge yet, she/he will get attitudinal, perceived norm, and
personal agency component values that are on average 0.5 less than those who did
not receive the intervention.

School level

Similar to the family-level interventions, we assumed that if a school received an
intervention, then those students who go to that school will get attitudinal, perceived
norm, and personal agency component values that are on average 0.2 less than those
who did not receive the intervention.

Community level

A certain percentage of the child population from the entire population was ran-
domly selected to receive the intervention. If the child had not yet participated in
the challenge, she/he will receive attitudinal, perceived norm, and personal agency
component values that are on average 0.1 less than those who did not receive the
intervention.

The ABM we built is a stochastic simulation resulting in different output and
observations for each run of the model. Thus, several replications were run to
gather statistics and evaluate the various interventions recommended. We used the
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confidence interval method recommended by Law [37] seen in the equation below
to calculate the required number of replications per run, where h is the half width of
the confidence interval and s is the standard deviation

S2

Number of replications = Z7 Py (2)

To determine the initial standard deviation, we conducted a pilot run of the
model for 20 replicates with a population size of 30,000 and calculated the stand-
ard deviation for the number of children who participated in each replication
and found it to be 103. We specified precision in terms of the half width of the
confidence interval to be 25 and an alpha level (a) of 0.05 (Z=1.96). Using the
equation above, we found the number of replications required to meet our preci-
sion criteria to be 63 replications. We ran the model using Anylogic on a 64-core
machine, running a 64-bit Windows 2010 Enterprise with 32 GB of RAM and
3 GHz Intel Core i7-9700 processors. We determined the time required for the
model to reach the steady state (no variation in the results) based on the number
of children who participated and found it to be ~ 100 days. Therefore, we deter-
mined the stop time for each run to be 200 days as a conservative choice. The
total running time for each run with 63 replications and a population of 30,000
was approximately 70 min. No warm-up period was needed.

Results

In all three intervention levels, we defined the intensity of the intervention as the
percentage of each agent type (family, school, or community) that received the
intervention. We ran the model four times (each run with 63 replicates) for each
intervention type, each with a different intensity and compared them to the base
model without interventions. The four intensity levels for the interventions were
low =25%, medium =50%, high=75%, and all=100%. For example, in the low-
intensity family-level intervention, 25% of the families in the model received the
intervention. Using fixed intensity levels, we were able to explore the different
effects of the types of recommended interventions that require almost the same
resources but which deployed them in a different way. In addition, we were able
to address the contagion effects resulting from those interventions. That is, at
which level of intervention, the “word of mouth” effect will help in spreading
these interventions further into the community.

The impact of individual interventions
We used a one-way ANOVA to compare the means of the number of children who

participated after applying each intervention over 63 replications at each level.
There were no outliers, as assessed by boxplot; data were normally distributed for
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Table1 The means and standard deviations of the number of children who participated after applying
each intervention

Intervention level Base model Family level School level Community level
Low 3149 (137) 2669 (114)** 2919 (177)* 3020 (119)
Medium 3136 (134) 2210 (102)%** 2719 (189)* 2871 (144)
High 3136 (134) 1783 (88)** 2521 (168)* 2769 (143)
All 3136 (134) 1455 (101)** 2293 (100)* 2648 (125)

In each row, the means and standard deviations for the three types of interventions are presented in bold-
face if they show a statistically significant (p <0.001) decrease compared to the base model. They are
marked with a single asterisk if they show a statistically significant decrease when compared to one alter-
native intervention and a second asterisk if they show a significant decrease when compared to two alter-
native interventions. They are italicized if they show a statistically significant decrease when compared
to a lower level of the same intervention

500+ Intervention
3,500 Type
: base model )
———————————————————————— I family
3,000+ I school
- community
O {
D
® 2500+
Q
Q -
-
a 2,000t
@ H
Qo
E
= 15007
< -
©
4]
= 1,000+
500
(e I | [ [
low medium high all

Intervention Level

Error Bars: 95% ClI

Fig. 3 Number of children who participated in the challenge after applying each intervention

each group, as assessed by the Shapiro — Wilk test (p > 0.05); and variances were
homogeneous, as assessed by Levene’s test of homogeneity of variances [44].
Data are presented as mean + standard deviation in Table 1 and plotted in Fig. 3.
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Sensitivity analysis

