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Abstract

We characterize dynamic rational addiction to a harmful product by informed
individuals who are connected to a network of users of the addictive product. The
network harms each individual and imposes peer pressure on her to consume the
addictive product. The network contributes to the state variable of accumulated
stock affecting the individual. When harm is concave in aggregate stock, an increase
in the network intensifies addiction, and when it is sufficiently convex, a large
enough network eliminates addiction. “Rehabilitation”, achieved by total or partial
disconnection from the network, can prevent addiction if implemented early enough
. The results support regulation of social media platforms’ practices encouraging
expansion of the individual’s network and use.
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1 Introduction

It is well documented in the psychological literature that people smoke, consume alcohol,
and abuse elicit drugs more when around other people who do so and that direct or
indirect peer pressure by the others is one of the main causes of initiation of consumption,
increased consumption, and relapse after trying to quit (Larsen et al (2012); Bassiony
(2013); Etcheverry and Agnew (2008); Bhad et al (2016); Mizanur et al (2016); Dimoff
and Sayette (2016); Tikoo et al (2017); Lin et al (2017); Edwards et al (2017) Ramji et
al (2019)).1

Similarly, psychological studies have found that individuals start using social media
platforms, such as Facebook and Instagram, and find it hard to quit, due to indirect peer
pressure and the fear of missing out (Subrahmanyama et al (2008); Pelling and White
(2009); Kieslinger (2015); Abel et al (2016); Juergensen and Leckfor (2019); Blanca and
Bendayan (2018); Tomczyka and Selmanagic-Lizdeb (2018); Pontes et al (2018); Liu and
Ma (2018); McCrory et al (2022)). The fear of missing out is defined by these studies as
the “feeling that others may be having rewarding experiences from which one is absent,
characterized by the desire to stay connected with what others are doing” (Liu and Ma
(2018); Przybylski et al. (2013)). This literature has also shown that excessive use of a
social media platform is worse when the group-norm about the importance of the social
network is stronger (Marino et al (2016)).

Indeed, in recent years, extensive psychological literature shows that many surveyed
individuals develop symptoms that have the attributes of addiction to social media plat-
forms, such as Facebook, Instagram and TikTok. The psychological literature shows
that this behavior harms users and has the same attributes as ordinary addiction to
chemical substances. In particular, such compulsive use of social media platforms has
been shown to be associated with salience (permanent thinking about use), tolerance
(increased consumption is required to reach previous utility levels) relapse (reverting to
a pattern of earlier use after ineffective attempts to reduce consumption), withdrawal
(becoming stressed when trying to avoid consumption), social overload due to excessive

use, negative mood, depression, lower self-control, anxiety, insomnia, stress, envy, impair-

'With respect to smoking, for example, Malhorta et al (2009) find that “Nicotine users reported
peer pressure as a single most important cause for initiation; however after a period of use nicotine
withdrawal preempted them from stopping its use.”



ment of offline activities, damage to relationships at work and at home (attributes also
known as “conflict”), and, in extreme cases, suicide (Elphinston & Noller, (2011); Kuss
& Griffiths, (2011); Andreassen et al, (2012); Maier et al (2012); Wilcox and Stephen
(2013); Sagioglou & Greitemeyer, (2014); Andreassen (2015); Kircaburun and Griffiths
(2018); Abbasia and Drouinb (2019); Marengo et al (2020); Brailovskaia et al (2020);
Lemert (2022)). Economists have recently supported the psychological literature with
randomized experiments (Allcott et al 2022).

It is well documented that, alongside various benefits, social media platforms cause
harm. Allcott et al (2020)’s randomized experiment including 2,743 participants shows
that social media users with intensive use would rather decrease their use of the social
media site in order to improve their well-being. They find that deactivation of Face-
book for four months is equivalent to added income of $30,000. Braghieri et al (2022)’s
quasi experiment using Facebook’s staggered rollout in US colleges finds that Facebook
impaired college students’ mental health and estimate that Facebook explains 24% of
the increased prevalence of severe depression among college students over the last two
decades. They show these mental health consequences to be higher the longer the col-
lege student was exposed to Facebook. Rosenquist et al (2022) cite internal Instagram
and Facebook studies documenting such harm, particularly with respect to teenagers.?
Harm to the individual by the social media platform has been shown to increase over time
(Brailovskaia and Margraf (2017); Brailovskaia et al (2018))). Indeed, Mark Zuckerberg’s
published “Blueprint for Content Governance and Enforcement” reveals that user engage-
ment peaks when the content is just barely allowed and when users’ ex-post reported
well being concerning it is negative.® It has been reported that Facebook’s algorithm
routing content to the user’s feed places five times more weight on responses including
angry emojies than on ordinary “likes” (Omerus et al (2021)). McCrory et al (2022)’s
survey finds that features such as likes and infinite scrolling were associated with nega-
tive emotions. Similarly, Fan et al (2014) show that in Weibo, the largest Twitter-like
service in China, anger by one user provokes anger by connected users more than joy
provokes joy.

Shensa et al (2017) show, in a U.S. nationally representative sample of 1749 young

2Furman et al (2019) and Crémer et al (2019) report harm caused by social media platforms to the
privacy of users.
3See Lemert (2022), and https://www.facebook.com /notes/751449002072082/ .



adults aged 19 to 32, that 44% of U.S. young adults have symptoms of mild addiction to
social media platforms and 14% have symptoms of more severe addiction. Reer et. al.
(2020) show, in a nationally representative sample of 1929 German internet users aged
between 14 to 39, that 2.6% of them suffer from disorders associated with addiction to
social media platforms. De Cock et al. (2014) had similar findings, of 2.9% of internet
users aged 18 and above in a nationally representative Belgian sample. Banyai et al
(2017) find, in a nationally representative sample of adolescents in Hungary, that 4.5%
of them were at risk of addiction to social media platforms. As Lemert (2022) reports,
psychiatric experts on technology addiction estimate that 5% of all Facebook users (i.e.,
approximately 11.6 million Americans) experience addictive use. Also, studies have
shown that adolescents spend 20% to 30% of their waking hours on digital platforms
(Twenge et al 2019; Rosenquist et al 2022). As of November 2022, it has been reported
that Facebook alone has 2.96 billion users and the 2022 figure for Instagram was 1.28
billion users.? Tiktok was reported being one of the world’s fastest-growing social media
platforms, with more than one billion active users worldwide.® By 2022, social media
platforms are used by more than half of the world’s population, and the average user
spent around two and a half hours per day on social media platforms (McCrory et al
(2022); Braghieri et al 2022).

In accordance with these empirical findings, in our framework consumption by the
other members of the network harms the individual.® We assume the individual has
no control over her connection to the network. For example, although an individual
could physically disconnect from Facebook or Instagram, she cannot disconnect from
her friends. Knowing that these friends will go on using Facebook or Instagram without
her, the effects of the network on her (stress, envy, the fear of missing out, etc.) are

assumed to persist. .7 Other examples of networks the individual must take as given

1See https://www.oberlo.com /statistics /how-many-users-does-facebook-
have#: ™ :text—According%20t0%20the%20latest %20data,users%20worldwide%20is%202.96 %20billion;
https://www.oberlo.com /statistics /how-many-people-use-instagram#: ~:text=In%202022%2C %20the
%20number%200f,1.
®Anderson v. Tiktok, Inc. (United States District Court for the Eastern District of Pennsylvania)
2022 U.S. Dist. LEXIS 193841.

6Our framework could easily be extended to cases where harm from the network begins (or outweighs
the benefit) when reaching some threshold of exposure to the network’s use. This could capture cases
in which moderate consumption (e.g., of alcohol or of using social media platforms) does not involve
net harm to the individual.

"Cabral (2011) finds that the majority of respondents in her study had failed attempts to reduce social
media usage. Conversely, Allcott et al (2020) show that temporary deactivation of Facebook reduced
future usage. Our results would not qualitatively change if the individual is connected because she
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are adolescent school-mates, or members of the same household, who smoke, consume
alcohol, consume drugs, or develop obesity, together.

We assume that the network exerts peer pressure on the individual to consume the
addictive product. Peer pressure can involve direct pressure imposed on the individual
to consume the product. Alternatively, peer pressure could be indirect: it may be the
individual that feels pressured to consume the harmful product due to the fear of missing
out. More precisely, in our model, each individual in the network decides on the quantity
she consumes of a non-addictive product (e.g., offline activity) and an addictive product
(e.g., use of the social media platform), both of which are assumed to give the individual
current benefit. We model peer pressure by assuming that the higher the aggregate stock
of consumption by the whole network, the lower the individual’s marginal utility from
consuming the non-addictive product rather than the addictive product. The effect of
each network member ¢ on the aggregate stock affecting another network member j could
differ among individuals.

Hence the network in our framework can harm the individual either directly (as in
the case of passive smoking or a social media platform exhausting the individual’s time
or invoking envy or frustration) or indirectly, via the peer pressure. For example, an
adolescent who goes to a bar with her friends may individually prefer a soft drink to
alcohol. Yet her friends’ peer pressure reduces her marginal utility from the soft drink,
so she consumes alcohol instead. Absent the network, she would have consumed the soft
drink and derived a larger benefit.

In our model, it is the aggregate accumulated stock of consumption by the network
that affects the individual and not only the peers’ current or lagged consumption. In-
deed, most of the psychological literature cited above shows that peer pressure is not
caused only by the peers’ current consumption of the addictive product, but also by
the network’s accumulated past consumption. In the case of social media platforms
such as Facebook and Instagram too the psychological literature documenting the fear

of missing out and peer pressure as a driver of use implies that this fear is increasing

derives a large enough fixed benefit from being connected (or large enough fixed cost of disconnection).
This benefit or cost notwithstanding, in our model the individual still prefers the network’s consumption
to be as low as possible, so as to reduce the harm such consumption causes the individual. Take, for
example, an individual who wants to be connected to a network of smoking bosses and colleagues at
work, so as to keep her job or be promoted, yet she prefers that the quantity of smoking be reduced to
Zero.



in the amount of accumulated use by others in the network, and does not hinge only
on contemporary use (Turel and Osatuyi (2017)). For example, the larger the number
of posts and stories the individual’s friends have posted, the more the individual expe-
riences the fear of missing out if she does not participate too. Our assumption that it
is the past accumulated stock of the network’s consumption that affects the individual
also draws support from Arduini et al (2019)’s empirical study of high school students.
Their data includes the amount of use of cigarettes or alcohol by an adolescent’s close
friends in previous years and they find that the parameters generated by this data affect
the adolescent’s current use.® Also, the harm that the network inflicts on the individual
is more reasonably assumed to increase in the accumulated consumption of the network.

Our objective is to characterize equilibrium behavior of network members in a dy-
namic setting. Individuals in our model are strategic players, rational and informed.
We wish to show under what circumstances a rational and informed individual can find
herself addicted to a harmful product, when she is part of a network of other individ-
uals who consume the product and exert peer pressure on her to consume. This can
be a plausible cause for addiction in network settings (e.g., addiction to a social media
platform) that may be extremely important. The underlying question is, will a rational
individual reduce her own consumption of the addictive product, to counteract the future
harm from the network’s accumulated stock, or will the individual join in and consume
more of the addictive product, due to the network’s peer pressure? Which of these two
opposing forces dominates?

We study addiction in a network setting under two scenarios. The first assumes
that the individual’s own consumption does not affect other members of the network.
This case captures situations in which the individual does not play a pivotal role in
the network, e.g., because she is unpopular or does not carry much weight within the
network. This part of our analysis also captures situations where the network is large,
as is the case of addiction to Facebook, Instagram, or TikTok, or smoking in a crowd.
Accordingly, the individual assumes that the other members of the network are in a

steady state, contributing a constant level of consumption per period.

8Similarly, Larsen et al (2012) show that alcohol consumption of an individual is increasing in the
size of her peers’ consumption. See also Cutler and Storm (1975). Another example is obesity, where
the literature shows that the chances of becoming obese rise when close peers are obese (e.g., Fowler
and Christakis (2008)), and here too it is the accumulated consumption that matters.



A second scenario we explore is that of a network with strategic players. We char-
acterize and study an open loop equilibrium (OLE), in which each individual in the
network is assumed to know the initial state of aggregate stock but she does not ob-
serve the subsequent states. Hence, at the outset of the game, each individual chooses
a sequence of consumption levels and commits to them. Each sequence of consumption
levels is the best response to the sequences of the others.?

When discussing addiction by individuals who are not connected to a network, previ-
ous literature has dealt with either irrational or rational addiction. In the former strand,
the individual does not weigh the product’s virtues and harm in a rational way, and hence
she becomes addicted (see, e.g., Winston (1980); Gruber and Koszegi (2001) and Gul
and Pesendorfer (2007). The second strand of the literature assumes that the individual
is rational, but nevertheless consumes an addictive product. Stigler and Becker (1977),
and Becker and Murphey (1988)’s models of rational addiction imply that the individual
is content with her addiction. In order to explain situations in which a rational individ-
ual regrets consuming the addictive product, Stigler and Becker (1977), and Becker and
Murphey (1988)’s theory of rational addiction has been further developed by Orphanides
and Zervos (1995), who assume that the individual is uninformed as to the harm she
may suffer from the addictive product. Wang (2007) studies rational addiction by an
individual who is misinformed regarding the level of consumption causing addiction and
the level of consumption enabling the individual to quit successfully.

In contrast to this literature, in our paper the individual may consume an addictive
product that harms her even though she is both rational and perfectly informed regarding
future harm. This occurs when the individual is part of a network of other individuals
who consume the addictive product, and is subject to peer pressure from the other
members of the network.!® Hence we offer an alternative explanation for initiation of

consumption of a harmful and addictive product and of addiction to it that does not

9In  the online appendix, we show the existence of Markov Perfect equilibrium

behavior, in which each individual’s strategy relies on the current state of aggre-

gate stock, in two extremes-of zero consumption or maximum consumption by the

whole network. The online appendix is available at https://en-law.tau.ac.il/sites/law-

english.tau.ac.il/files/media_ server /Law /faculty %20members/David %20Gilo/addiction network online appendix.pdf
10We do not claim that, in reality, most individuals involved in consumption of drugs, alcohol, or social

media platforms are fully rational and informed. Yet we aim to show that even if we assume they are,

they may find themselves in a harmful addiction. Naturally, assuming irrationality or under-estimation

of harm would only exacerbate addiction in our framework.



hinge on irrationality or misinformation about future harm or the ability to quit. Our
framework also explains why rational and informed individuals initiate consumption
of a harmful addictive product even absent a temporary stressful event, assumed to
cause initiation in the Becker and Murphey (1988) framework. Allcott et al (2022)’s
randomized experiment shows that individuals do not reduce their use of social media in
a way that is consistent with their awareness of its addictive nature and they interpret
this result as inattentiveness to self-control problems. Our theoretical result offers a
rational foundation for Allcott et al (2022)’s finding, since in our model, although the
individual is aware of the addictive nature of social media, peer pressure and the fear of
missing out nevertheless induce her to use it extensively.

We show that being part of a network can encourage or discourage the individual to
become an addict depending on whether the harm inflicted on the individual is concave
or convex in the network’s accumulated consumption. If the harm is concave, for a
large enough network, the concavity of harm and the peer pressure reinforce each other
so that an individual who would have abstained from the addictive product absent
the network may start consuming it and follow a consumption path that leads to her
own addiction. Also, any increase in the network, its consumption, or the degree of
influence among individuals causes addiction by the individual to be more severe, with
larger consumption of the addictive product. This is consistent with Turel and Osatuyi
(2017)’s empirical survey, showing that an observed increase in peers’ use of a social
media platform augments the individual’s compulsive use. The reason for this result in
our model is that the individual is between a rock and a hard-place: If she abstains,
the network harms her anyway. She can mitigate this harm via current consumption,
so she joins the rest of the network and consumes herself. If the harm inflicted by the
network is concave in the accumulated stock of consumption, it is never the case that
the individual restrains her own consumption in order to mitigate overall future harm.

Conversely, if the harm inflicted by the network is sufficiently convex, a large enough
network has a chilling effect on the individual’s consumption. In such a case, being
part of the network diminishes the individual’s consumption of the addictive product.
Here the future marginal harm inflicted by the network outweighs the peer pressure, so
the individual counteracts the network’s harmful consumption by abstaining herself. In

equilibrium, since all individuals are deterred from consumption, a large enough network



can reduce overall consumption of the addictive product by all individuals.

Although the network can cause and intensify addiction, there is always a welfare-
maximizing consumption-less equilibrium in our framework, as long as members’ initial
stock of consumption is sufficiently small. Along-side this equilibrium, though, there are
equilibria with consumption, including full consumption (of spending the individual’s
entire income on the addictive product). This implies that individuals can benefit from
organizations such as Alcoholics Anonymous or weight loss groups, or appropriate guid-
ance from teachers, which help them coordinate on the consumption-less equilibrium.Our
focus on a network’s accumulated past consumption as a factor that can induce the indi-
vidual to become an addict also sheds a new light on the question of rehabilitation from
the addictive product. One of the characteristics of harmful addictions that the rational
addiction literature dealing with an individual not connected to a network has not yet
been able to explain is the incidence of rehabilitation efforts (i.e., seeking external help
to eliminate or reduce addiction). In particular, if an individual is content with her
addiction, as in Stigler and Becker (1977) and Becker and Murphey (1988), then she
would never want to go to rehab. In Orphanides and Zervos’s (1995) framework of an
uninformed individual who becomes addicted and regrets it, there is again no reason for
rehab. In their model, if the individual becomes aware of her harmful addiction too late,
she wishes to continue consuming the addictive product (she goes on a “binge”), so she
does not want to go to rehab. If she grasps the situation early enough, on the other
hand, she stops consuming the addictive product on her own (she goes “cold turkey”),
and does not need rehab. Similarly in Wang (2007), the individual may be able to quit
on time on her own, and if not, she will not want to go to rehab.

In our framework, in which there is a network whose accumulated stock of consump-
tion pressures the individual to consume the addictive product, rational efforts to try to
do something in order to free oneself from the addictive product become meaningful. In
particular, the individual can rationally try to seek intervention that reduces the harm
the network inflicts on her. Given that the individual has no control over the network’s
behavior, the individual may well require some external intervention or commitment
mechanism that would help free her from the network’s grasp. For example, a teenager
that was induced to consume drugs or alcohol due to pressure from her network of friends

may rationally prefer that some agency forbid her friends from consuming, or even from



approaching her. Indeed, in the context of smoking, Dimoff and Sayette (2016) discuss
disconnection from one’s network of smoking friends as a means of helping a smoker quit
smoking. Similar methods have been suggested in the context of addiction to alcohol by
adolescents (Teunissen et al (2014); Kremer and Levi (2008)). Short of disconnection
from the network, we show that a reduction in its size, or its consumption, can help the
individual avoid addiction and mitigate the harm.

In the case of harmful addictions to social media platforms too peer pressure by
the network, or the fear of missing out if disconnected, can make it difficult for the
individual to disconnect from the network on her own. She may rationally prefer that
some intervention be used to help her disconnect. Some apps have been developed that
enable such intervention with self-help (Andreassen (2015)). Such apps are designed so
that the individual will not be able to circumvent them, even if she deletes the app.!' We
show that the question whether rehab, in the form of disconnection from the network,
is effective depends on it’s timing. If it is applied to the individual after aggregate
stock passes a certain critical level, it is too late. Even if the individual is disconnected
from the network, she goes on a binge and continues consuming the addictive product
on her own. On the other hand, if such rehab is timed before aggregate stock passes
this critical level, it succeeds in releasing the individual from the addictive product:
the individual goes “cold turkey” and converges to a lower state of consumption of the
harmful product. This is consistent with Malhorta et al (2009)’s finding that when the
individual is disconnected from smoking peers too late, she typically continues smoking
due to nicotine withdrawal. In the context of social media platforms,

the effectiveness of disconnection from the network depends on whether the fear
of missing out an individual experiences when not using the social media platform is
caused by constantly receiving notifications and alerts, rather than simply knowing or
imagining that the network is operating without her. Allcott et al (2020)’s randomized
experiment supports the former possibility in the sense that it shows that temporary
deactivation of Facebook for four months lowers consequent use of Facebook. Thus,
the fear of missing out may be numbed by temporary disconnection from notifications

and alerts. Allcott et al (2020) stress that their finding is inconsistent with Becker and

HGee getcoldturkey.com; https://getcoldturkey.com /testimonials/; https://selfcontrolapp.com/;
https://freedom.to/why.
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Murphey (1988)’s rational addiction framework. Our framework can be used to provide a
theoretical foundation for Allcott et al (2020)’s finding without relaxing the assumption
that individuals are rational: Even temporary disconnection from the network can cause
aggregate stock to erode in a way that reduces peer pressure (e.g., the intensity of the
fear of missing out), causing a rational reduction in the individual’s consumption. Social
media platforms install features that make it difficult to disconnect. This increases the
chances that the individual’s disconnection will be too late, or easily reversible, and
therefore ineffective.

Our formal results support legal policy papers (e.g., Rosenquist et al 2022; Griffin
2022; Langvardt (2019)) calling for regulation of social media platform’s practices of
pushing a user to expand her network or her usage of the network. Facebook, for
example, has a generous ceiling, of 5000, on the number of friends an individual can

13 and it was

have.!'? Instagram allows a user to follow up to 7500 other individuals,
reported that TikTok’s threshold is 10,000.* Within these generous ceilings, social
media platforms consistently encourage individuals to expand their networks. All three
networks have no limit on the number of followers a user, or a user’s page, have.
Moreover all three networks do not limit the volume of content the individual’s friends
expose her to. Much to the contrary, social media platforms have been consistently using
practices and algorithms that encourage excessive use. For example, they all feature
“infinite scrolling”, in which, without changing screens or having to click, the individual
can endlessly scroll down content she is exposed to by others with no limit. Griffin (2022)
surveys testimonies of industry experts according to which social media platforms use
practices such as noisy and alerting notifications, “rewards” and invitations to react such
as the "like" buttons, comment boxes, and “pull to refresh” buttons, designed to resemble
slot machines, and proven by psychologists to encourage individuals to connect while
exercising compulsive behavior.'> As reported by Lemert (2022), a former Facebook

executive revealed that "the thought process [behind Facebook’s business model| was all

about, "[hJow do we consume as much of your time and conscious attention as possible?”

12See https://www.facebook.com /help/211926158839933 / ?helpref=uf _share
13See https://help.instagram.com /408167069251249 /?helpref—uf share

HSee https://www.itgeared.com /how-many-people-can-you-follow-on-
tiktok /#: ™ :text=Unfortunately %2C%20Tik Tok%20restricts %20the%20number,than %2010%2C000%20
accounts%20in%2

15Gee, e.g., Hilary Andersson, Social Media Apps Are ’Deliberately’ Addictive to Users, BBC
NEWS (July 4, 2018), https://www.bbc.com/news/technology-44640959 [https://perma.cc/3WKV-
9NCF]; Langvardt (2019).

11



and quotes Facebook’s experts concluding that "we need to ... give you a little dopamine
hit every once in a while, because someone liked or commented on a photo or a post

. and that’s going to get you to contribute more content, and that’s going to get you
more likes and comments. It’s a social validation feedback loop." As Neyman (2017)
stresses, the “like” and analogous features build on individual’s craving to receive social
gratification.

While legal policy papers advocating for regulation of these practices take a behav-
ioral approach and assume individuals become addicted because they are not informed
or not rational, our results show that harmful addiction can occur even when the affected
individual is completely rational and informed about the risk. This can further reinforce
the case for regulation and copes with possible allegations from social media platforms
that it is supposedly unreasonable to assume users are irrational and uninformed about
the risk, given the salience of the possibility of addiction to social media platforms and
the associated harm. Our results further imply that it may not be enough to change
default features, as suggested by some of the current legal literature and proposed legisla-
tion, such as disabling infinite scrolling of content or frequent notifications about current
and potential friends or limiting the duration of possible per-day use, while allowing the
individual to opt-in and restore such harmful features.'® The reason is that due to the
network’s peer pressure, the individual may well opt-in and restore problematic features.
A similar policy implication of our results is that merely making the individual aware
of the risk of addiction, or warning her of her particularly extensive use (as offered for
example by Nikbin et al (2020)) may not be helpful. In our framework, the individual is
fully aware of the future negative repercussions stemming from excessive consumption
of the addictive product. Yet she may consume excessively and become an addict due
to the network’s peer pressure. Similarly, the extensive regulations requiring suppliers
of alcohol and cigarettes to disclose the dangers from consumption may not be effective
if the individual is exposed to a network that consumes alcohol or smokes.

Another subtlety our analysis reveals is that in cases where the harm inflicted by the
network is sufficiently convex in the network’s consumption, attaching an individual to
a large network can actually deter her from consuming the addictive product. Yet by

revealed preference, if a social media platform such as Facebook, Instagram or TikTok

L6For such legislative initiatives see Griffin (2022).
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had exerted efforts to expand individuals’ networks and use, this implies that this social
media platform understands the harm function not to be so convex so as to induce indi-
viduals not to use the network when it expands: this would harm the platform’s profits.
Accordingly, in this sense too the well-known efforts exerted by social media platforms
to expand the network and its use can be used as evidence further supporting regulation.
In response to public criticism, social media platforms have introduced features the user
can choose to limit hours of use.!” Yet given the network’s peer pressure pushing the
individual to expand her consumption, these modest efforts may not be enough to pre-
vent addiction. These features are usually turned off by default and are difficult to find
(Langvardt (2019)). In any case, all they do, if activated by the user, is make her aware
of the time she had spent on the platform.'® Our model demonstrates though that such
awareness will not suffice.

Similar reasoning suggests that, at least in extreme cases of harmful addiction by
an individual, ex-post tort or antitrust liability for the harm caused by the network’s
efforts to expand the individual’s exposure should be considered. As legal scholars have
claimed, strong analogies can be drawn between tobacco companies inducing addiction to
cigarettes and social media platforms inducing addiction to their networks (e.g., Rosen-
quist et al 2022; Griffin 2022; Lemert 2022). Just as ex-post tort liability of tobacco
companies has been sought, similar tort liability could be considered in the case of social
media platforms. Similarly, since the allegation is that these social media platforms have
designed their product in a way that stimulates harmful addiction, liability related to
product safety laws could be considered. In recent years, dozens of product liability suits
across the U.S. were brought against Meta (the parent company of Facebook and Insta-
gram), TikTok, Snapchat, and other social media platforms.'® All of these suits were
consolidated and transferred to the Federal district court in Northern California, holding
that all of these suits “present common factual questions arising from allegations that
defendants’ social media platforms are defective because they are designed to maximize

user screen time, which can encourage addictive behavior in adolescents. ... including

17See, e.g., Andersson 2018.

18Gee, e.g., https: //m.facebook.com /help /www/1737706169659354;
https:/ /help.instagram.com/2049425491975359; https://support.tiktok.com /en/account-and-
privacy /account-information /screen-time.

9Gee In re Soc. Media Adolescent Addiction/Personal Injury Prods. Liab. Litig., 2022 U.S. Dist.
LEXIS 227736.
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whether Meta’s platforms (Facebook and Instagram) encourage addictive behavior ...
and inadequately safeguard against harmful content and/or intentionally amplify harm-
ful and exploitative content.”?° Although the U.S. Congress has enacted, in 1996, section

230 of the Communications Decency Act,?!

, which grants immunity from liability to a
website platform for content created by third parties, the claim in these suits is that
there is no such immunity for the actions of the platform itself that could encourage or
intensify harmful addiction to the platform. Our results according to which an increase
by the network and its usage harms the individual and can create or intensify addiction
can support such legal implications.

Furthermore, social media platforms such as Facebook and Instagram are allegedly
dominant in their relevant markets. In antitrust jurisdictions in which a dominant firm
is liable not only for conduct excluding rivals, but also for conduct directly exploiting
consumers, such as the EU, an antitrust claim could be brought, at least in extreme
cases, according to which Facebook or Instagram had designed their services in a way
that makes them unsafe and stimulates harmful addiction. Moreover, when a social
media platform encourages addiction to its network, this also tends to exclude rivals,
in the sense that it exacerbates a network effect that causes the market to tip into
monopoly in the first place. This exclusionary effect can, in principle, constitute an
antitrust violation also in jurisdictions such as the U.S., in which there is no antitrust
liability for direct exploitation of consumers.

Our paper contributes to the sparse literature that combines habit formation by
forward-looking individuals with social interactions. Bisin et al (2006) study an equilib-
rium of habit formations and social interaction in which an individual’s utility is affected
by her neighbor’s current actions and has disutility from changing habits. Ozgur et al
(2017) extend Bisin et al (2006) and study a linear setting with random preference shocks.
They assume that the individual has disutility from deviating from peers’ current pref-
erence shocks, as well as from the individual’s consumption in previous periods. Abel
(1990) studies individuals affected by their peers’ previous period average consumption
as well as their own previous period consumption. He focuses on the equity premium

puzzle. Reif (2018) studies addiction by an individual with quadratic utility who may

208ee id.
2147 U.S.C. §230.
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be affected in a symmetric way by current actions of her peers . His model focuses on
positive network effects, causing the individual to consume too little. Binder and Pe-
saran (2001) study individuals who are affected by their last-period decisions and have
a taste for conformity to previous period’s average behavior by others. Their focus is on
consumption-savings.

Our paper differs from this literature in various ways. First, in our model accumu-
lated consumption by the network directly affects each individual’s state of aggregate
stock. We believe this is an important avenue to study since, as noted, the psychological
and empirical literature on peer pressure to consume addictive products usually implies
that it is the peers’ accumulated stock of consumption that matters. This includes the
phenomenon of excessive use of social media platforms, where the psychological litera-
ture implies that the fear of missing out driving such excessive use is increasing in the
accumulated stock of consumption by the rest of the network. Moreover, unlike previous
literature, we study the case of a harmful product and of a network’s aggregate stock
that harms the individual. Also, our model utilizes the possible multiplicity of steady
states and equilibria to study the effect of rehabilitation (i.e., disconnection from the
network) on binge and cold turkey behavior. Another difference between our paper and
previous literature is that we examine how a change in the network, such as the addition
of new members, or a change in members’ initial stock or the influence matrix, affect
the equilibria of the strategic game. This has policy implications for instances in which
an entity influencing network size and use, such as a social media platform, utilizes this
influence to encourage addiction. To the best of our knowledge, we are the first theoret-
ical paper to model how actions of social media platforms affect addiction.The rest of
the paper is organized as follows. Section 2 describes the model. Section 3 studies the
case of a constant network and Section 4 studies the strategic game. Section 5 discusses
the case where harm is sufficiently convex in aggregate stock. Section 6 summarizes our

policy implications and Section 7 concludes.

2 Model

Consider n individuals who form a network, individuals i« = 1,2, ...,n. In each period,

individual 7 can consume two products: the non-addictive product, ¢, and the addictive
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product, a. The n individuals are connected to the network at time ¢ = 0. Time
is discrete and there is an infinite number of periods. In each period ¢ individual 7
consumes a quantity ¢ of product ¢ and a quantity a! of product a. The aggregate stock
of product a, the addictive product, affecting individual ¢ until the beginning of period

t, is st. Accordingly:

3§+1 = 05, + Z%‘jag (1)

j=1

Where 7;; > 0 is a parameter depicting how consumption by individual j (including
individual i herself) affects individual i’s utility, through its effect on aggregate stock.
This allows for a situation in which the individual’s own consumption affects her dif-
ferently than the effect on the individual of the other network members’ consumption.
The weights v;; form the influence matrix I" = (v,;). Furthermore, v;; = 1, so the in-
dividual’s own consumption enters her aggregate stock as is, while v;; may be different
than 1 for i # ji,5 = 1,...n. This way, we can distinguish each of the n individuals by
her vulnerability to the rest of the network and her influence on others. For example, a
particularly popular Instagram celebrity j is expected to have a large ~;; for all ¢ # j.
Hence the contribution to the aggregate stock of individual ¢ at time ¢ by all others is
denoted by & = vija{. In Facebook, for example, the accumulated stock each indi-
vidual is exposedjt;li)z is placed in her “feed”, using the infinite scrolling feature mentioned
in the introduction, which includes all content and updates from her friends and from
pages she follows. The content posted by the individual is placed in her profile, which
includes a time-line in which the individual can share, on an ongoing basis, posts, text,
photos and video, with her friends and followers.?? Instagram has similar features, such
as the “feed” (with the infinite scrolling) and the profile, and it also features the “story”,
in which content expires after 24 hours, though the individual can store this content
3

permanently by including the content in the “highlights” feature.?

According to equation 1, the state of the game is an n dimensional vector comprised

22Gee https://www.facebook.com /help/396528481579093 / ?helpref—hc_fnav.

23See https:/ /help.instagram.com /381013822382269 / 7helpref=uf permalink&parent cms_id=1986234648360433
(for the “feed”); https://help.instagram.com/110121795815331/7helpref=uf_share (for the pro-
file); and https://about.instagram.com /blog/announcements/introducing-instagram-stories;
https://about.instagram.com /blog/announcements/introducing-stories-highlights-and-stories-archive
(for story and highlights).
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of the aggregate stocks of all n individuals and is denoted by s; = [s}, 52, ..., s7]T. Thus,

the evolution of this n dimensional state in matrix notation is:

St11 = 5§t + Fﬁt (2)

Where § € (0,1) is the past consumption’s dissipation factor and a, = [a},d?, ..., a}].

Each individual derives current positive benefit from the addictive product, but at the
same time she suffers harm from the aggregated stock accumulated from past consump-
tion by the individual and the other members of the network, s’. All individuals have
the same utility function and the utility of individual ¢ in period ¢ is denoted u(ct, al, si).
Furthermore, the network inflicts peer pressure on the individual, which reduces the
individual’s marginal utility from product ¢, the non-addictive product (ui3 < 0).

Each individual has a fixed income per-period, y. We shall normalize the price of
product ¢ to 1 per unit and assume, for simplicity, that the “price” per unit of product
a, the addictive product, is also 1.2* All individuals discount future utility by 8 € (0, 1).

Accordingly, the problem faced by individual ¢ when the initial aggregate stock is s, is:

maz {(1 ~8) Bu(c,d, sz'>} (3)

sit.ct+al <y,

ci,al >0,

Siy1 = 05; + Z?:l %jai

Where we multiply the stream of utility by 1 — § to obtain the average utility per-
period that individual ¢ obtains. We make the following assumptions:

Assumption 1: The function u(c,al,s!) is twice continuously differentiable for
ci,al, st > 0, including one-sided differentiation in corners.

Assumption 2: The function u is increasing and strictly concave in ¢! and a* (u} > 0,
ub >0, uly <0, ub, <0).

Assumption 3: The function u is decreasing with aggregate stock: ug < 0.25

24The price the individual pays for the addictive product need not be monetary. For example, in the
case of addiction to social media platforms such as Facebook or Instagram, although the individual does
not pay in monetary terms, she can be assumed to pay by devoting time or privacy. We assume, for
concreteness, that this sacrifice is deducted from the individual’s per-period income, just like a monetary
price.

25 Assumptions 1 and 2 are consistent with McCrorry et al (2022)’s qualitative survey of social media
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Assumption 4: Aggregate stock reduces the individual’s marginal utility from the
non-addictive product (u3 < 0). 26

Assumptions 1 and 3 enable us to focus on addiction: although aggregate stock (that
includes the individual’s own past consumption) harms the individual, her consumption
of the addictive product gives her immediate benefit: this formally captures the charac-
teristics of withdrawal and tolerance that are typical to addiction. Under assumptions
3 and 4, however, it is not only the individual’s own accumulated consumption that af-
fects her, but also the whole network’s aggregate consumption, weighed by the influence
parameters ;. This capture’s our focus on the effect of the network on the prospects
of harmful addiction, through the harm and peer pressure that the network causes the
individual.

Assumption 5: uz3 > 0: aggregate stock harms the individual in a decreasing way
(that is, harm itself is concave in aggregate stock). This reinforces the peer pressure
inflicted on the individual in a way that encourages addiction. As we shall see, if this
assumption is relaxed and u%; << 0 (i.e., harm is sufficiently convex in aggregate stock so
that marginal harm is sufficiently increasing in aggregate stock), belonging to a network
can actually cause the individual to abstain from the addictive product.

Individual ¢’s problem can be simplified by noting that her utility is strictly increasing
in ¢’ so that her budget constraint is always binding. Thus ¢! = y—a’ and the individual’s
per-period utility and harm can be represented by w(a’, s') = u(y — a’, a’, s*). It follows
directly from assumptions 1 to 5 above that w; > 0,ws < 0, w1 < 0, w19 > 0, woy > 0.

The next section discusses the network’s effect on an individual whose behavior does
not affect other network members, who are assumed to be in a steady state, so that
they contribute a constant level of aggregate stock each period. We shall call this the
constant network case. Then, in Section 4, we extend the analysis to a strategic network

where individuals optimally respond to each other’s consumption.

users finding that individuals convey a short-lived positive experience together with a long-run negative
experience.