We included multiple parameters in our model for which the data are currently una-
vailable. Therefore, it is necessary to explore the sensitivity of our results to these
parameters. One important parameter is the percentage of children initially partici-
pating in the social media challenge as it affects the probability of a child hearing
about the challenge and considering his/her own participation, thus affecting the
final number of children who participated. Furthermore, this value can also affect
the probability of a child initially not liking the challenge and, therefore, discour-
aging other children from participation, resulting in a decrease in the effectiveness
of the intervention. To ascertain the sensitivity of the findings to the percentage
of children who initially participated, variations of the models were created with
0.5%, 1%, 2%, 3%, and 4% of the children initially participating. These percentages
were selected by comparing the percentage of participation to those obtained from
the survey. We ran these variations for 63 replications only on three levels (low,
medium, and high) of the family, school, and communitybased interventions since
all the other levels will follow a similar trend. The results are presented in Figs. 4, 5,
6, 7, 8 and 9. For all models, family based interventions reduce the number of chil-
dren who participated more than the school- and community-based interventions.
Overall, the performance of all types of interventions was consistent with the tested
variations in the percentage of children who initially participated.

Percentage Initially Participated = 0.5%

3,500+ Intervention
; Type
I family
20007 ; I school
8 H \ community
& 2500t
G -
=
[v]
a 2000+
@ H
E
= 1500+
c H
(0]
[}
= 1,000
500+
O— ] ‘

T
low medium high
Intervention Level

Error Bars: 95% ClI

Fig. 4 Effects of interventions when the percentage of children who initially participated is 0.5%
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Percentage Initially Participated = 1%
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Fig.5 Effects of interventions when the percentage of children who initially participated is 1%

Percentage Initially Participated = 2%
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Fig. 6 Effects of interventions when the percentage of children who initially participated is 2%
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Fig.9 The effect of percentage of children who initially participated in a community-based intervention

The impact of combinations of interventions

Because these results indicated that the school-based and family-based interven-
tions showed significantly more reduction in the number of children who par-
ticipated in a challenge than the community-based intervention, we decided to
explore the effect of a combination of family- and school-based interventions
on the number of participants. To do so, we ran the model 63 times for each

Table 2 The means and standard deviations for the number of children who participated after applying
combinations of interventions

Family/school Low Medium High All

Low 2462 (144) 2321 (153)* 2096 (171)* 1917 (109)*
Medium 2068 (153)* 1917 (153)* 1752 (159)* 1569 (91)*
High 1651 (113)* 1535 (139)* 1404 (114)* 1311 (84)*
All 1353 (116)* 1250 (131)* 1129 (122)* 1059 (101)*

In each row, the means and standard deviations for the combination of two types of interventions are
presented in boldface if they show a statistically significant (p <0.001) decrease when compared to the
model that has one-level lower school intervention (the cell to the left of it). They are marked with a sin-
gle asterisk if they show a statistically significant decrease when compared to the model with one-level
lower family intervention (the cell above it)
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Fig. 10 Number of children who participated in the challenge after applying combinations of interven-
tions

combination of the different levels of family-based and school-based interven-
tions, resulting in 16 combinations.

We used a one-way ANOVA to compare the means of the number of children
who participated after applying each combination of interventions over 63 repli-
cations at each level. Data are presented as mean + standard deviation in Table 2
and plotted in Fig. 10.

Educational interventions versus social media-based policy interventions

Another way of eliminating participation in social media challenges is by detecting
videos about those challenges and removing them from social media platforms to
reduce the further spread of the challenge. We modeled these interventions in our
ABM by reducing the percentage of children who encourage other children to par-
ticipate. We assumed that this percentage is related to the accuracy of the detection
algorithm. For example, if the algorithm exhibits an 80% accuracy, then only 20% of
the children who participated and liked the challenge will encourage participation.
We tested this policy-based intervention at two levels, 80% and 90% accuracy. Since
the most recent algorithms in video detection exhibit accuracies around 90% [45],
we selected it as a representative value. However frequently, these accuracy values
are inflated because of bias in testing the algorithm using data similar to the training
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data and/or by consistently misclassifying adversarial examples [46]. In other words,
the performances of these algorithms when applied in the real world are much lower
than what is reported in the research [47]. Therefore, we also selected 80% accuracy
as a more conservative choice. The results are presented in Fig. 10. The only com-
binations of interventions that significantly reduced (p <0.001) the number of chil-
dren who participated in the challenge beyond what an algorithm with 80% detec-
tion accuracy reduced were (1) the medium level of family-based intervention and
the high level of school-based intervention [184, 95% CI (102, 267)] and (2) the
medium level of family-based intervention and all schools receive intervention [367,
95% CI (284, 450)].