26To focus on peer pressure, we further assume for concreteness us3 = 0 (aggregate stock has no effect
on the individual’s marginal utility from the addictive product). Similarly, u15 = 0: current consumption
of the addictive product does not affect the marginal utility from the non-addictive product and vice
versa. Our results would not be affected by allowing uis # 0, and us3 # 0, as long as us3 — u13 > 0 and
U1 + Ugo < 2uUqs.
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3 Constant network

Consider now a special case of the general model depicted in section 2, in which for a
certain individual ¢, v;; = 0Vj # ¢, i.e., the individual’s consumption of the addictive
product does not affect the other network members. Nevertheless, consumption by the
other network members affects individual . This corresponds to cases in which individual
i is not an important member of the network (e.g., an unpopular adolescent who is part
of a network engaged in consumption of cigarettes, drugs or alcohol). Another case this
variant of the model depicts is that of a network that is large, so that the individual
does not affect it, as is usually the case with social media platforms such as Facebook
and Instagram. Since individual ¢ does not affect the rest of the network, assume the
rest of the network is at some steady state, so that its effect per-period on individual ¢ is
constant: Zj i a‘Z%j = ¢ Vt. As before, the individual has two available products: an
ordinary product ¢ and an addictive product a. Denote the individual’s consumption of
product a at period t as a; and the aggregated stock affecting the individual (contributed
by the individual and the network) until the beginning of period ¢ as s;. The evolution
of aggregate stock affecting the individual is given by:

Si41 = 0S¢ + ap + &, (4)

Hence s, is the (one-dimensional) state at time t.
The individual’s utility in period ¢ is w(ay, s;). Clearly, the optimal strategy is sta-
tionary and depends solely on s;.

Thus, the individual’s value function can be represented recursively as::

V(sp) = max (1—7) Zﬁtw(at,st).

Vt:a:€]0,y]

s.t. St+1 = 6875 ‘I— Qy —f‘g

The corresponding Bellman equation is:

V(s) = max B(1 — Bw(a, s) + BV (ds +a + &), (5)

a€l0,y]
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Proposition 1 establishes the existence and uniqueness of this value function and the

existence of the individual’s policy correspondence. All of the proofs are in the appendix:

Proposition 1. In the constant network case, there is a unique continuous value func-
tion, V(s), which satisfies equation (5) and there exists a non-empty, upper hemicontin-

uous, policy correspondence:

O(s) = {s": V(s) = (1 = Blw(s’' — b5 =&, 5) + BV(s)} (6)

We now derive an equation that the individual’s optimal consumption path must
fulfill. Denote by u1; < 0 the Lagrange multiplier on the constraint a; > 0 and pg > 0
the Lagrange multiplier on the constraint a; < y. The Lagrangian associated with

Equation (5) is

Ly = (1 = Blw(as, s¢) + BV (ds¢ + ar + &) + pae(ar — y) — pasay. (7)

Denote p; = poy — p11;- Lemma 1 derives the individual’s first order condition:

Lemma 1. (a necessary condition for optimal behavior along the optimal path of an

individual exposed to a constant network) The individual’s first order condition is:

wy(ay, s¢) + pi + Blwz(asr, Se41) — dwi (g1, Se41) — Opter] = 0. (8)

Equation (8) describes individual ¢’s optimal reaction to the network’s consumption.
The network’s consumption affects the aggregate stock of consumption, s, which, in
turn, affects individual ’s utility from consumption. Also, since we have not imposed
a condition of joint concavity, there may be more than one steady state (i.e., a state
satisfying 5 € @(5)) to which optimal paths converge, depending on the initial level of
aggregate stock. When studying the case of an individual not connected to a network,
Orphanides and Zervos (1994) and Dechert and Nishimura (1983) have shown that in
this case, even with multiple steady states, optimal paths of consumption monotonically
converge to a steady state. Our next result is that this monotonicity property carries
over to the case of an individual connected to a constant network.

By the principle of optimality, one of the optimal paths starting from the steady
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state of aggregate stock s involves retaining the same aggregate stock ad-infinitum.
Proposition (2) below shows that retaining the same aggregate stock is actually the
only optimal path. The proposition also shows that between any two consecutive steady
states there is a unique critical level such that an optimal path starting below the critical
level converges to the lower steady state and an optimal path starting above the critical
level converges to the upper steady state.

Using the individual’s first order condition in (8) we can prove that the aggregate
consumption paths are separated (i.e., if a path of consumption starts at a higher level,

it always continues at a higher level each period) and monotone:

Proposition 2. Fix £ > 0. The optimal path of aggregate consumption of the addictive
product has the following properties:

(i) At least one steady state exists.

(7i) Any optimal path of aggregate stock monotonically converges to a steady state.

(7ii) There is one critical level between any two consecutive stable steady states.

The possibility that optimal paths and steady states are not unique and the feature
that an optimal consumption path beginning above a critical level monotonically con-
verges to an upper steady state while an optimal path beginning below the critical level
monotonically converges to a lower steady state is meaningful for modeling addiction.
It can capture behavior such as going on a binge (converging to an upper steady state
of consuming the addictive product) or go cold turkey (converging to a lower steady
state). Also, note that we do not require that optimal paths be interior solutions.?” This
allows for optimal abstinence from the addictive product or acute addiction of using the
individual’s entire income to consume the addictive product.

Next we wish to emphasize that in our model, the network and aggregate stock harm

the individual, as described in the next lemma:

Lemma 2. (the individual suffers from the network) Fiz sy to be some initial state and
define by V (so; &) the value of the decision problem in (5) for a specific £&. Then V (sg; €)

18 decreasing in both arguments.

This follows directly from our assumption that ws(ay, s;) < 0. For example, if the

individual is present in a network of smokers, the larger this network, the worse off is the

2"In particular, wq (0, s) # oo
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individual (regardless of her own smoking), due to passive smoking. That is, the increase
in the individual’s own smoking brought about by an increase in the network’s smoking,
despite its immediate benefit to the individual, never outweighs the harm inflicted on the
individual by the aggregate stock of consumption. The same could apply to social media
platforms, such as Facebook and Instagram: Obviously, these networks bring utility to
the individual, and this utility in and of itself may well be higher for a larger network.
We focus, however, on the harm: Suppose that a multitude of friends on Facebook causes
the individual harm that outweighs the above-mentioned benefit. This harm could stem,
for example, from stress, envy, distress, less productivity, problems with relations, and
so forth, as documented by the vast psychological and economic literature and internal
Facebook and Instagram studies cited in the introduction. The harm inflicted on the
individual need not be direct. A network of teenagers consuming alcohol together inflicts
harm an an individual teenager in the sense that the network’s peer pressure reduces
the individual’s marginal utility from consuming the non-addictive product, e.g., a soft
drink. Consequently, the network causes the individual to consume a smaller quantity
of soft drinks and a larger quantity of alcohol and hence the peer pressure harms the
individual. Also, the lemma shows that the individual in our framework always prefers
to begin with lower aggregate stock (sg), regardless of the network’s size.

We now ask whether in such a case, in which the network causes the individual net
harm and inflicts peer pressure, the individual will nevertheless consume the addictive
and harmful product. This is despite the fact that the individual’s own past consumption
of the addictive product harms her in the future. In other words, suppose that absent
the network, the individual would have refrained from becoming addicted to the harmful
product. Can a large enough network induce the individual to become an addict? We
show that the answer is yes.

To prove this result we first show that if a path of aggregate stock is increasing for a
particular network size, it must be increasing for a larger network. This further implies
that a critical level (above which if the individual begins consumption then her future
consumption converges to a higher steady state) is non-increasing with the network.

These findings are established in the following lemma:

Lemma 3. (i) Let §< ¢ be two network levels and let so be an initial state. If the path

of aggregate stock starting from sq increases over time when the network is E, it also
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increases over time when the network is £.

(i1) Critical levels are non-increasing in the size of the network &.

According to the first part of Lemma 3, the individual does not react to an increase
in the network by reducing her own consumption in a way that makes aggregate stock
decrease over time (so as to reduce future harm from aggregate stock). The driving force
of this result is the peer pressure inflicted by the network (w;o > 0) and the fact that the
harm is concave in the aggregate stock (wge > 0). Intuitively, what could have caused
the individual to try to counteract the harm caused to her by the network by significantly
decreasing her own consumption is the detrimental long-term effects of aggregate stock
on her utility. Yet the individual knows that the network’s peer pressure, reducing her
marginal utility from the non-addictive product, will grow into the future, while the
marginal harm diminishes.

The second part of Lemma 3 follows directly from the first: If an optimal path starting
from any sg slightly above the critical level of a small network is rising, we know from
the first part of the proposition that the optimal path must also rise from s, for a larger
network. Hence it cannot be that the critical level is higher in the larger network. Figure
1 illustrates an example in which a larger network strictly lowers the critical level.?

The results in the first part of Lemma 3 can be used to show that a large enough
network induces an individual who would have abstained from the addictive product to

become an addict. This is shown in the following proposition:

Proposition 3. (a large enough network induces an abstainer to become an addict) Sup-
pose that for £ = 0 the lowest steady state is 0 (accompanied by a constant consumption
of 0) and the second lowest steady state is S (supported by a constant consumption of
a = (1—-10)38), and let s, be the critical level between these two steady states. Then for

any & > (1 — 9)s,, the individual never consumes 0 in a steady state.

Proposition 3 shows that an individual who, but for the network, would have ab-
stained from the addictive product, becomes addicted for a large enough network. The
intuition for this result is that the network changes the individual’s priorities, through its
effect on the individual’s marginal benefit from the non-addictive product. In particular,

recall that by assumption 4, wis > 0 (the larger the network, the less marginal utility

Z81n this example w(a, s) = l”gr%") +(s+0.1)In(0.14a),y=1,=06=0.9
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Figure 1:

Critical level reduction
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the individual derives from the non-addictive product). This peer pressure exerted by
the network induces the individual to consume the addictive product, despite the self-
inflicted long-term harm involved in such consumption. The individual fully understands
that her current consumption will cause her future harm. Nevertheless, she consumes
the addictive product, because her marginal benefit from the non-addictive product is
decreased, and will continue to decrease further in the future, due to the network’s con-
sumption. The network will harm the individual more and more into the future, and the
individual cannot do anything about it. Thus, the individual joins in on consumption,
in order to minimize the harm via current benefit from consumption.

Proposition 3 also establishes an upper threshold for what constitutes a sufficiently
large network so as to induce addiction. It suffices that the network be larger than
(1—9)s., where s, is the critical level (absent the network) between the zero consumption
steady state and the higher steady state. Such a network accumulates aggregate stock
that converges (even absent any consumption by the individual) to a steady state above
s. (the steady state for & = (1 — d)s. absent consumption by the individual is precisely

The fact that critical levels can strictly decrease with the network (see part (ii)
of Lemma 3 and the example in Figure 3), introduces a second mechanism, besides
that of Proposition 3, by which an abstainer can start consuming the addictive product
when connected to a network. Without a network, the critical level may be above the
individual’s initial stock. Hence her aggregate stock converged to a lower steady state,
corresponding to zero consumption. When connected to the network, the critical level
may be reduced below the individual’s initial stock. In such a case, the individual starts
consuming and aggregate stock converges to a positive level. This mechanism is not
relevant to an abstainer with zero initial stock. Since the critical level cannot be reduced
below zero, only the first mechanism, of Proposition 3, can cause her to consume.

The second part of Lemma 3 could have implications for an extended model in which
the individual is not aware of the harmful effects of the addictive product, and ex-
periments with it as in Orphanides and Zervos (1995)’s framework. Only after such
experimentation the individual can verify whether the network is harmful or not. Once
the individual verifies this, however, it may already be too late: if such awareness occurs

after the individual has passed the critical level, she becomes addicted and continues
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consuming up to a higher steady state. When the individual is connected to a network,
Lemma 3 shows that the larger the network, the lower this critical level. It follows that
the larger the network, the more likely is experimentation by the individual to end up
in addiction.

Note that, both under the mechanism of Proposition 3 and the mechanism described
above, of reduction of the critical level, the individual need not be exposed to the network
for a long period to start consuming the addictive product. Positive consumption by the
(former) abstainer, due to the network, begins immediately when the individual connects
to the network. She understands that, due to connection to the network, aggregate stock
will converge to a positive steady state anyways, so she joins in with consumption at the
outset.

The conclusion that for a network larger than £ = (1 — §)s,, stock crosses the critical
level that prevailed even absent the network has another important implication: once ag-
gregate stock passed this critical level, “rehab” in the form of disconnecting the individual

from the network, is no longer effective. This is summarized in the next corollary:

Corollary 1. (condition for timeliness of rehab) For any network of size § > (1—10)s,, if

rehabilitation of the individual, via an intervention that disconnects the individual from

1n<1—%c(1—6))

= — 1, it 18 no longer effective.

the network, is implemented after period t. =

This follows from proposition 3 and from a calculation of the number of periods
that it takes the network (even absent consumption by the individual) to reach the
critical level s.. If the network is larger than (1 — ¢)s,, it eliminates zero consumption
as a steady state and will cause aggregate stock at some point to cross s., which is
the critical level above which the individual becomes hooked on the addictive product
even absent a network. Hence if intervention that disconnects the individual from the
network (immediately reducing £ to zero) occurs after this time window, and therefore
after aggregate stock had already crossed s., it will not help and the individual will
continue consuming on her own up to her upper steady state. Note also that, since
In(z) < 0 for z < 1, t. is decreasing with ¢, i.e., the larger the network, the higher
the chances of untimely rehab. This creates another motivation to regulate social media
platforms to deter them from encouraging an individual to expand her network. We

also know that the individual is worse off than in the zero-consumption steady state

26



since by 2, the individual’s value function V(sg,&) is decreasing in both arguments.
Hence the value is lower due to the inflated aggregate stock, even after disconnection
from the network that reduced £ to zero. Conversely, if disconnection from the network
occurs early enough, and in particular before aggregate stock reaches s., such rehab
is timely and effective. Once the individual is disconnected from the network’s peer
pressure, her aggregate stock of consumption converges downwards, back to the steady
state of zero consumption. Note, however, that the time window provided in Corollary
3 is just an upper threshold. In particular, depending on the extent of the individual’s
own consumption until aggregate stock reaches s., earlier interventions than this time
window may be ineffective. Interestingly, the apps mentioned in the introduction enable
the individual to limit the period in which she is exposed to the social media platform.
Corollary (3) shows that such self-help could indeed prove helpful in preventing addiction,
since it improves the prospects that the individual is not exposed to the network’s peer
pressure long enough to enable aggregate stock to pass her critical level s,.2°

Next we examine how a large enough network affects an individual who is prone to
be a heavy user of the addictive product, but may also be in a lower steady state of
consumption. The next proposition shows that if the network’s per-period consumption
is larger than the individual’s per-period income y, the individual’s possibility of con-
suming less disappears and her only steady state is that of maximum consumption of

the addictive product:

Proposition 4. (a network larger than the individual’s per-period income retains her
mazximum consumption as a unique steady state) Suppose that for & = 0, one of the
individual’s steady states involves mazimum consumption of the addictive product (a
steady state of L5, with a constant consumption of y by the individual). Then, for

& >y, the unique steady state is the one where the individual consumes y every period.

The intuition for Proposition 4 is that without a network, if initial stock corresponds
to consuming y per period, this is better for the individual than any lower consumption,
since maximum consumption is one of the individual’s steady states. A network con-
tributing more than y per period to the stock affecting the individual eventually brings

her to such a situation, so that maximum consumption becomes her only steady state.

29 Allcott et al (2022)’s randomized experiment finds that individuals are willing to pay for such apps.
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Note that the individual’s lowest steady state absent a network could also be one of total
abstention. Proposition 4 implies that when exposed to a large enough network, if this
individual is prone to addiction (i.e., she also has a steady state of y consumption), y
consumption becomes her only steady state.

While Proposition 4 warns us that a even a network of modest size could cause the
individual’s steady state to be one where the individual spends her entire income on the
addictive product, we next show that when the network is large enough, the individual
consumes the maximum quantity of the addictive product from the outset, once she joins

this large network:

Proposition 5. Suppose that for & = 0, one of the individual’s steady states involves
mazrimum consumption of the addictive product. For a large enough network, the indi-

vidual’s optimal consumption plan is to consume y in each period for every initial state.

We now turn to the effect of the network on internal steady states (that involve
neither zero consumption nor maximum consumption). Suppose the individual is already
addicted, in the sense that she consumes a non-zero quantity of the addictive product
in a steady state. Let us first derive the individual’s necessary condition for optimal

behavior in such a steady state:

Lemma 4. Fiz £ > 0. Let s be an internal steady state (i.e. a steady state that is

supported by a non-corner consumption, s # 1%57 ll’—J_rg) Then

(1= B0)wi((1=0)s —¢&,5) + fun((1 = 6)s = &,5) =0 (9)

this can be derived directly by setting a;41 = a; = @ and s;41 = s; = S in the
individual’s first order condition along an optimal consumption path (Eq. 8).

Let us now derive a feature of the individual’s second order condition that will prove
useful in what follows.Suppose that the initial state is s and consider a consumption
policy a; = @ + €b; where € is small enough and b; is some bounded series. The term eb;
represents possible small deviations from the individual’s optimal consumption strategy
in an internal steady state. The overall payoff (divided by (1 — §)) when using this

00 t—1
policy is f(€) = > Blw(a+ ebs, 5+ € > 6°7%71b;,). The first argument is the individual’s
=0 k=0
consumption at time ¢ and the second argument is aggregate stock, after calculating
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the cumulative effect of the deviation terms. Because consumption of @ supports the
steady state, the function f(e) attains its maximum at 0, which means that f'(0) = 0
and f”(0) < 0.

The small deviations from the optimal consumption path, eb;, could take various
forms. For our purposes, it suffices to consider constant deviations each period from the
optimal strategy (b = b(1,1,...)). Then the second order condition f”(0) < 0 yields the

following lemma:

Lemma 5. According to the individual’s second order condition, the requirement that

constant deviations from the optimal strategy are not profitable demands that:

The intuition for Lemma 5 is that in a steady state, the individual balances between
the marginal benefit she derives from consuming more of the addictive product and
the marginal loss caused by the future increase in aggregate stock this consumption
causes. The individual rationally anticipates that, although an increase in her current
consumption of the addictive product benefits her in the present, it entails negative
repercussions in the future. These negative repercussions are caused by the fact that
current consumption increases future aggregate stock. Future aggregate stock further
induces the individual to consume more in the coming periods (causing further future
harm, and so forth). This is especially so if wjs (corresponding to the peer pressure
inflicted by the network) is large. Indeed, a large wio increases the left hand side of
(10), making it more easily violated. Furthermore, the individual knows that she will
not be able to restrain herself from consuming in the future if wys (the concavity of the
harm from increased stock) is too large and wq; (the concavity of marginal utility due
to consumption) is too small in absolute value. Indeed, (10) is violated when ws and
was are too large relative to wy;’s absolute value.

We can use the result in Lemma 5 to prove that any increase in the network increases
both the aggregate stock and the individual’s own consumption in any internal steady

state:

Proposition 6. (steady state consumption and stock increase with the size of the net-

work) Fiz € > 0. Let's be an internal steady state (i.e. a steady state that is supported
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by a non-corner consumption, 5 # <=, ¥

==, 45 ) and let @ = (1 — )5 — £ be the supporting

consumption. Both the steady state and the indiwvidual’s consumption increase with &.

Proposition 6 shows that the network has an unambiguous positive effect not only on
the occurrence of addiction, as shown in propositions 3 and 4, but also on the severity of
addiction: In our framework, an addict connected to a network always consumes larger
quantities of the addictive product when the network is larger. At first blush, there
could have been an opposite intuition, where a rational individual faced by a larger
network reduces her own consumption so as to counteract the future harm involved
in the higher aggregate stock of consumption. Although a larger network inflicts peer
pressure that induces higher current consumption, higher current consumption, as noted
earlier, has negative future repercussions: First, the individual’s consumption itself raises
the future stock of consumption, which harms the individual. Second, increased future
aggregate stock further induces the individual to increase consumption in the future,
causing more future harm, and so forth. Hence when the network grows, the individual
faces a trade off: on the one hand, the network’s peer pressure presses her to consume
more. On the other hand, the individual knows that current consumption has the above-
mentioned negative effects on her well being in the future. Nevertheless, proposition 6
shows that, unfortunately for the individual, when the network grows, the first effect
always dominates, as long as harm is concave in aggregate stock: the addicted individual
responds by increasing her consumption of the addictive product. In particular, the
proposition shows that had the individual attempted to mitigate the effect of a larger
network on her by consuming less, she would have deviated from what is optimal for her
and this violates the second order condition in Lemma 5. This second order condition
already takes account of the above-mentioned trade-off between the current benefit from
consuming the addictive product and the negative future repercussions. It turns out that
this second order condition is more binding on the individual than the trade off that an

increase in the network creates.

4 Strategic network members

In this section we extend our analysis to a strategic game in which individuals in the

network react optimally to each other’s consumption. This is unlike the previous section,
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in which other network members were assumed to be in a steady state and the individual
was assumed not to affect their behavior. We focus on an Open Loop Equilibrium
(“OLE”) solution concept. Based on the initial state vector of aggregate stock, s,, each
individual in the network chooses a time-dependent consumption plan and commits
to it. These strategies form an equilibrium in time-dependent strategies: given the
consumption paths of all players j # i, the best response of player i is her equilibrium
strategy. The strategies are not state-dependent, so the consumption of the players
remains the same even if others deviate or make errors.3® This solution concept can
be either interpreted as individuals’ ability to commit to a consumption path or to a
lack of the individual’s ability to observe whether her peers had deviated from their
equilibrium consumption paths. As noted by Fudenberg and Tirole (1995, p. 131-132),
the OLE solution concept, in addition to its tractability, can be a good approximation
for a Markov Perfect Equilibrium if there are many individuals. In such a case, an
unexpected deviation by one individual can have little influence on player ¢’s optimal
strategy, so we assume she does not observe this deviation. In our OLE framework, the
influence parameter satisfies ;; > 0V, j = 1, ..., n, so that each individual’s consumption
affects each other individual’s aggregate stock. We start from the existence of a zero-
consumption OLE (Section (4.1)) and of a maximum-consumption OLE (one where all
individuals in the network spend their entire income y on the addictive product each
period) (Section (4.2)). Then, in Section (4.3), we prove the existence of an OLE for
any vector of initial states and any influence matrix and study comparative statics and
the possibility that an addition of an individual to the network will cause a cascade of

consumption of the addictive product by other network members.

4.1 Zero-consumption equilibrium

Suppose that individuals’ utility function w is such that supports zero consumption in
the no-network case such that a single individual with this utility function, with an initial

state so = 0 and without a network optimally will abstain from the addictive product.

30The online appendix discusses a closed loop equilibrium solution concept, and in particular a Markov
Perfect Equilibrium (“MPE”), in which each individual’s strategy relies on the current state of aggregate
stock. We show that our results, to be elaborated on below, of co-existence of a consumption-less
equilibrium path and an equilibrium in which all network members spend their entire income on the
addictive product each period, carry over to this case as well.
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The following proposition shows that, even when such an individual is connected to a
network of similar individuals, with a low enough initial state of aggregate stock, the

entire network will avoid consumption along the equilibrium path.

Proposition 7. (Consumption-less OLE) Suppose that the optimal strategy of an indi-
vidual without a network with a utility function w and initial state so = 0 is to avoid
consumption for all t. Then there exists & such that for all initial states in the set [O,E]”,

avoiding consumption for all t is an OLE.

Proposition 7 shows that a network need not induce the consumption of the addictive
and harmful product if all individuals manage to coordinate on zero consumption. This
may be true even if individuals reach the network after consuming minor amounts of the
addictive product on their own, as long as the initial aggregate stock of consumption is
small enough. The size of this interval depends on the individuals’ utility function and on
the influence matrix I'. Similarly, depending on the parameters of the case, small enough
consumption by network members will not break the consumption-less equilibrium.

Since, as we show below, there are also other equilibria, with consumption, we note
here that the consumption-less equilibrium characterized in Proposition 7 is the best
one in terms of welfare. Indeed, suppose there exists an equilibrium where individual 7
consumes (a!) and the rest consume according to their best-response (a;*). Let w;(al, a;™)
be the utility of individual 2. Since the payoff is decreasing with the network, she prefers
everyone else to consume zero, thus w;(al,a;") < w;(at,0;"). However, if everyone else
consumes 0, we get the consumption-less equilibrium (provided initial consumption was
small enough) since by Proposition 7 4’s best reply is also 0: wu;(al,0;") < (0%, 0;°).
Thus: wu;(al,a; ") < wu;(0¢,0;") and the consumption-less equilibrium yields the best
payoff to all individuals. Accordingly, members of the network face a coordination game.
They collectively prefer the consumption-less equilibrium, but may find themselves in an
inferior equilibrium with positive consumption.?! For example, a group of adolescents
with small enough initial aggregate stock of smoking, or the use of drugs or alcohol,
would benefit from guidance, from teachers or instructors, that helps them coordinate

on collectively remaining with no consumption. Joint guided discussions, such as those

31 As shown in the online appendix, the result of an optimal consumption-less strategy profile when
initial stock is small enough carries over to a Markov-Perfect Equilibrium framework.
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of Alcoholics Anonymous, weight loss groups and similar organizations, can help solve
this coordination problem as well.

The consumption-less equilibrium, however, is fragile, in the sense that if an indi-
vidual with high enough consumption of the addictive product joins the network, the
network’s aggregate initial state jumps to a level that may induce consumption of the ad-
dictive product by others in the network-a cascade. Indeed, as we shall see in Proposition
(10) below, when the consumption-less equilibrium is broken, an OLE with consump-
tion always exists. Hence the addition to the network of a problematic individual, with
high enough consumption, causes the network to switch to a new equilibrium with con-
sumption by other individuals, to the detriment of the whole network. We explore this
possibility of a cascade of consumption breaking a consumption-less equilibrium later
on, in Lemma 8§ and the discussion following it.

Individuals’ coordination problem may lead them to the worse kind of equilibrium,
where all network members spend their entire income on the addictive product. This is

studied in the next section.

4.2 Maximum consumption equilibrium

This section shows that if network members are prone to severe addiction, in the sense
that for a large enough stock of consumption, they consume their entire income y per
period on the addictive product, then for a large enough network, it is an OLE for all of

them to consume y each period:

Proposition 8. Suppose that for all individuals there exists an initial state and a con-
stant network & > 0, such that the optimal action is to consume y each period. Then
there exists N’ such that if n > N’ there exists an OLE in which all the individuals

consume y in each period, regardless of the initial state.>?

Recall though that by Proposition 7, if network members are prone to severe addiction
on one hand but also have a steady state of total abstention, on the other, a consumption-
less OLE always exists as well, regardless of the number of individuals. Our next result is

that when the network is large enough to support a maximum-consumption equilibrium,

32The online appendix also shows the existence of a maximum-consumption Markov-Perfect equilib-
rium.
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these two extremes are the only OLE’s, and no OLE with intermediate consumption,

between zero and y, exists:

Proposition 9. Suppose that the optimal strategy of an individual without a network and
a low initial state so = 0 is to avoid consumption for all t, while with some wnitial state
sg and constant network &y, her optimal action is to consume y. Then for a network
comprising of such individuals and the low initial states there exists N' such that if

n > N’ there could be either a 0-consumption OLE or a y-consumption OLE.

Accordingly, interventions to reduce consumption of the addictive product should be
aimed, inter- alia, at a reduction of the number of network members, in a way that
reduces the prospects of a maximum-consumption equilibrium, and second, improving
the prospects of a consumption-less equilibrium, by preventing individuals with high
initial stock, high influence over others, or highly influenced by others, from joining the
network. We elaborate further on the latter implication in Section (4.3). The damage
from a maximum-consumption equilibrium can be mitigated by interventions that are
aimed to reduce the magnitude of maximum consumption. Take, for example, Facebook,
Instagram and TikTok’s infinite scrolling feature discussed in the introduction. This
feature facilitates and encourages maximum consumption. Regulatory intervention that
limits the use of this feature can help alleviate the damage, by placing a cap on per-period
consumption, at least when it comes to adolescents.

In the next section, we consider the general existence of an OLE, not only in the
special cases of no consumption or maximum consumption and we study the effect of

changes in the model’s parameters and network members on such equilibria.

4.3 Internal equilibria and comparative statics

Sections 4.1 and 4.2 have shown the conditions for zero consumption and maximum-
consumption OLE’s. In what follows we establish, using Tarski’s fixed point theorem,
that for any vector of initial stock and for any influence matrix, a pure strategy OLE
always exists. Hence when these extreme OLE’s of zero and maximum consumption do
not exist, an OLE with intermediate consumption always exists.

We start by proving the existence of best responses, in the following lemma, and then

prove the existence of internal OLE’s, in the following proposition:
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Lemma 6. Let s, be some initial state and fiv a= = (a;")en to be the consumption
strategy of all individuals except individual i (each a;" is a vector with n — 1 elements).
Then there exists a best-response for individual i and the correspondence that assigns the

set of best-replies to each a™ is non-empty, compact valued, and upper hemicontinuous.

Proposition 10. For any vector of initial stock sy = [s§, 82, ..., s8]T and for any influence

matriz I' a pure strateqy OLE always exists.

Proposition 10 guarantees the existence of an OLE. This implies that when the net-
work is not in one of the corner solutions discussed in the previous sections, of zero or full
consumption, there always exists an OLE with intermediate consumption (where at least
one individual consumes between 0 and y in some period). What drives this existence
result is the supermodularity of the game: individuals’ reaction functions are upward-
sloping, so any increase in one network-member’s consumption induces an increase in
all other network-members’ consumption and this enables use of Tarski’s fixed-point
theorem to reach the existence result.

Let us now study the effect of changes in the influence matrix or in network members’
initial states on the OLE. To do this, consider a particular intermediate-consumption

OLE. Individual 7’s utility and state evolution is:
wla) =3 B, 5) (11)
t=0

sy =084 + Z’Vika’ffl (12)
k=1

Her marginal utility of additional consumption at time 7 is:

oo

U = Frwn(als) + ) B T ws(aj, 5)) (13)
t=r+1

The next lemma shows that in any OLE, any small parameter change that induces some

individuals in the network to consume more causes the network to switch to a new OLE

in which all individuals consume more, and vice versa: any small parameter change that

induces some individuals in the network to consume less causes the network to switch

to a new OLE where all individuals consume less:
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Lemma 7. Let (1 be some parameter, and o, some OLE in the game with this parameter.
Consider a new identical situation with 1 instead of pi, such that ' > p, and let ) # I C
N be the set of individuals who have a profitable deviation from o, when the parameter
is in-fact (/. If oll individuals in I now want to consume [weakly] more (less) than in
o, then there exists an OLE o, where all individuals in the network want to consume

[weakly] more (less) than in o,.

Note that for an individual with positive consumption in the original OLE, the change
from p to p' causes consumption to strictly (and not only weakly) increase. The only
case where the change could have no effect is where ai = 0 or a = y in some OLE. Here,
although individual i’s marginal utility increases by the change in p, when a! = 0 this
may not be enough to overcome the future harm of increased consumption, so that ¢’s
optimal action remains ai = 0, and conversely she cannot consume more than y.

We now use the result in Lemma 7 to changes in the influence matrix, the addition or

omission of network members, and changes in individuals’ initial stocks of consumption;

Corollary 2. Consider an intermediate-consumption OLE. All of the following changes
yield a new OLE in which consumption of all network members (weakly) increases (de-
creases):

(1) Any increase (decrease) in the influence parameter v;; (1 =1,...n, i # j).

(ii) Any addition (omission) of a network member i for which ~;; > 0 or v;; > 0
(i=1,..n,i#j)

(1ii) Any increase (decrease) in an individual’s initial stock of consumption.

The first part of Corollary (2) shows that for any intermediate consumption OLE, if
the influence of one network-member on another network member is increased, this has
detrimental repercussions for the whole network and it is not only this other network
member who became more influenced that consumes more in the new OLE. Due to the
peer pressure inflicted by each network member on the others via the influence matrix
I', an increase in the particular influence of individual j on individual i (v;;) causes all
network members to consume more of the addictive and harmful product. Conversely,
a decrease in the influence of individual j on individual ¢ causes a decrease of such
harmful consumption by all network members. This implies that it is all the more

important from a welfare perspective to try to intervene so as to reduce such influence.
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For example, a teacher or psychologist could try to separate two adolescents that grew to
be particularly close to each other and it is suspected that they, together with others, use
drugs or alcohol. Such efforts would reduce overall drug or alcohol consumption in the
whole group. Facebook, for example, provides popular users with a “Top Fan Badge” that
enables the user “ ... to more easily identify your most engaged followers and to encourage
them to engage more on your Page.”?® Translated to our framework, this intensifies the
already large influence parameters this popular user has on her most influenced followers.
A related example concerns search features in social media platforms such as Instagram’s
“explore” feature, which are designed to expose the user to the type of content she is
expected to engage with the most.>* Here, rather than raising the influence parameter
itself, Instagram exposes the user to content involving the largest influence parameters.
Tik'Tok, for its part, uses the “for you” feature, which automatically includes in the
user’s “feed” she is exposed to upon entry into the app the content she is expected to
engage with the most, i.e., the content released by network members with the strongest
influence over the individual.?® Facebook’s algorithm pushing a notification to a friend
whose photo appears in a photo posted by another friend, encouraging her to respond,
is similarly analogous to artificially boosting the second friend’s influence over to first
friend.

Similarly, the second part of Corollary (2) implies that when an individual who
influences others, or is influenced by others, is added to the group, the whole group
consumes more of the addictive product. This result is consistent, for example, with
Facebook executive Lars Backstrom’s statement that use of Facebook increases with the

36 Moreover, this individual herself will consume more of

number of the user’s friends.
the addictive product after joining the network than what she would have consumed on
her own. This implies that in our framework, any addition of individuals to the network
is harmful, regardless of how well they behaved before they had joined the network. For
example, an individual may abstain from the addictive product when alone. Yet in our

framework, it is never sound policy to add her to the network with the hope that she

would have a good influence on others. Since what matters is the accumulated stock of

33See https://www.facebook.com/gpa/blog/top-fan-badge.

31See https://help.instagram.com/140491076362332/?helpref=hc_ fnav.
35Gee https://later.com /blog/tiktok-algorithm /.

36See http://www.graphanalysis.org/SIAM-AN10/01_ Backstrom.pdf.
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consumption, the network’s original consumption will have a bad influence on the new
network-member: she may start consuming the addictive product herself, and this, in
turn, will have a bad influence on the original members of the group. They too will
consume more of the addictive product in the new OLE.

Part (iii) of the corollary implies that the higher (lower) is the initial stock of con-
sumption, the larger (smaller) is consumption of the addictive product. This can be
combined with the result in parts (i) and (ii) to imply that if a new member must be
added to the network, it is better to add one with the smallest possible initial stock
of consumption and the smallest possible influence on the other members and smallest
possible influence of the other members on the new member. The converse is true with
respect to the question who is it best to remove from the network: it is the individual who
dominates all others with respect to her initial stock, influence over others, and influence
by others. Part (iii) easily extends also to an increase in the initial multi-dimensional
state: for two initial states s, < s{, (element-wise comparable), for each OLE starting
from s, there is an OLE starting from s where consumption of the addictive product
for all ¢ is higher and all of the states are higher along the equilibrium path compared
to sg.

Interestingly, Facebook and Instagram have designed their platforms in a way that
even a user who has deactivated her account but later decided to reconnect automati-
cally retains all of the friends and content that she was exposed to when disconnected.?”
This inflates her initial stock upon her return to the platform and, by Part (iii) of Corol-
lary 2, enhances equilibrium consumption of the whole network. Practices of Facebook,
Instagram and TikTok that encourage new users to offer links to their profile in other
networks in which they have already shared content are also a form of inflation of the
initial stock. For example, a new TikTok user who has been using Facebook and In-
stagram is encouraged to provide links to those following her on TikTok to all of her
content in the other two networks.?®

Another type of change we wish to study is that of addition of a new member to the

network where, prior to this addition, the network enjoyed a consumption-less equilib-

37See https:/ /www.facebook.com /help /250563911970368; https:/ /help.instagram.com/370452623149242;
https://www.guidingtech.com /instagram-delete-vs-deactivate-difference/.

38https:/ /support.tiktok.com /en/getting-started /setting-up-your-profile/linking-another-social-
media-account.
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rium. In other words, we wish to examine whether a “rotten apple”, with high enough
initial stock, can “spoil the barrel” in the sense that this rotten apple causes other network
members to start consuming. We can gain more insight about individuals’ equilibrium
behavior in such scenarios by establishing next that any individual’s optimal reaction to
a changing network is between her reaction to a constant network that is smaller than
the changing network and her reaction to a constant network that is larger. This will
enable us to use our results from the constant network case, in which we have shown
that a large enough constant network can cause an abstainer to start consuming the

addictive product, to the strategic case:

Lemma 8. Let &;(t) be the aggregate stock per period of a network that changes with
time such that § < &(t) < & for all t and let £ and € be two constant networks. Let al be
individual i’s optimal reaction given the changing network, ai her optimal reaction given

& and @, her optimal reaction given . Then a) < a} < @,.

The intuition for Lemma 8 is that if the individual consumes in response to the lower
constant network, she surely consumes in response to the higher changing network. This
follows from the game being supermodular, as we show in the proof of Proposition 10.
By the same reasoning, the individual’s response to a changing network cannot involve
more consumption than her response to a constant network binding the changing network
from above.

Lemma 8 has important implications for the formation and expansion of networks
that may involve a cascade of harmful addiction.