Discussion

Computational simulation methods such as ABM can help explore the effects of
multiple interventions at varying levels to reduce participation in harmful behaviors.
ABM in this research provided an effective means for the conceptual dynamic simu-
lation of participation in harmful social media challenges and the potential impact
of various multilevel interventions aimed at decreasing their virality. Although this
is an abstract model, it reveals interesting trade-offs between the different inter-
ventions. The family-based interventions were the most effective, followed by the
school-based interventions, then the community-based ones. When compared to
video detection and deletion algorithms, the combination of family and school-
based interventions were better at reducing participation only at high levels of
interventions.

The impact of individual interventions

In general, the family-based interventions reduced participation more than all the
other interventions. This finding is primarily because parents had the largest impact
on children’s decisions in the model. When the intervention is given to children by
their parents, their intention to participate will be reduced more than if the interven-
tion were delivered by anyone else, thus reducing the number of people who par-
ticipated. Moreover, those who received the intervention from their parents are more
likely to exemplify a very low intention to participate, leading them to discourage
other children from participating, reducing participation further. This finding is con-
sistent with most of the recent intervention literature that suggests involving families
in interventions, especially those for children and adolescents [48].

In addition to family-based interventions, we found that school-based interven-
tions reduced participation only slightly more than community-based interven-
tions when the intervention level was low. However, at higher levels of interven-
tions, school-based interventions were much better at reducing participation than
community-based interventions. This finding was primarily due to the way inter-
ventions are deployed. When the school-based intervention is low, meaning only a
few schools receive the intervention, its main effect and its word-of-mouth effect are
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localized to areas surrounding the school. However, the spread of community-based
interventions among the children is wider than the school-based intervention when
the level is low. The low community-based intervention will reduce the intention
to participate in these challenges for people at different locations and its word-of-
mouth effect will help spread it farther to other locations. On the other hand, when
the intervention level is high, most people will receive the direct effect of the inter-
vention, reducing the word-of-mouth effect as it will most likely get to those who
have already received an intervention and developed a low intention to participate.
This finding is consistent with earlier literature on the contagion effect of commu-
nity-wide interventions [34, 49]. For example, Yonas et al. [34] tested the contagion
effect of community-wide vs. spatial-focused crime reduction interventions, finding
that community-wide interventions are more contagious than spatially focused ones
at low levels of interventions.

The impact of combinations of interventions

We conducted several combinations of educational interventions at the family and
school levels to explore the added effect of additional interventions on reducing par-
ticipation. We found that adding another intervention type significantly reduced par-
ticipation. In addition, increasing family-based interventions, one level (within the
same type of intervention) was more effective than increasing one level of school-
based interventions. However, increasing the school-based intervention by two lev-
els had the same impact or better than adding one level of school-based intervention.
Overall, the effect of increasing the level of intervention is reduced as the interven-
tion level increases. For example, if a high percentage of the population receives
a family-based intervention, then providing a higher level of a school-based inter-
vention will not be as valuable as when the family-based intervention is low. This
result is primarily due to the increased probability of providing the intervention to
children who already received an intervention or have a low intention to participate.
This common trend in the literature led to the development of focused interventions,
which target only those with a high probability of engaging in a behavior when pos-
sible [34]. Therefore, as a future direction, our interventions could focus only on
those with higher impulsivity instead of everyone in the community as a more effi-
cient alternative.

Our model could help decision-makers assess the availability of resources and
decide on which intervention type, combination, and level are more appropriate than
others. For example, family-based interventions may be more cost-effective than
other types as the delivery method relies on parents, thus requiring fewer resources.
If this is the case, then it becomes more beneficial to choose family-based inter-
ventions over others. The school-based interventions could lead to consistent and
sustained reductions in participation in harmful social media challenges if resources
are available for high-level interventions and the intervention is provided to many
schools. However, when resources are limited, community-based interventions may
have a better impact on reducing participation. The added value of a combination of
interventions can also be assessed. For instance, if the resources required to increase

@ Springer



Journal of Computational Social Science

a family-based intervention is the same as providing the intervention through a few
more schools, then the latter option might be more efficient as it is likely to have a
greater impact on participation.