In particular, we know from Lemma 8 that when an individual prone to consuming the
addictive product (the “rotten apple”) is added to a network of abstainers, the reaction of
these abstainers to the changing aggregate stock caused by the rotten apple is at least as
strong as the abstainer’s reaction to a constant network binding this changing aggregate
stock from below. To illustrate, suppose that individual j was in a consumption-less
OLE corresponding to Proposition 7. Suppose now that some new individual, i # j
is added to the network, and her initial stock is such that she consumes the addictive

product. The minimum stock individual j is exposed to each period due to individual

39This further implies that the aggregate stock of the changing network affecting the individual is
between that of the two constant networks, since the individual’s own contribution to this stock is also
between her contributions to the two other stocks.
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’s consumption is L; = ~v;infal. By Lemma 8, individual j’s best-response to the
changing network caused by individual ¢ is larger than individual j’s best-response to
a constant network of L;. Our results on constant networks (Section 3) imply two
mechanisms from which we can deduce individual j’s consequent consumption of the
addictive product. First, if, given a constant network of L;, the critical level is reduced
such that s > s.(L;), where s is individual j’s initial stock, and s.(L;) is the critical
level caused by a constant network of L;,** then j’s best response to such a constant
network is to consume. Alternatively, by Proposition 3, if L; > (1 — ¢)s., where s,
is the critical level absent a network between an individual’s zero-consumption steady
state and her lowest positive-consumption steady state absent a network, individual j
will surely consume due to the rotten apple’s consumption (even ignoring their initial
states). Consequently, by Lemma 8, positive consumption is j’s best response to the
changing network caused by the rotten apple as well. Now consider the aggregate stock
contributed by these two consuming individuals, ¢+ and j. By a similar reasoning, their
consumption forms a changing network that the remaining individuals in the network are
exposed to. This changing network too is bounded from below by some constant network
that, by the results in Section 3, induce consumption of other network members, and so
forth. By the existence result of Proposition 10, we know that the positive consumption
induced by this cascade forms an OLE.

To make things more concrete, the following algorithm characterizes the set of in-
dividuals who end up consuming the addictive product in such a cascade. Let a single
individual 4’s initial state be s* and suppose that when this individual is exposed to a
constant network &, f(s%,€) = infia; is her lowest consumption along the optimal path.
Denote our “rotten apple” w.l.o.g as individual 1. Suppose she has a high enough initial
state so that f(s',0) > 0. Suppose further that the other n—1 individuals in the network
have sufficiently low initial states such that they would not consume when disconnected
from the network. The following algorithm allows us to predict which network members
will consume in equilibrium due to the addition of individual 1 to the network and derive
a lower bound for the level of equilibrium consumption for each network member:

Step 1: set C; = {1}, L1 = f(s*,0). If the other network members abstain, individual

40Recall that by Lemma 3 and figure 3, critical levels are non-increasing in network size and, at least
in certain cases, they are strictly decreasing.
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1 consumes alone. If other network members consume, individual 1’s equilibrium con-
sumption can only increase. Thus, the other network members are exposed to a changing
network due to individual 1’s consumption and the set {j ¢ Ci|f(s?,7v;1Li) > 0} rep-
resents the set of individuals that consume because of individual 1’s consumption. Set
Cy = CrU{j #1|f(s),7;1L1) > 0}, and for each j € O, set L3 = f(s7, 71 L7).

Step k: If the rest of the individuals act as described in step k-1, each agent in the
set C_1 consumes at least Lf‘l, and the sum of these (times the appropriate 7’s) is the
updated changing network everyone is exposed to.

We therefore set Cy, = Cy_1U{j ¢ Cr1|f(s?, > ~;LF™') > 0} and for each j € Cy,

1€Cl_1
set L5 = f(s7, > 4uLE™"). If, at some point, Cj includes all network members, then

they end up inﬂik;quilibrium in which all of them consume the addictive product (i.e.,
the rotten apple, individual 1, spoiled the whole barrel — all remaining n— 1 individuals).
Otherwise, the rotten apple might spoil part of the barrel: all of the functions L;? are
increasing and bounded by some limit (otherwise, an unbounded level of aggregate stock
would have induced all network members to consume). When this limit is (almost)
reached, the L"f functions stop changing and the set C, is the minimum set of individuals
who are guaranteed to consume the addictive product in equilibrium.*!

Consider now the possibility of rehabilitation, in the form of some external interven-

tion that disconnects the individual from the network, when absent rehabilitation an

OLE with consumption is predicted. We summarize the result in the next corollary:

Corollary 3. (condition for timeliness of rehab) Suppose that without a network the
individual’s lowest steady state is 0 (accompanied by a constant consumption of 0) and
the second lowest steady state is S (supported by a constant consumption of @ = (1 —
0)3), and let s. be the critical level between these two steady states. If rehabilitation of

the individual, via an intervention that disconnects the individual from the network, is

In(1— —5c(=8) >
n( Y 2T Vi 1
Ind

implemented before period t, = , it is effective.

Corollary (3) follows from a calculation of the number of periods that it takes a

network consuming y each period to reach the critical level that prevails absent the

41 Another (straightforward) implication of Lemma 8 is that if in a particular OLE one individual ab-
stains from the addictive product despite the fact that all of her peers engage in maximum consumption,
of y, each period, this individual will abstain in any OLE.
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network s.. If the aggregate stock contributed by such a network is larger than (1—9)s,,
it eliminates zero consumption as a steady state, but if disconnection from the network
is implemented before the time indicated in Corollary (3) it is surely effective, as in any
consumption profile network members cannot consume above y per period. Note that
Corollary (3) does not hinge on the type of equilibrium the network is in, or on whether
the network is in equilibrium at all. It also applies to any network which is, for instance,

in a Markov Perfect Equilibrium or is outside equilibrium.

5 The case of sufficiently convex harm functions

In this section we consider the case where the harm function is sufficiently convex, so
that the marginal harm inflicted on the individual by aggregate stock is sufficiently
increasing in aggregate stock. Here we show that a sufficiently large network actually
diminishes consumption of the addictive product by the individual. Intuitively, when
the harm function is convex enough, the threat of increased harm inflicted by the larger
network outweighs the network’s peer pressure pushing the individual to consume more
of the addictive product. In such cases, the individual abstains, or at least diminishes
consumption, so as to counteract the harmful effect of the network. We summarize this

point in the following proposition.

Proposition 11. (i) Assume wqy << 0. With a constant network & — oo, the individual
abstains from the addictive product for all periods.
(ii) If n — oo in the strategic network case discussed in Section 4 then in any OLE

the sum of individuals’ consumption in each period is bounded .

Proposition 11 implies that networks could actually discourage consumption of the
addictive product when the harm they inflict on the individual is sufficiently convex.
Take, for example, a smoker potentially exposed to a very large network of smokers in
some public place. Taking the smoking of others as given, the aggregate harm from
passive smoking could cause the individual to abstain from smoking altogether, so as to
counteract the harm from the network, if marginal harm sufficiently grows with the size
of the network and the network is large enough. A similar logic applies if all network

members are assumed to react strategically, but to a lesser extent, since given that all

42



individuals abstain, each of them may be induced to smoke. Yet as shown in Propo-
sition 11, aggregate consumption is bounded, even as the network of smokers grows

indefinitely.*?

Hence a person might smoke less when exposed to a large network of
potential smokers than when she is alone, despite the countervailing peer pressure to

smoke inflicted on her by the network.

6 Policy implications

Our results from 3 and 4 have direct policy implications with respect to networks the
characteristics of which are influenced by certain entities, as in the case of social media
platforms such as Facebook, Instagram and TikTok. In particular, these social media
platforms intensively encourage individuals to expand their network and its usage. Face-
book, Instagram and TikTok have allowed generous ceilings on the number of friends
or those followed, and they consistently encourage individuals to expand their networks
within these high ceilings. In particular, Facebook’s “people you may know” feature — a
list of potential friends suggested by Facebook®3— is easily confused by users, due to iden-
tically designed interace, with the list of friend requests the user receives, in a way that
encourages expansion of the user’s network beyond her prior intentions. Furthermore,
the constant alerts and notifications with unanswered friend requests can exploit human
vulnerabilities of needing to reciprocate social gestures (Neyman (2017); Turel and Os-
atuyi (2017)). The notifications are intentionally vague (e.g., “you have a new friend
suggestion”, rather than specifying the potential friend’s name) to tempt the user to
enter the app and engage (Fraser and Conlan (2022)). Also, Facebook is pre-installed on
most android phones, via deals reached between Facebook and phone manufacturers.**
This too is a potential driver of network expansion and use. The fact that Facebook
makes an individual’s number of friends public information was found to encourage in-
dividuals to expand their network to improve their reputation (Kim and Lee (2011)).

Even Facebook’s generous 5000 friend limit can be passed in the sense that Facebook

42The online appendix shows that the same result carries over to the case corresponding to Markov
Perfect Equilibrium.

#3See https://www.facebook.com /help/336320879782850.

*See, eg.,  https://www.digitalinformationworld.com/2020/10/heres-why-android-phones-in-
some.html;  https://www.searchenginejournal.com/facebook-cannot-be-deleted-from-certain-android-
phones /285713 /#close.
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encourages a user reaching this threshold to turn her profile into a “page”, with an unlim-
ited number of followers.*> Hence this popular user can continue exposing her content
to as many followers as she wishes. The same is true for TikTok and Instagram: The
number of followers a user can have is unlimited in these networks too. Additionally,
Tik'Tok encourages the individual to import her phone contacts and friends on Facebook
and Instagram to connect with her via TikTok, suggests the user’s account to her phone
contacts and suggests her account to people who sent her links or who opened links sent
by her via other apps.i® If one of these people is using TikTok, the individual is notified
about it, even if they do not follow each other on TikTok. Similarly, the other people
receive such notification when the individual is using TikTok.*” TikTok also encourages
enlargement of one’s network by allowing only people with more than 1000 followers
to upload live videos,*® and by enabling users to monetize their use by reaching usage
and follower thresholds.** Facebook and Instagram’s practice of sharing their advertis-
ing revenue with particularly popular users who have many followers is another vehicle
they use for expanding networks and increasing user engagement.’® These popular users
are encouraged to increase the number of their followers and increase their followers’
exposure to the network, via monetary incentives.®! Instagram similarly encourages ex-
pansion of the user’s network. It also enables users to share their posted content with
their friends on Instagram and Facebook simultaneously.5?

These social media platforms also impose no limit on the quantity of peer content
an individual is exposed to. Much to the contrary, these three networks are designed
to induce excessive exposure to content. The infinite scrolling feature encourages users
to engage with content posted by other network members excessively. Neyman (2017)

documents this feature as “addictive software design” in the sense that it enables endless

15Gee https://www.facebook.com /help/116067818477568.
16See https://www.wired.com /story /tiktok-friends-contacts-people-you-may-know /.

47See https://support.tiktok.com /en/account-and-privacy /account-privacy-settings /suggested-
accounts.
18See https://www.adobe.com/creativecloud/video/hub/guides/how-to-go-live-on-

tiktok#: ™ :text =First %2C%20you%20must %20be%20at ,the % 20capability %20t0%20g0%20Live.

19Gee https://www.tiktok.com /creators/creator-portal /en-us/getting-paid-to-create/creator-next/.

%0See https://www.facebook.com /business/help/18845279149341487id—1200580480150259. See also
https://www.facebook.com /creators/getting-started-with-fan-subscriptions for a popular user’s ability
to collect fan subscriptions on Facebook. See https://creators.instagram.com /earn-money /subscriptions
for parallel features in Instagram.

51Gee https://www.facebook.com /business/help /3004446521641857id—2514811085399429;
https://creators.instagram.com /earn-money/badges.

52Gee https://help.instagram.com/1936968516554161/?helpref=uf _share
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and effortless scrolling through content. Aza Raskin, who originally designed the infinite
scroll feature, was quoted as admitting that features such as infinite scrolling are designed
so that they "don’t give [the user’s| brain time to catch up with [his or her| impulses."
He added that “ ... many designers were driven to create addictive app features by
the business models of the big companies that employed them ... you're going to start
trying to invent new ways of getting people to stay hooked."*® The Facebook algorithm
arranges the content each user is exposed to by default in a way that would attract
the individual’s attention the most, to encourage her to engage with this content, and
react with her own content, for as long as possible.** In Instagram, especially popular
users are encouraged, via monetary rewards, to place excessive content in their profile so
that their many followers will engage excessively with this content. If such an influencer
places content in her “story”, it expires after 24 hours. This, on one hand, reduces
the aggregate stock followers are exposed to, but on the other, it causes followers to
enter the app more often so as not to miss content from this influencer that expires
quickly (Belanche et al (2019)). The frequent entry into the app in itself raises users’
aggregate stock of use. Also, expiration after 24 hours in the “story” feature encourages
posting of additional content that otherwise may not have been shared.® Conversely,
the Instagram influencer can maximize her revenue by placing some of the content in her
“highlights” so that it permanently remains and enhances the aggregate stock followers
are exposed to in the future as well. “Likes” too, and other such gratifying rewards for
engagement, stimulate individuals to excessively expand aggregate stock. Social media
platforms such as Facebook, Instagram and Twitter employ features with a “variable
reward component”, such as “pull to refresh” buttons that encourage engagement in a
manor similar to slot machines (Langvardt (2019)). Other stimulators of engagement
are via direct encouragement, such as Facebook’s notifications saying “what’s on your
mind” or “help your friend celebrate her birthday” or “say hi to your new Facebook
friend” or “congratulate your friend” on some event (Hristova et al (2020); Langvardt
(2019)). Facebook also leverages a user’s content to invoke engagement by her friends.

As documented by Langvardt (2019), if one user posts a photo with one of her friends

53 Andersson (2018); Griffin (2022)

1Gee https://www.facebook.com /help/1155510281178725.

55See https://www.facebook.com /business/news/insights/how-do-people-perceive-and-use-
instagram-stories-and-feed# What % E2%80%99s-the-appeal-of-stories?.
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in it, Facebook pushes a notification to the friend, who is encouraged to respond, and
incentivized to keep checking the app to see how others have responded. Instagram
and Facebook also launched a “candid stories” feature, encouraging users to mutually
share live photos following randomized daily alerts and notifications (Barker (2023)), and
TikTok introduced similar encouragement with its “TikTok now” feature.®® Snapchat
encourages users to communicate with each other daily through its “streak” feature. If
either friend misses a day, then the streak is lost, seen by teens as breaching a social
obligation, and losing the opportunity to receive access to unique emojies (Langvardt
(2019)). Sandy Parakilas, a former Facebook employee, was quoted saying that “social
media is very similar to a slot machine, ... There was definitely an awareness of the
fact that the product was habit-forming and addictive, ... You have a business model
designed to engage you and get you to basically suck as much time out of your life as
possible and then selling that attention to advertisers."?”

Our results imply that such behavior by social media platforms can expand the
aggregate stock affecting the individual in a way that induces her to excessively consume
the addictive product, possibly leading her to harmful addiction, and also intensifies
harmful addiction. In particular, the increase in the network and aggregate stock brought
about by the platform’s tactics can eliminate the individual’s zero-consumption steady
state (Proposition 3), and reduce her critical level below her initial stock, in a way that
turns an abstainer into an addict. The increase in aggregate stock caused by the platform
also increases the individual’s consumption in any steady state (Proposition 6). In the
strategic network case, such features used by platforms increase the size of the network,
the influence matrix, and the maximum per-period consumption, all of which we show
tend to exacerbate addiction and its prospects (Corollary 2). As demonstrated in the
discussion following Corollary 2, Facebook Instagram and Tiktok have also designed
their platforms in a way that increases the initial stock of consumption of a returning
user, in a way that we show stimulates excessive consumption. Pushing users to expand
the network and use it excessively also makes timely rehabilitation (by disconnection
from the network) less likely (Corollaries 1 and 3). Social media platforms also make

disconnection difficult or easily reversible. For instance, Facebook and Instagram require

56See https://newsroom.tiktok.com /en-us/introducing-tiktok-now.
5T Andersson (2018).
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a user to follow six steps to disconnect, and then even complete deletion of the account
is not effective for a thirty-day period in which the user can automatically restore her
account (Griffin 2022).® Total deletion of the account is costly, because it permanently
deletes all connections to apps (e.g., Spotify) previously done via the user’s account. This
incentivizes a disconnecting individual to “deactivate” her account rather than delete it.
With deactivation, at any later point in time, any entry by the individual into the app
automatically restores connection.?

Our results imply that deterring social media platforms from encouraging individuals
to expand their networks and their use, at least with respect to particularly vulnerable
individuals, such as adolescents, can help prevent harmful addiction. For example, one
can think of regulation obligating social media platforms to reduce the size of an adoles-
cent’s network only to a certain smaller core or limit the quantity of content users may
post.

In addition to ex ante regulation of social media platforms, ex-post liability, at least
in extreme cases of harmful addiction, can be considered. For example, social media
platforms could be sued, under an appropriate tort rule, by an addicted individual that
was significantly harmed by the expansion of her network and its use. Such liability is
allegedly similar to the case of individuals harmed by their addiction to nicotine, leading
to suits against tobacco companies for the harm caused by such addiction. Indeed,
as mentioned in the introduction, dozens of suits against social media platforms were
brought in the U.S. alleging that they have knowingly designed their platforms in a
way that encourages harmful addiction to the network. Similarly, ex-post antitrust
liability could be considered, when the social media platform is dominant in the relevant
market. As mentioned in the introduction, such antitrust liability could hinge on the
claim that encouraging addiction exacerbates a network effect that excludes rivals, or on
direct exploitation of consumers, in antitrust jurisdictions in which such exploitation is
a violation, such as the EU. In such cases, the allegation could be that just as a firm’s
dominance enables it to charge an excessive price that could entail antitrust liability, a

social media platform’s dominance enables it to design a service that stimulates harmful

58For TikTok’s similar 30 day period and multi-step disconnection procedure see https://apix-
drive.com/en/blog/useful /how-to-delete-tiktok-accounts.

59Gee https:/ /www.facebook.com /help /250563911970368; https: / /www.facebook.com /help /224562897555674;
https://help.instagram.com/370452623149242; https://www.guidingtech.com /instagram-delete-vs-
deactivate-difference/; Diaz (2022).
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addiction. Had there been viable competition over users, competing networks could have
offered safer networks that do not encourage harmful addiction.5°

The response of social media platforms such as Facebook, Instagram and TikTok to
such legal intervention could be that the expansion of networks and their use caused
by these companies can actually reduce consumption if harm is sufficiently convex in
aggregate stock, as we show in Section 5. It may not be known to the regulator or
court whether the harm function is sufficiently convex to an extent outweighing the peer
pressure to consume. Yet in the case of social media platforms, we can allegedly infer
the answer to this question from the behavior of market actors. For example, the fact
that social media platforms consistently push individuals to expand their network and its
usage implies that larger aggregate stock increases overall use rather than decreasing it.
The aim of social media platforms is to maximize the time users engage with the network,
so as to enhance the platform’s profits from advertising. Industry executives have often
testified that their main marketing efforts are focused on expanding an individual’s
network and her time of exposure to the network’s content as much as they can, so as
to maximize advertising revenue and collection of the individual’s valuable data (Griffin
2022). Indeed, Meta Platforms, Inc.’s annual 2022 report reveals that Meta "generates
substantially all of [its] revenue from advertising," and any loss in user engagement
is "likely to have a material and adverse impact” on the revenue Facebook generates.
Meta further disclosed that its "financial performance has been and will continue to
be significantly determined by our success in adding, retaining, and engaging active
users." (Lemert 2022). Consequently, as Lemert (2022) highlights, Facebook’s object is
not to maximize users’ well being, but rather the length of time they spend using the
network. This, in turn, through a simple revealed preference argument, implies that
social media platforms believe the harm function to be concave, or at least not very
convex, so that the peer pressure caused by larger aggregate stock induces more (rather
than less) consumption by users. Consequently, policy-makers should feel relatively
confident that such social media platforms are characterized by a concave harm function,

or one that is at least not too convex. This can help justify regulatory interventions

60Rosenquist et al (2022)’s legal policy paper too claims, in the context of merger control and exclu-
sionary conduct, that the fact Facebook, for example, had designed a network that encourages harmful
addiction raises serious antitrust implications. They also highlight that, with addictive products such as
the use of social media platforms, the level of output (i.e., consumers’ use of the social media platform)
is not a good proxy for consumer welfare.
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against the social media platforms.

7 Conclusion

We have shown that rational addiction to a harmful product can occur even when the
individual is informed about the harm that the addictive product will cause her. This
happens in the prevalent case where the individual is attached to a network of other
individuals, who exert direct or indirect peer pressure on the individual to consume the
addictive product. Consumption by the individual’s peers accumulates and contributes
to the aggregate stock affecting the individual’s utility. Even though the individual is
aware of the future negative results of her current consumption, a large enough network
nevertheless induces her to become addicted, as long as harm is concave, or not too
convex, in aggregate stock. The larger is consumption by the rest of the network, the
stronger the peer pressure on the individual to consume the addictive product, which
reduces the individual’s marginal utility from consuming an alternative, non-addictive,
product, rather than the addictive product. Even when the individual would have ah-
stained from the addictive product without the network, she becomes addicted to it
with a large enough network. The individual follows the idiom “if you can’t beat them,
join them™ current consumption mitigates the harm inflicted on the individual by the
network, so she initiates consumption, despite the future harm this consumption causes
her. If she is particularly prone to addiction, but nevertheless manages to abstain when
disconnected from a network, a large enough network causes the individual to dedicate
her entire income to the addictive product rather than abstaining. We have shown that
in the absence of circumstances corresponding to zero consumption or full consumption,
an Open Loop Equilibrium among strategic individuals always exists. In such an equilib-
rium, any addition of a new member to the network, any increase in the influence matrix
and any increase in a network member’s initial stock increase equilibrium consumption
of the addictive product. It is only when the harm function is sufficiently convex that
belonging to a large enough network can deter network members from consuming the
addictive product.

Our results imply that merely making the individual fully aware of the risks of an

addictive product, or of her excessive use, or even changing defaults so that the individual
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would need to opt-in for features encouraging addiction, may not be enough. They imply
that more attention should be dedicated to addressing the individual’s network of other
users when trying to rehabilitate her from addiction. Expansion of the network adds
insult to injury: it raises the individual’s chances of becoming addicted, and above
and beyond this effect causes addiction to be more severe. Intervention helping the
individual to disconnect from the network could fully rehabilitate her if exercised in a
timely manner, before aggregate stock has passed the individual’s critical level. Even
short of complete disconnection from the network, we show that any decrease in the
size of the network, or limitation of the time or content the individual is exposed to
the network, can help the individual rehabilitate, or at least reduce consumption of the
addictive product. In the same vein, regulation limiting social media platforms from
aggressively inducing young individuals to expand their network should be considered.
A more extreme legal response that could be applied, for example, in extreme cases
of addiction and harm due to social media platforms is imposition of ex-post tort or
antitrust liability on the social media platform for the harm caused by addiction. Such
liability can stem from the causal relation we identify between the platform’s efforts
inducing the individual to expand her network, as well as her exposure to content, and
the individual’s addiction and harm.

Appendix

The proofs of Propositions 1-(2) and Lemma 1 replicate Orphanides and Zervos
(1994, 1995) to incorporate a constant network affecting the individual. Hence we rele-
gate them to the online appendix.

Proof of Lemma 2:

Let & < & be two possible networks, and define by a; the optimal strategy when
starting from sy with the network &. Define by s{ the state at time ¢ when taking into
account only the actions and the initial state. The true state is therefore s; = s 4+ k.&o.

By definition:

V(soi&) = (1—=8))_ Bwlans) =(1—8)Y_ Bwla,s; + riks)
t=0 t=0

< (1= Bwla, si + k&) < V(s &) (14)

t=0
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Where the first inequality is true since wy < 0 and the second inequality is due to the
fact that a; is not necessarily the optimal strategy when the network is in fact &;.
Similarly, let s' < s% be two initial states and fix £. If a; is the optimal strategy when

starting at s, then

V(56 = (L=8) fulans) = (1) fwlans; +57s)
t=0 t=0
< (1=5) iﬂtwwu sp 401t < V(shi€) (15)
t=0

where here s{ also represents the effect of the network but not the discounted initial
state which is written explicitly.ll

Proof of Lemma 3:

We prove by contradiction. Assume that the optimal path with f is increasing (the
actions are G; and the states are §;) and the optimal path with £ is decreasing (the actions
are a; and the states are s;). The path with é increases, hence S, = §5; + a, +é > 5
which implies a; > (1 — 9)s; — f Similarly, the path with £ decreases, hence sy, =
dsy + ay + & < s, which implies a; < (1 — §)s; — £. Since §; > so > s; and é < & (ie.
—£ > —£) we get (1 —08)8 —& > (1 — 8)s, — & which ultimatly implies a; > a;. In
addition, using the wrong actions is sub-optimal, so the following two inequalities hold

(recall that s and s? represent the state evolution due to the actions only, without the

network):
Z Blw(ay, 8 + ki) > Z Blw(ay, 57 + kik) (16)
t=0 t=0
> Bwlan s+ r&) > > Blwliy, 8 + ki) (17)
t=0 t=0

Summing and rearranging yields:

> Blwlae, 8 + r8) — wlan, 8§ + ri€)] > > Bw(ar, sf + mif) — wlar, sf + ri€)] (18)
t=0

t=0

Since a; > a; for all t, §§‘ > s¢ as well. In addition, w2 > 0 and we > 0 so
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way(ay, s¢ + x) < wlay, 8% + x) for every @ € [k, k€], Integrating both sides

Kt§ Kt§
/wg(at, sy +x)dr < /wz(dt, 8% + x)dx (19)
Hté ’{té
results in
w(ay, sy + Ke&) — w(ayg, 5§ + /‘ité) < w(ay, 8 + Ki€) — wlay, 5§ + Hté) (20)
or equivalently
w(ay, 82 + Hté) — w(a, 8¢ + Ke€) < wlay, s + Hté) —w(ay, 5§ + ki) (21)

Multiplying by 8* and summing over all ¢ we get a contradiction to (18).

The “Hence” part easily follows. If the critical level would rise with &, all the initial
states between the old and the new critical level would have to converge downward with
the higher &, while they converged upward with the lower £, a contradiction.ll

Proof of Lemma 5:

Fix £ > 0. Let s be an internal steady state (i.e. a steady state that is supported by

£ ytg

a non-corner consumption, 5 # =, ¥=%). Then

(1= B8Ywi (1= 6)5 — £,5) + Bu((1 — 8)5 — €,5) = 0. (22)

and for every n > 1, (—1)"M,, > 0 where

A 3B §82B ... " 28" 'B
3B BA BB ... & 3prIp
M,=| 68°B 32B B2A ... §"ipniBl, (23)
5n—26n—lB 5n—3ﬁn—lB 5n—4ﬁn—lB L ﬁn—lA

A= wy + #wﬂ, B = wyy + %wgz and the second derivatives are calculated
at ((1 —0)s —&,5). We use a standard analysis of variation approach. Suppose that

the initial state is 5 and consider a consumption policy a; = a + €b; where € is small
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enough and b, is some bounded series. Clearly, s; = dsqg + a + & + €bg = § + €by,

-1
Sy =081 +a+&+eby =5+ edby + eby and in general s, = 5+ ¢ > 7%, The overall
k=0

payoff (upto (1 — /3)) when using this policy is f(€) = i Blw(a+ eby, 5+ € t_zl 6k =1hy).
According to intermediate Lemma 2 in the proof oftléoroposition 2, the f)?ﬁy optimal
strategy that starts at state s is a, hence the function f(€) attains its maximum at 0,
which means that f/(0) = 0 and f”(0) < 0.

We start with the first-order condition.

00 t—1 t—1 t—1
File) = B'bawr(a+eb, s+€> 6 b)+ () 0 bp)wa(ateby, s+€ > 6y
t=0 k=0 k=0 k=0

(24)
For every t, b, appears in this summation once when multiplied by w; and an additional
time for every T' > t multiplied by wy with a proper discount. Changing the order of

summation to account for that, we get:

fe)=> B (25)
=0
t—1 00 T-1
{wl (a +eby,5+€Y. 5t—’f—1bk) + > AT (a +ebr,5+e€ Y. 5T—k—1bk)}

k=0 T=t+1 k=0
Set € = 0«
f/<0) - Z Btbt[wl (C_L, §> + Z ﬁT—t(ST_t_le(av 5)] = Z ﬁtbt[wl (C_L, 5) + 1%%5“&(6_% §)]

t=0 T=t+1 t=0
(26)

Note that the summation is only on ', as the [...] term is fixed. It should hold that
f(0) = 0 regardless of the series b;, so the term [...] should be zero, which is exactly
(22).

Note that this condition can be established in a simpler manner, by setting a;,; =

a; = a and s;;1 = s; = 5 in the individual’s first order condition for a constant network
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(equation (8)). To derive the second-order condition, we differentiate ((25)) once again:

> t—1
f//(€> = Z ﬂtbt [bth(C_L + th, S+e€ Z 5t7k71bk)
t=0 =0
t—1 i1
+ O 0 b wia(a + by, 5+ ey 0y
k=0 =0
T-1
+ Z BT téT t— l[bTwH(a—i_EbT,S"‘EZ(;T k— 1b )
T=t+1
T-1 T_1
(Z 5T—k—1bk)w22(& —I— EbT7 S _|_ € Z 5T—]€—lbk>]:|
k=0 =0

Set ¢ = 0 and, to avoid cumbersome notation, we drop the brackets after the partial

derivatives. They are all evaluated at (a,s) and f”(0) is
T-1
Zﬁ bt [btwn + (Z 5t k= 1bk) w12 + Z ﬁT t5T =1 [bTwlz + (Z (ST k= 1bk> w22]]
T=t+1

For every t, the term b? appears twice in the summation: once multiplied by wy; and once

for every T when k = t. Hence, in total, we have Zﬁtb2[w11+w22 Z pr-tgT—t=15T=t=1] =

TS0
Z BU67 (w11 + wao —1,%52]
=0
For every ¢ > j, the term b;b; appears in the following cases:
1
e ¢ =i: as part of the sum (> 6% b )wyy when k = j.
k=0
T-1
e t = i: as part of the sum (> 677 *1b)wsy, for every T' > i + 1 whenever k = j.
k=0

o t = j: for T =i in the term BT ~t67 " tbrws,.
T-1
o t =j: for T >i+1and k =4, as part of the sum (> 67 %1b ) woy
=0
Hence, in the expression of f”(0), for every i > j there should also appear b;b; multiplied
by
By + f1 S BTG Ly,
T=it1

+57 577767 g 4 B Tgl BTIT I 6T =" gy = 2w 867771 + 299 165155]2(27)
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To conclude,

f“(O) = Z Btbf [’UJH + w22%] +2 Z Z ﬁi(siijilbibj [wlz + wQQ%] (28)
t=0 i=0 j<i
Denote A = wy; + wnﬁ and B = wye + wggﬁ. The last expression can be

written as f”(0) = b" Mb where b = (by, by, ...) and M is the operator

A BB 68°B
8B BA BB
53°B BB A

The calculations are done at a steady state, so f”(0) < 0 for every b # 0, which means
that M is a definite negative operator. By the Sylvester criteria, this is equivalent
to (—=1)"M, > 0 for all n, where M, is the n'* primary minor of M. For special
cases, we can obtain relatively simple conditions that need to hold. In particular, if we
consider constant deviations from the optimal strategy (b = (b,b,...)) then, after some

computation, we have:

(1= BO)wni(a, 5) + 2Bwia(a, 5) + Z5wa(a, 5) < 0. (30)

Proof of Proposition 3:

Let s. be the critical level between the steady state 0 and the steady state s for & = 0.
Set £ = (1 —6)(s. + €) for € > 0 small enough. Regardless of consumption, after enough
time the state passes s.. By the principle of optimality, we can start our discussion here.
The optimal path starting from all initial states in the range (s.,3) rises to s (for & = 0)
so the optimal path must also rise for this £. Thus, % = S, + € (which is in this range
for € small enough) cannot be a steady state, since it will force some of the other values
in this range to downward converge to it, instead of upward. Alternatively, the proof of
Lemma 3 can be repeated to show that since the path starting from s. + € converged
upward for £ = 0, it cannot be a steady state (converge downward with a > sign instead

of >). Either way, 1%5 is not a steady state and thus in any steady state the individual
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consumes more than 0. Moreover, any steady state that existed at £ = 0 is above s, for
all £ which means that even after rehab (resetting £ to be 0) the aggregate stock is too
large for full recovery.ll
Proof of Corollary 3:
By Proposition 3, for any network of size £ > (1 —¢)s,, ignoring the individual’s own
consumption, aggregate stock exceeds the critical level absent the network and at time:
In (1 — (1 5))

= ~ 1. 1
te 3 1 (31)

If the individual is disconnected from the network after period t., the individual’s
critical level absent the network has been passed so the disconnected individual’s optimal
consumption path will converge to the higher steady state.ll

Proof of Proposition 4:

By Proposition 3, if s, is the highest critical level before y, then for any £ > (1 —J)s,
y remains the only steady state. Since the network consumes at least y each period, at
some point aggregate stock becomes at least 15z > s. and the individual’s lower steady
state is eliminated.l

Proof of Proposition 5:

To prove the proposition, we first prove the following intermediate lemma:

Lemma: Fix ¢ and sy. If consuming y for all £ € N is not optimal in this initial
state, it is not optimal for all smaller initial states. Thus, the set of initial states for
which consuming y for all ¢ is optimal is of the form [s, 00) (or ), if Z{T“Lf; is not a steady
state).

Proof: Let 5y be an initial state smaller than sy. Assume by contradiction that the
optimal strategy starting with S, is to consume y whereas the optimal strategy starting

with sq is some (a;)ien. Then

Z Blw(ay, 8"so + ¢ + ki) > Z Brw(y, 0'so + s{ 4 ki)
t=0 t=0
and

> Bwly, 680 + st + mi€) > Y Brw(ar, 630 + f + rik).
t=0 t=0
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Summing these two equations leads to
> B [w(ay, 6"so + 57 + ki) — wlar, '3 + sf + KiE)] >
t=0

> B [wly, 6'so + s¥ + ki) — wy, 650 + 8¢ + Kif)]
t=0

Note that a; < y and s¢ < s, so for every x, wa(ay, v + ¢ + ki) < waly, T + s + Ki&).
8tso

Hence, performing [ -dz on both sides leads to
530

w(ag, 0's9+ 8¢+ Ke&) —w(ag, 6" 8 + 8¢ + k&) < w(y, 8 so+ 8¢ + k&) —w(y, 6'80 + s + Ki&).

Multiplying by ¢ and summing leads to a contradiction. Accordingly, if ¥ is not optimal
for sq it cannot be optimal for 5o < sg and vice versa — if it is optimal for sy it is optimal
for all initial states §o > so. Proving that this interval is closed is proven in the same
way as in the proof of Proposition 7 below by continuity.

To continue the proof of the proposition, note that s is a decreasing function of &.

One way to see it is to consider

F€) = Bwly, '8 + s + k&) = > Bw(ar, 650 + 57 + ki), (32)
t=0

t=0

and

F1(&) =) Blrnwa(y, 680 + s + ki) = > Bryws(ar, '8 + s + ri€). (33)

t=0 t=0
Since y > a; and s{ > s¥, combined with wqa, wye > 0, we see that term-by-term the first
series is greater than the second, so f'(¢) > 0. Thus, if f(f) > 0 for some initial state
So (meaning, always consuming y is better than the consumption path a;) it is also true
for all ¢ > é (and in-fact, the gain from consuming y compared to the other strategy is
even larger).

The only question remaining is how low s can go with £&. We now show that for large
enough networks, s = 0. That is, 51LI£10§ = 0, so that for a large enough network, the
optimal consumption plan is to consume y for every initial state.

Since consuming y each period is one of the individual’s steady states even absent a

network, there exists some initial state s’ and some network £’ such that starting from
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s’ with a network &', the optimal path is to consume y in every stage. From now on we
consider only networks £ > max{s’, £’} and the initial state sy = 0. For such networks,
the state after ¢ = 1 surpasses s’ (regardless of the actions of the individual) and the
network is stronger than &', so by the principal of optimality, the optimal path starting
from ¢t = 1 is to consume y. It is left to determine if this is also optimal for ¢t = 0 or not
for large enough €.

If the individual consumes a in the first stage, the payoff can be written as

f(a) = w(a,0) + Z Brw(y, 8" ta + K + Ki1y). (34)

t=1

We first compare the payoff when consuming 0 to the payoff when consuming y:
f(y) _f<0) = w(y’ 0) _w(ov O)+Z Bt[w(y7 5t_1y+/{t§+’it—ly) _w(07 I{té—f—/{t—ly)] (35)
t=1

Using the Lagrange theorem, we can turn the [...] into 6" 'yws(y, ¢;) (where ¢; € [k +
K1Y, k& + K1y + 07 1y]). Since ¢; — oo when € — oo, in this limit ws(y, ;) — 0
(since wye > 0) and f(y) — f(0) = w(y,0) —w(0,0) > 0. It follows that for large enough
networks, consuming y is better than consuming 0. This ensures that y is the optimal
consumption whenever f” > 0 (so that the maximum is not an internal solution).
Suppose now that f” < 0, and the maximum is an internal solution rather than .