Educational interventions versus social media-based policy interventions

We compared the educational-based interventions at the family and school levels
with the policy-based interventions by detecting and removing all videos from social
media platforms at two levels of accuracy: 80% and 90%. In general, the policy-
based intervention with 80% accuracy reduced participation more than any sin-
gle intervention by itself. The combination of interventions reduced participation
more than the policy-based intervention with 80% accuracy only when there were
at least medium-level interventions of both family and school-based or low school-
based with high or all family-based interventions. When the detection accuracy was
90%, only combinations of interventions with high levels or more of both family
and school-based interventions were more effective at reducing participation. These
results highlight interesting trade-offs on which type of intervention will reduce par-
ticipation more than others to help decision-makers make effective choices about
which option to use. While accuracy detection algorithms might seem to be an effec-
tive and efficient option in reducing participation, one should consider that most of
these algorithms rarely reach 90% accuracy [46] when implemented, thus possibly
making them less effective than educational methods. In addition, over the long
term, the educational-based intervention methods are more efficient as they are more
likely to target any type of social media challenge and reduce any future participa-
tion in those challenges, while on the other hand, algorithms have to be developed
each time a new challenge appears. In other words, educational interventions target
the root of the problem, while detection algorithms act as a retrospective solution.

ABMs have been used in the literature to explore the dynamics of multiple
unwanted behaviors such as crime reporting interventions for criminal behaviors
focused on the community level [34]. Although this has expanded the usability of
ABMs, there is a lack of research focused on comparing multiple levels, combina-
tions, and types of interventions. Our model is novel in the application field it used,
social media challenges, and its focus on multiple levels of educational interven-
tions, combinations of interventions, and comparison with policy-based interven-
tion. Although interpretation is limited due to the unavailability of certain data, we
will evolve the model in the future to be more robust and empirically informed. In
addition, the model provides the ability to test the model results in minutes, making
it a practical alternative to the much more time-consuming, expensive, and resource-
consuming traditional methods of testing alternative interventions.

Limitations and future work

As with any research study or simulation model, there are a number of limita-
tions we need to mention. This ABM is an early conceptual model that represents
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abstract dynamic interactions related to social media challenges focused on inter-
actions between children, their peers, schools, and parents. Although this model
is partially empirically driven, as noted earlier, there are some limitations related
to the unavailability of certain data such as demographics, social networks, and
the actual effect and cost of varying interventions on the intention to participate.
Future interactions of this model will, therefore, include a baseline for decision-
making on targeting interventions for children focused not only on reducing par-
ticipation in social media challenges but also on reducing any other unwanted
behaviors. We will also examine the dynamics of the spread of challenges to
determine the appropriate timing of introducing an intervention. Given the cur-
rent popularity of the social media, more detailed empirically grounded models
are needed to model specific levels of participation in the challenges posted on
these sites.

Additionally, future directions of this research will seek to investigate the con-
tagion effect of not only social media challenges but also suicide and other means
of self-harm. We will test the effect of other social-based policy interventions
such as deforming the “social bubbles” of adolescents with suicidal thoughts on
reducing the contagion risks of self-harm and suicide. Given the strong corre-
lation between collective and individual diversity, people find themselves inside
“social bubbles” when they use social media [50], This is either due to people’s
tendency to selectively expose themselves to the opinion of other like-minded
individuals [51, 52] or the effect of the personalized filters (algorithms) imple-
mented by social media platforms, such as Facebook, to expose the user to posts
only by like-minded individuals [53]. We hope that deforming the social bub-
bles of those with suicidal thoughts and exposing them to others who are less
like-minded will reduce the contagion risks of self-harm and suicide at a soci-
etal level. We also believe that doing so will enhance compliance with the Safe
and Effective Messaging Guidelines as this strategy will reduce the exposure of
vulnerable individuals to self-harm content and provide them with more help-
seeking opportunities [54].

Conclusion

In this work, we showed how ABM might be used to investigate the effect of edu-
cational intervention programs to reduce the participation in social media chal-
lenges at multiple levels, specifically family, school, and community. In addition,
we showed how the effect of these educational-based interventions can be com-
pared to social media-based policy interventions. This model accounted for the
word-of-mouth effect of these interventions, finding that it could either decrease
participation in social media challenge further than expected or unintentionally
cause others to participate. We suggest that educational interventions at a com-
bined family and school level are the most effective types of intervention in the
long run. Future plans include testing the effect of educational interventions on
the intention to participate in a quasi-experimental study and incorporating these
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values into a more sophisticated model that can help inform the design and selec-
tion of future intervention programs.
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