The optimal a* should be chosen such that f'(a*) =0, i.e.
wi(a®,0) + > B wa(y, 6 a" + kil + Kim1y) =0 (36)
t=1

Since wqe > 0, the wo part is increasing with &, so for higher £ the equality holds only if
wy is smaller, which happens for larger a* (recall that wq; < 0). Alternatively, note that
by increasing &, the derivative of f w.r.t. to a at the optimal action corresponding to
the smaller network becomes positive, so optimally the consumption is increased. Either
way, a*(£) is an increasing bounded function of ¢ and let g = Eh_}r(r)l() a*(§). Moreover,
following a similar argument, if a*(§) = y then V&' > £, a* (&) = v.

Assume that a*(§) € (0,y) for all £ large enough. Then the equation f’(a*) = 0 holds

for all ¢ and it should also hold in the limit £ — oco. But since wy — 0, in the limit we
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are left with w;(5,0) = 0, a contradiction to w; > 0. Hence, f’(a*) = 0 cannot hold
for infinitely many &, and it is the case that starting from some &, the optimal solution
is a corner one. As we already established, y is the only candidate and the proof is
complete.ll

Proof of Proposition 6:

Let £ be some network and [ some steady state. For every e¢ > 0 small enough,
the optimal path starting from [ — € converges upward to 5. Hence, by Lemma 3 it
converges upward for every larger £, which implies that the steady state cannot decrease
with & because it would force some of the states between the old and the new steady
state to converge downward to the new steady state. Hence % > (0. We now calculate
this expression explicitly.

Let 8 be an internal steady state. Define the LHS of the first order condition in ((9))
by:

R(8,€) = (1= f0)wi((1 —0)8 =& 5) + fwa(((1 = 6)8 — &, 53)) (37)

The solutions of the equation R(S,£) = 0 define the steady states for £&. The response
of the steady state to an increase in the network’s consumption can be evaluated using

implicit differentiation:

g _ %_? _ (1 — Bé)wir + Pwia

d¢ 2 (1= B6)(1—d)wn + (1 — 280 + B)wns + Pwn

(38)

where all second derivatives are evaluated at ((1—4)5—¢&, ) and assuming that g—}; # 0.

Let sg be some initial state from which the path of aggregate stock converges to (3
when using the optimal time-dependent strategy ag, aq,.... If the individual keeps this
behavior even when ¢ increases by ¢, the path of aggregate stock will converge to 8+ 1%;.
Hence, if the new steady state is larger than  + %, this cannot be optimal and the
individual must consume more along the optimal path (not necessarily for every ¢, but
on average and for ¢ — oc). Similarly, if the new steady state is smaller than 3 + %,
the individual must reduce consumption to reach the steady state. These conditions can
be phrased as % s l—ié where > corresponds to an increase in consumption and < to a
decrease.

To conclude, an increase in consumption in response to an increase in the network
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occurs when

(1 — 65)1011 + Bwlg > 1 (39)
(1—ﬁé)(l—(5)U]11+(1—255+B)U]12+61022 1—-946
which is equivalent to
(1 — B)wiz + Pwao <0 (40)

(1 —=p6)(1 —)wir + (1 — 286 + f)wiz + Pwa

Note that the nominator is positive, so this expression holds if and only if the denomi-
nator is negative. Recall that the second order condition for a constant deviation (Eq.
10) is

(1 — B(S)wn + 25w12 + 1( E?f)wgg <0 (41)

and the LHS can be re-written as

B(1 — Bé)wir + Pwiaf + BPwiz + 5 —;§2)w 2 (42)

Since the right [| are positive, the left [] must be negative, which means that (1 —
po)wyr + Pwiz < 0 and an increased network encourages increased consumption in a
steady state.ll

Proof of Proposition 7:

To prove the proposition, let us first prove the two following intermediate lemma’s,
utilizing our results from Section 3:

Lemma: Suppose that for a constant network ¢ = 0 the lowest steady state corre-
sponds to zero-consumption. Denote the set of all constant network levels for which 1L5
is a steady state by I. Then [ is a closed interval.

Proof: Let &, be some converging series in I, and let & be its limit. To show that
I is closed, we need to show that £ € I. For every n, &, € I, thus 15_—715 is a steady state
when the network is &,. Let (a;)eny be some strategy which is different from constant

én

zero-consumption. Since %5 1s a steady state, the unique optimal strategy starting from

it is zero-consumption:
Zﬁt Zﬁ wag, s¢ + £25). (43)
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Taking the limit n — oo (summation and limit are interchangeable since w is continuous

y+sup&n
and hence bounded on [0,y] x [0, ]) vields:

> Bw(0,155) ZZ w(ag, 8¢ + 15). (44)

3

Hence, the strategy of not consuming when the network is  and the initial state is =

outperforms the strategy (a;)ieny. This is true for every (a;)ien, S0 not consuming is
the optimal strategy, which implies that 1% is a steady state and £ € I. By Lemma 7,
inequality (44) is strong. Therefore, I is closed.

To prove that [ is an interval, let &, & € I and consider the function f that maps each
& to the lowest steady state with the constant network ¢&. Whenever f is continuous,
it must be increasing weakly faster than the function % (trivial for 0-consumption
steady states, Proposition 6 for internal steady states). Consider now discontinuities of

f. Denote as € a point of discontinuity. Discontinuities can be only upward (lim f(§) <
§—E

lim f(&)), because downward discontinuities would imply the existence of initial states
N

n [lim f(¢), lim f(¢)] which are upward converging for smaller networks than ¢ and
£—EF §—=¢T

downward converging for larger networks (in contradiction to Lemma 3). Thus, f(§)

is a function that increases on [{1,&] at least as fast as the function % and satisfies

f(&) = %5 and f(&) = %2, which implies that f(¢) = &5 for all networks in [, &), so
[£1,&] € I. To conclude, I is a convex closed subset of and hence it is a closed interval.

Now let I be the interval of all networks for which 0-consumption is a steady state.

Denote by Iy the set of all corresponding steady states, i.e., Iy = |0, Hll?‘&]]. In the
following intermediate lemma we show what if the initial state and network are small
enough, the individual abstains from consumption even if the initial state is above the
network’s consumption-less steady state, and the steady state converges downward to
the network’s own consumption-less steady state:

Lemma: Suppose that for & = 0 the lowest steady state corresponds to zero-
consumption and let I be the set of all constant network levels for which L is a steady
state. Then for every § Eels.t. § < &, the optimal path that starts at sg = 5 when
the network is f is a path without consumption by the individual.

Proof: This is proven in a similar manner to Lemma 3. Assume by contradiction

that the optimal consumption path starting at sy is a; > 0 when the network is é In
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addition, the optimal consumption path when the network is £ starting from s is 0:

D Blwlan s+ mé) > Y Bw(0,5° + rif) (45)
=0 t=0
Brw(0, 5" + k&) > Z Brw(ay, s + k) (46)
t=0 t=0

Combining these two inequalities yields:

Z Bhw(ay, s2 4 ki) — Zﬁtw(at, sy 4+ k&) > Zﬁtw(o, sO 4 ko) — Z Bw(0, s° + ki)
t=0 =0 =0 =0

(47)

On the other hand, a; > 0 and s¢ > sY so wa(ay, s¢ + x) > w9 (0, s° + x). Integrating

K&
([ -dz) both sides results in:

o3

w(as, 5§ + ke€) — w(ag, sy + "ftg) > w(0, sy + Ki&) — w(0, sy + "ftg) (48)

l.e:

w(0, s? + Hté) —w(0, s? + k&) > w(ay, s§ + Htf) — w(ayg, s§ + Ki&) (49)

which, after multiplying by 8¢ and summing over ¢, contradicts (47).%1

These two intermediate lemmas show that there exists an interval [y = [0, 3] such
that for an individual without a network (£ = 0) and initial state sy € Iy, the optimal
strategy is to consume 0 while converging to the steady state s = 0. Let s € I§ be an
initial state, and suppose that all individuals except individual ¢ consume 0 for all ¢.
For individual ¢, the initial state is within /y and the constant network she observes is
£ =0, so according to the above-mentioned intermediate lemmas, his best response is
to consume 0 for all t. It follows that the best response to 0 consumption of all others
is also 0 consumption, so this strategy profile is an OLE. On the equilibrium path,
all users avoid consumption and the state monotonically converges to a steady state,
s=0's— 0.1

Proof of Proposition 8:

This follows from Proposition 5. When all individuals use this strategy, the network

610f course, this result also holds for f = 0, so an individual connected to a small enough network
with small enough initial stock will abstain also if she is disconnected from the network.
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a single individual sees is a constant network of (n — 1)y. Thus, for n large enough, the
best response is to consume y too. From proposition 5, as n increases, the s decreases
and ultimately reaches 0. From this point onward, the equilibrium is to consume y
regardless of the state.ll

Proof of Proposition 9:

By Proposition 7, the consumption-less OLE exists regardless of n (provided that all
individuals’ initial states are small enough). Suppose there exists another equilibrium
for some n with positive consumption. By Corollary 2 , when adding individuals to the
network, all network members consume more in equilibrium. Let a} be the consumption
of some individual and @} = liminf, ,a! > 0. Assume by contradiction that @, < y.
There exists n large enough s.t. the limit is (almost) obtained and the total network seen
by each individual is larger than the one causing y-consumption in the constant network
model. Since the network now is larger, the optimal best-response of each individual is to
consume y. Hence, in equilibrium, @, < y cannot hold and the limit is y. More generally,
if £ is a constant network where the best response is to consume y in each period, it is
also a best response to consume y in each period for any non-constant network & > &.
This follows because wiy > 0, s0 wy(ay, ) < we(y,x) for all z.)M

Proof of Corollary 3:

The proof is analogous to the proof of Corollary 1, noting that if all network members
consume ¥, it is as if the individual is exposed to a constant network of £ = y(n — 1).1

Proof of Lemma 6:

Let a = (a})ien be some consumption strategy of individual 1 (w.l.o.g.) and ¢~ =
(a; V)ien the consumption strategy of all the others. Denote the utility of individual 1 by
fla,a™) = (1-7) i Blw(a}, s,), where s, is the evolution of the states according to (2)
with the above me;:t(i)oned strategy profiles. Each partial sum of the form fi.(a,a™) =
(1-5) Zk: Blw(al,s,) is continuous in @ and @™ (as a finite sum of continuous functions
- w) arigo fr — f uniformly (bounded by a geometric series), so by the uniform limit
theorem, f is a continuous function as well. A similar argument shows that f is ¢? with
respect to any a!). Fix a™. The function f(-,a™) : [0,y]*° — R is continuous over the
compact domain, so the maximum is attained. Thus, the best response correspondence

P(a™") = argmazqep - f(a,a™") is well defined and ®(a™*) # 0 for all a~*. Moreover,
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® is a closed-valued correspondence. Indeed, let a(k) be a converging series®? whose
all elements are in ®(a™"), and denote the limit by a. Let ¢ be some possible policy of
individual 1. Since all a(k) are in ®(a~*) they are best-replies to ™, so f(a(k),a™") >
f(a(c),a™). By taking the limit k¥ — co and using the continuity of f, we get f(a,a™") >
f(a(c),a™") which implies a € ®(a™*). Finally, ® is u.h.c. Indeed, let a~*(k) be a series
of strategies that converges to a*, and a(k) a series of best replies (a(k) € ®(a"%(k))
that converges to a. It follows that for every strategy c of individual 1, f(a(k),a *(k)) >
f(c,a”¥(k)). Again, this inequality is true in the limit k¥ — oo, so for every ¢ € [0,y]*,
fla,a™(k)) > f(c,a”*(k)), which implies that a is a best reply to ™%, a € ®(a™") and
® is u.h.c. Note that ® is also a function of s, but since it is fixed for the entire proof,
the dependence on the initial state was omitted.Hl

Proof of Proposition 10:

For expositional purposes we prove existence for the case of a single state variable
Sgr1 = 0S¢ + Z;L=1 a{ and then show how the proof extends to the case of the multi-
dimensional state variable (2). W.lo.g consider individual 1 and assume each other
individual j uses the open-loop strategy (a{)teN. When individual 1 uses the strategy

(a})en, his payoff is

fla',a™) => " plwlal, ) (50)
t=0
where s;,1 = ds; + > a{. Let ¢, t" € N and assume t' > t”. Fix individual j # 1. Then
j=1
6‘2{, — Z B "y (al, sp) (51)
¢ t=t+1
and
92 4 o / I __ 1
ﬁ = Z BT wgg (ay, 81) + BT wia(ay, sp)dt T (52)
111905 M

Since wia, woy > 0, we get that 6a§,2gat1, > (0. This is also true when ¢’ < ¢” (then the
w1 term drops). To conclude, the game is supermodular, i.e. an increase in the action
of j at some time causes player 1 to increase her action in all times. This is true for
all players. Now, let F' : ([0,y]*)" — (][0,y]>)" be the best response function, i.e.

F(a',...,a") = (BRy(a? ...,a"),...,BR,(a',...,a"1)). From the above argument,

62We can use the sup-norm to measure distance between strategies.
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this function is order-preserving on a complete lattice, so according to Tarski’s fixed
point theorem, it has a fixed point. This fixed point is an OLE equilibrium (in pure
strategies).

For the multi-dimentional state variable (2), the proof is similar, since all the factors
are positive and the derivatives are always a function of wss, w2 which are both positive.
Hence, here too, the best response is an increasing function and a fixed point exists.ll

Proof of Lemma 7:

Consider the best response function F'. We have established that this is an increasing
function and in addition it is w.h.c., by Lemma 6. Hence the series zFt1 = F(zF)
converges to a fixed point, which is an OLE equilibrium. o, is some equilibrium for some
parameter u, and it is no longer an equilibrium when the parameter changes to ', since
all individuals in I want to consume more (less). In response, all the other individuals
will consume more (less) according to F(o,). In response, all network members will
want to consume even more (less) according to F'(o,,) and so forth. This iterated process
converges to a new equilibrium o, where all network members consume more (less) than
ino,. N

Proof of Corollary (2):

Proof of part (i):

We differentiate ((13)) according to 7;;. It appears implicitly in the equation via the
state variable in ((12)):

~
|
-

9si  <0s|_y i t—1—k j
a%j—5a%_j+ 1= .. ) a

B
Il
o

Thus,

e — BTy (al, 5] 257 hal + Z B8 was(al, 51 Zét kgl >0 (54)
t=7+1

where the inequality follows from wis, w9 > 0. Thus individual ¢’s marginal utility

from additional consumption increases with ~;; (unless individual j abstains for all ¢

in equilibrium), so the current strategy profile is not an equilibrium. individual i now

wishes to consume more. By Lemma (7), all network members want to consume more.

Proof of part (ii):
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Consider an individual j who is disconnected from the network. This is equivalent to
adding j to the network and setting v;; = v;; = 0V, j = 1, ...n. If we now increase v;; and
;i one by one, by part (i) above, we converge to a new OLE with higher consumption
by all network members in each step.

Proof of part (iii):

We differentiate ((13)) according to sj). It appears implicitly in the equation via the

state variable in ((12)), and g—? = §'~1. Thus,
0

o0
gz;ggg = B0 wip(al, sh) + Y BT wa(al, s) > 0 (55)
t=r+1
where the inequality follows from wyy, wee > 0. Hence marginal utility from additional
consumption increases with the initial state, so the current strategy is not an equilibrium
and individual ¢ wishes to consume more. By Lemma (7), all network members want to
consume more.ll

Proof of Lemma 8:

Consider w.l.o.g a 2-player network comprising of individuals ¢ and 5 where we focus
on individual i’s optimal reaction (i.e., a sequence of actions) to the consumption of
individual j. Suppose that for all ¢ individual j consumes a fixed quantity such that, given
the influence matrix I, the network seen by individual 7 is §. Let a, be the best reply
of individual ¢ to this strategy profile. Suppose now that instead individual j consumes
so that the network seen by individual i is &;(¢), which is bounded from below by ¢ for
all t. Since, by the proof of Proposition 10, the game is supermodular, the additional
consumption of Player j causes Player i to consume more. By a similar reasoning,
individual i’s per period consumption is lower than that of a constant network &, which
is above &;(t) for all ¢. In particular, we can assume individual j first consumes according
to &,, and then reduces consumption in the changing network &;(¢) and complete the proof
analogously.ll

Proof of Proposition 11:

Proof of part (i):

Assume (a;)sen is some consumption plan, and fix some time ¢'. The payoffis f(ay) =

>™ Blw(ayg, s+ Kt) so the optimal action at time ¢’ > 0, if it involves positive consumption,
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should satisfy:

0= f'(ay) = B wiay, sy + k&) + > B8 walar, s, + ki) (56)
t=t/+1
(Utility before time t' is not affected by the action at this time. Utility for t > ¢’ is
affected by the action via the change of state s;, while the action a; remains unchanged).
But for large enough wss and &, we get wy more negative than w; is positive in the [0, y]
domain, so this expression is always negative and the optimal action is ay = 0.

Proof of part (ii):

Based on the proof of part (i), in the strategic network case, when n — oo, and
assuming we are not in the zero consumption scenario, the increase in the network
creates a pressure on the individual to reduce consumption. To see this, assume that
the aggregate stock affecting each individual grows unboundedly. But then the second
term in (56) outweighs the first term, so that the individual’s optimal consumption goes
to zero. This is true for all network members, a contradiction to the fact that aggregate
stock increases unboundedly. It follows that the consumption of each individual decreases

by 1/n (or faster) with the addition of a new member, so that the total stock is bounded.l

References

[1] Abbasia, Irum and Drouinb, Michelle “Neuroticism and Facebook Addiction: How
Social Media Can Affect Mood?”, Am. J. Family Therapy 47 (August 2019): 1-17.

[2] Abel, Andrew B. “Asset Prices under Habit Formation and Catching up with the
Joneses” American Economic Review 80 (2) (May, 1990): 38-42.

[3] Abel, Jessica P.; Buff, Cheryl L. and Burr, Sarah A. “Social Media and the Fear
of Missing Out: Scale Development and Assessment” J. Bus. & Econ. Res. 14 (1)
(2016).

|4] Allcott, Hunt, Braghieri, Luca, Eichmeyer, Sarah and Gentzkow, Matthew. 2020.
“The Welfare Effects of Social Media” American Economic Review 110 (3): 629-676.

[5] Allcott, Hunt, Gentzkow, Matthew and Song, Lena. 2022. “Digital Addiction” Amer-
ican Economic Review 112 (7): 2424-2463.

67



6]

17l

18]

9]

[10]

[11]

[12]

[13]

[14]

Andreassen, Cecilie Schou; Torsheim, Torbjorn; Brunborg, Geir Scott and Pallesen,
Stale “Developtment of a Facebook Addiction Scale” Psyc. Rep. 110 (2) (2012):
501-517.

Andreassen, Cecilie Schou “Online Social Network Site Addiction: A Comprehensive

Review” Current Addiction Reports 2 (April 2015): 175-184.

Andersson, Hilary. 2018. “Social Media Apps are 'Deliberately’ Addictive to Users”
BBC News, available at https://www.bbc.com/news/technology-44640959

Arduini, Tiziano; Bisin, Alberto, Ozgiir, Onur and Patacchini, Eleonora “Dynamic
Social Interactions and Health Risk Behavior” (NBER Working paper, September
2019).

Balcerowska, Julia M.; Bereznowski, Piotr; Biernatowska, Adriana; Atroszkol,
Pawel A.; Pallesen, Stale; and Andreassen, Cecilie Schou “Is it Meaningful to Dis-
tinguish between Facebook Addiction and Social Networking Sites Addiction? Psy-
chometric Analysis of Facebook Addiction and Social Networking Sites Addiction
Scales” Current Psychology. (2020).

Ba nyai, Fanni, Zsila, A “gnes, Kira’ly, Orsolya, Maraz, Aniko, Elekes, Zsuzsanna,
Griffiths, Mark D., Andreassen, Cecilie Schou and Demetrovics, Zsolt. 2017. “Prob-
lematic Social Media Use: Results from a Large-Scale Nationally Representative

Adolescent Sample” PLoS ONE. 12 (1).

Barker, Shane. 2023. “A Case For Authentic Market-
ing: Instagram’s Candid Stories” Forbes, available at
https:/ /www.forbes.com /sites/forbescoachescouncil /2023/01/06/a-case-for-

authentic-marketing-instagrams-candid-stories/7sh=6a552a58759a

Bassiony, Medhat “Substance Use disorders in Saudi Arabia: Review Article” J.
Subst. Use 18 (6) (2013): 450-466.

Belanche, Daniel, Cenjor, Isabel and Pérez-Rueda, Alfredo. 2019. “Instagram Stories
versus Facebook Wall: an Advertising Effectiveness Analysis” Spanish Journal of

Marketing. 23 (1): 69-94.

68



[15]

[16]

[17]

18]

[19]

[20]

21

22]

23]

[24]

Bhad, Roshan; Jain, Raka; Dhawan, Anju and Mehta, Manju Why do young people
sniff? “An Exploratory Study of Adolescent Inhalant Abuse from North India” J.
Substance Use 21 (5) (March 2016): 527-529.

Binder, Michael and Pesaran, M. Hashem “Life-cycle Consumption under Social

Interactions” J. Econ. Dynam. Contr 25 (2001): 35-83.

Bisin, Alberto; Horstb, Ulrich and Ozgiira, Onur “Rational Expectations Equilibria
of Economies with Local Interactions” J. Econ. The. 127 (2006): 74 — 116.

Blanca, Maria J. and Bendayan, Rebecca “Spanish Version of the Phubbing Scale:
Internet Addiction, Facebook Intrusion, and Fear of Missing Out as Correlates”

Psicothema 30 (4) (2018): 449-54.

Brailovskaia, Julia; Schillack, Holger and Margraf, Ju rgen “Facebook Addiction
Disorder (FAD) in Germany” Cyberpsychology, Behavior, and Soc. Networking
21(7) (2018) :450-456.

Brailovskaia, Julia; Teismann, Tobias; and Margraf, Ju'rgren “Positive Men-
tal Health Mediates the Relationship Between Facebook Addiction Disorder and
Suicide-Related Outcomes: A Longitudinal Approach” forthcoming, Cyberpsych.
Behav. Soc. Networking (2020).

Brailovskaia, Julia and Margraf, Jiirgen “Facebook Addiction Disorder (FAD)
among German Students—A Longitudinal Approach” Plos One (December 2017).

Brailovskaia, Julia; Teismann, Tobias and Margraf, Jiirgen “Physical Activity Me-
diates the Association between Daily Stress and Facebook Addiction Disorder
(FAD)—A Longitudinal Approach among German Students” Computers Human
Behav. 86 (September 2018): 199-204.

Cabral, Jaclyn “Is Generation Y Addicted to Social Media?” FElon J. Undergrad.
Res. Comm. 2 (1) (2011): 5-14.

Chen, Adela “From Attachment to Addiction: The Mediating Role of Need Sat-
isfaction on Social Networking Sites” Computers in Human Behavior 98 (2019):

80-92.

69



[25]

[26]

27]

28]

[29]

[30]

[31]

[32]

33]

Clapp, John D. and McDonnell, A.L. “The Relationship of Perceptions of Alcohol
Promotion and Peer Drinking Norms to Alcohol Problems Reported by College
Students” J. College Student Devel. 41 (1) January 2000: 19-26.

Crémer, Jacques; de  Montjoye, Yves-Alexandre and  Schweitzer,
Heike “Competition Policy for the Digital Era” Final Report (2019),
https://ec.europa.eu/competition /publications/reports/kd0419345enn.pdf  (last
visited, April 2020).

Cutler, R. E. and Storm, Thomas “Observational Study of Alcohol Consumption
in Natural Settings: : The Vancouver Beer Parlor” J. Stud. Alcohol 36 (9) (1975):
1173-1183.

Dechert, W. Davis and Kazuo Neshimura. 1983. “A Complete Characterization of
Optimal Growth Paths in an Aggregated Model with a Non-Concave Production
Function,” Journal of Economic Theory 31, 332-354.

De Cock, Rozane; Vangeel, Jolien; Klein, Annabelle; Minotte, Pascal; Rosas, Omar;
and Meerkerk, Gert-Jan “Compulsive Use of Social Networking Sites in Belgium:
Prevalence, Profile, and the Role of Attitude Toward Work and School” Cyberpsy-
chology, Behav. & Soc. Networking 17 (3) (2014): 166-171.

Diaz, Maria. 2022. “How to Delete your Instagram Account” ZDNET, July 25, avail-

able at https://www.zdnet.com/article /how-to-delete-your-instagram-account/.

Dimoff, John D. and Sayette, Michael A. “The Case for Investigating Social Context
in Laboratory Studies of Smoking”, Addiction (June 2016): 388-395.

Edwards, Alexis C.; Lénn, Sara L.; Jan Sundquist, Karriker-Jaffe; Kendler, Kenneth
S. and Sundquist, Kristina “Time-specific and Cumulative Effects of Exposure to

Parental Externalizing Behavior on Risk for Young Adult Alcohol Use Disorder”
Addictive Behaviors 72 (2017): 8-13.

Elphinston, Rachel A. and Noller, Patricia “Time to Face It! Facebook Intrusion and
the Implications for Romantic Jealousy and Relationship Satisfaction” Cyberpsy-

chology, Behav. Soc. Networking, 14 (2011): 631-635.

70



[34]

[35]

[36]

37]

38

139]

[40]

[41]

[42]

[43]

[44]

Etcheverry, Paul E. and Agnew, Christopher R. “Romantic Partner and Friend
Influences on Young Adult Cigarette Smoking: Comparing Close Others’ Smoking
and Injunctive Norms Over Time” Psych. Addic. Behav. 22 (3) (2008): 313-25.

Fowler, J.H. and Christakis, N.A. 2008. “Estimating Peer Effects on Health in Social
Networks : A Response to Cohen-Cole and Fletcher; Trogdon, Nonnemaker, Pais”
Journal of Health Economics. 27 (5): 1400-1405.

Fraser, Kieran and Conlan, Owen. 2020. “Enticing Notification Text & the Impact on
Engagement”, available at https://dl.acm.org/doi/pdf/10.1145/3410530.3414430.

Fudenberg, Drew and Tirole, Jean. 1995. Game Theory (4th ed. MIT Press).

Furman, Jason; Coyle, Diane; Fletcher, Emilia; McAuley, Derek; and Marsden,
Philip “Unlocking Digital Competition” Report of the Digital Competition Expert
Panel (March 2019), https://www.gov.uk/government/publications/unlocking-
digital-competition-report-of-the-digital-competition-expert-panel ~ (last  visited,

April 2020).

Griffin, Caleb N. 2022. “Systemically Important Platforms” Cornell Law Review
107: 445-514.

Gruber, Jonathan and Koszegi, Botond “Is Addiction “Rational™ Theory and Evi-
dence” Q.J. Econ. 116 (4) (November 2001): 1261-1303.

Gul, Faruk and Wolfgang Pesendorferand Wolfgang Pesendorfer. “Harmful Addic-
tion,” Review of Economic Studies, 74: 147-172.

Hristova, Dayana, Gobl, Barbara, Jovicic, Suzana and Slunecko, Thomas. 2020.
“The Social Media Game? How Gamification Shapes Our Social Media Engagement”
in The Digital Gaming Handbook (Dillon R, ed., CRC Press).

Kieslinger, Barbara “Academic Peer Pressure in Social Media: Experiences from the

Heavy, the Targeted, and the Restricted User” First Monday (2015).

Kim, Junghyun and Lee, Jong-Eun Roselyn. 2011. “The Facebook Paths to Happi-
ness: Effects of the Number of Facebook Friends and Self-Presentation on Subjective

Well-Being” Cyberpsychology, Behavioral and Social Networking.

71



[45]

[46]

[47]

48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

Kenkel, Donald S., Reed ITI, Robert R. and Wang, Ping. 2002. “Rational Addiction,
Peer Externalities and Long Run Effects of Public Policy”, NBER Working Paper
9249.

Langvardt, Kyle. 2019. “Regulating Habit-Forming Technology” Fordham Law Re-
view, 88 (1): 129-185.

Lemert, Abby. 2022. “Facebook’s Corporate Law Paradox” Virginia Law and Busi-
ness Review, 17: 43-144.

Makdissi, Paul and Yazbeck, Myra. 2009. “Peer Influence and Addiction Recur-
rence” Working paper 0913E, Department of Economics, Faculty of Social Sciences,

University of Ottawa.

McCrory, Alanna, Best, Paul and Maddock, Alan. 2022. “‘It’s Just one big Vicious
Circle’: Young People’s Experiences of Highly Visual Social Media and their Mental
Health” Health Education Research, 37 (3): 167-184.

Neyman, Chauncey. 2017. “A Survey of Addictive Software Design” available at
https://digitalcommons.calpoly.edu/cscsp/111/.

Oremus, Will, Alcantara, Chris, Merrill, Jeremy B. and Galocha, Artur. 2021. “How
Facebook Shapes your Feed” Washington Post, October 26.

Ozgur, Onur; Bisin, Alberto and Bramoullex, Yann “Dynamic Linear Economies

with Social Interactions” (working paper, 2017).

Pontes, Halley M.; Taylor, Megan; and Stavropoulos, Vasileios “Beyond "Facebook
Addiction’: The Role of Cognitive-Related Factors and Psychiatric Distress in Social
Networking Site Addiction” Cyberpsy. Behav. Soc. Networking 21 (4) 2018: 240-47.

Przybylski, Andrew K.; Murayama, Kou; DeHaan, Cody R. and Gladwell, Valerie
“Motivational, Emotional, and Behavioral Correlates of Fear of Missing Out” Comp.

Hum. Behav. 29 (April 2013): 1841-1848.

Juergensen, James and Leckfor, Christina “Stop Pushing Me Away: Relative Level of
Facebook Addiction is Associated with Implicit Approach Motivation for Facebook
Stimuli” Psyc. Rep. 122 (6) (2019): 2012-2025.

72



[56]

[57]

[58]

[59]

[60]

[61]

[62]

63]

[64]

Kircaburun, Kagan and Griffiths, Mark D. “Instagram Addiction and the Big Five of
Personality: The Mediating Role of Self-liking” J. Behav. Addictions 7 (1) (February
2018): 158-170.

Kremer, Michael and Levy, Dan “Peer Effects and Alcohol Use among College Stu-
dents” J. Econ. Persp. 22 (3) (Summer 2008): 189-206.

Kuss, Daria J. and Griffiths, Mark D. “Online Social Networking and Addiction—A
Review of the Psychological Literature” Int. J. Environ. Res. Public Health 8 (2011):
3528-3552.

Larsen, Helle; Overbeek, Geertjan; Granic, Isabela; Engels, Rutger C. M. E. “The
Strong Effect of Other People’s Drinking: Two Experimental Observational Studies
in a Real Bar” Am. J. Addict. 21 (2012): 168-75.

Lin, Cheng-Chieh; Tami-Maury, Irene; Ma, Wei-Fen; Ming-Hsui Tsai, Cho Lam,
Mi-Ting; Chia-Ing Li, Lin; Chiu-Shong, Liu; Tsai-Chung, Li; Chang-Fang, Chiu; I-
Ying, Lu & Gritz, Ellen R. “Social and Cultural Context of Betel Quid Consumption

in Taiwan and Implications for Prevention and Cessation Interventions” Substance

Use & Misuse, 52(5) (January 2017): 646-55.

Liu, Chang and Ma, Jianling “Social Support through Online Social Networking
Sites and Addiction among College Students: The Mediating Roles of Fear of Miss-
ing Out and Problematic Smartphone Use” Curr. Psyc. (2018).

Maier, Christian; Laumer, Sven; Eckhardt, Andreas and Weitzel, Tim “When Social
Networking Turns to Social Overload: Explaining the Stress, Emotional Exhaustion,
and Quitting Behavior from Social Network Sites’ Users” ECIS 2012 Proceedings.
Paper 71.

Malhotra, Savita; Malhotra, Anil; Kakkar, Neeraj; Das, P. Partha, and Singh,
Jasbir “The Clinical and Demographic Profile of Nicotine Users among Children
and Adolescents” German J. Psyc. 12(1) (2009): 14-18.

Marengo, Davide; Poletti, Ilaria; and Settanni, Michele “The Interplay between

Neuroticism, Extraversion, and Social Media Addiction in Young Adult Facebook

73



[65]

[66]

67]

68

[69]

[70]

[71]

72|

73]

Users: Testing The Mediating Role of Online Activity Using Objective Data” Ad-
dictive Behav. 102 (2020): 106150.

Marino, Claudia; Vienoa, Alessio; Pastore, Massimiliano; Albery, Tan P. Frings,
Daniel and Spada, Marcantonio M. “Modeling The Contribution of Personality,
Social Identity and Social Norms to Problematic Facebook Use in Adolescents”

Addictive Behav. 63 (2016): 51-6.

Mizanur Rahman, Mohammad; Mahmudur Rahaman, Mohammad; Hamadani,
Jena D; Kamrun, Mustafa, and Sheikh, Mohammed S.I. “Psycho-social Factors As-
sociated with Relapse to Drug Addiction in Bangladesh” J. Substance Use 21(6)
(May 2016): 627-630.

Nikbin, Davoud; Iranmanesh, Mohammad; and Foroughi, Behzad “Personality
Traits, Psychological Well-being, Facebook Addiction, Health and Performance:
Testing Their Relationships” Behav. Info. Tech. (February 2020).

Orphanides, Athanasios and David Zervos. 1994. “Optimal Consumption Dynamics
with Non-concave Habit-forming Utility,” Economics Letters 44, 67-72.

Orphanides, Athanasios and David Zervos. 1995. “Rational Addiction with Learning
and Regret,” Journal of Political Economy 103, 739-758.

Pelling, Emma L. and White, Katherine M. “The Theory of Planned Behavior Ap-
plied to Young People’s Use of Social Networking Web Sites” Cyberpsychology &
Behav. 12 (6) (2009): 755-59.

Ramyji, Rathi; Nilsson, Maria; Arnetz, Bengt; Wiklund, Ywonne and Arnetz, Judy
“Taking a Stand: An Untapped Strategy to Reduce Waterpipe Smoking in Adoles-
cents” Substance Use & Misuse, 54(3) (January 2019): 514-524.

Reif, Julian “A Model of Addiction and Social Interactions” Econ. Inq. 57 (2) (April
2019): 759-73.

Sagioglou, Christina and Greitemeyer, Tobias “Facebook’s Emotional Consequences:
Why Facebook Causes a Decrease in Mood and Why People Still Use it” Computers
Human Behav. 35 (March 2014): 359-63.

74



[74]

[75]

[76]

7]

78]

[79]

[80]

[81]

[82]

Reer, Felix; Festl, Ruth and Quandt, Thorsten “Investigating Problematic Social
Media and Game Use in a Nationally Representative Sample of Adolescents and

Younger Adults” Behav. Info. Tech. (2020): 1-14.

Rosenquist, James N., Scott Morton, Fiona M. and Weinstein, Samuel N. 2022. “Ad-
dictive Technology and its Implications for Antitrust Enforcement” North Carolina

Law Review 100: 431-485.

Shensa, Ariel; Escobar-Viera, Cesar G.; Sidani, Jaime E.; Bowman, Nicholas D.;
Marshal, Michael P. and Primack, Brian A. “Problematic Social Media Use and De-
pressive Symptoms among U.S. Young Adults: A Nationally-Representative Study”
Soc. Science & Med. 182 (2017): 150-157

Stokey, Nancy L., and Lucas, Robert E., Jr. 1989. Recursive Methods in Economic

Dynamics. Cambridge, Mass.: Harvard Univ. Press.

Subrahmanyama, Kaveri; Reich, Stephanie M.; Waechter, Natalia; and Espinoza,
Guadalupe “Online and Offline Social Networks: Use of Social Networking Sites by
Emerging Adults” J. Applied Develop. Psyc. 29 (August 2008): 420-33.

Teunissen, Hanneke A.; Spijkermana, Renske; Cohen, Geoffrey L.; Prinsteinc,
Mitchell J.; Engels, Rutger C.M.E.; Scholte, Ron H.J. “An Experimental Study
on the Effects of Peer Drinking Norms on Adolescents’ Drinker Prototypes” Addict
Behav. 39 (2014): 85-93.

Tikoo, Vinod Kumar; Dhawan, Anju; Pattanayak, Raman Deep; Chopra, Anita
“Assessment of Pattern, Profile and Correlates of Substance Use among Children in
India” National Drug Dependence Treatment Centre, All India Institute of Medical
Sciences (2017).

Tomezyka, Lukasz and Selmanagic-Lizdeb, Elma “Fear of Missing Out (FOMO)
among Youth in Bosnia and Herzegovina — Scale and Selected Mechanisms” Chil-

dren and Youth Serv. Rev. 88 (March 2018): 541-49.

Turel, Ofir and Osatuyi, Babajide “A Peer-influence Perspective on Compulsive
Social Networking Site Use: Trait Mindfulness as a Double-edged Sword” Computers
in Human Behavior. 77: 47-53.

75



[83] Twenge, Jean M. Martin, Gabrielle N. and Spitzberg, Brian H. 2019. “Trends in
U.S. Adolescents’ Media Use, 1976-2016: The Rise of Digital Media, the Decline of
TV, and the (Near) Demise of Print” Psychology of Popular Media Culture 8 (4):
329-345.

[84] Wilcox, K., and Stephen, A. T. “Are Close Friends The Enemy? Online Social
Networks, Self-esteem, and Self-control” J. individual Res. 40(1) (2013): 90-103.

[85] Winston, Gordon C. "Addiction and Backsliding: A Theory of Compulsive Con-

sumption." Journal of Economic Behavior and Organization 1, 295- 324.

76



