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Abstract

Concerns about emergent technologies form a continuous cycle: they appear when
a new technology surpasses a certain popularity threshold and stop once a newer
technology prompts the cycle to restart. Currently, society is concerned about
teenage digital technology and social media use, which is feared to negatively impact
well-being. While there has been a flurry of research in the area, remarkably
little consensus has been reached. 1 argue in this thesis that such a lack of
consensus stems from a lack of methodological rigour. Using innovations put forth
by psychology’s recent credibility revolution, I devise an improved methodological
framework for the study of emergent technologies. I then apply it to investigate
digital technology and social media use’s association with decreased adolescent
well-being, using large-scale secondary datasets from the United Kingdom, Ireland
and the United States. My first study implements a methodological approach called
Specification Curve Analysis, which tackles analytical flexibility by illustrating how
diverse analytical approaches can produce a wide range of numerical outcomes.
Furthermore, I develop a comparison specification method to put the size of the
associations found into perspective. My second study focuses on diversifying
measurement and implements an explicit exploratory and confirmatory hypothesis
testing framework. Lastly, my third study utilises high-quality longitudinal data
to highlight the bidirectional and individual nature of the effects of interest. All
studies indicate that previous systematic reviews overestimated the negative link
between digital technology use and well-being. It is however still unclear whether
the small, complex and inherently multivariate relationship found in this thesis
should engender widespread policy change.
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2 1. Introduction

In 1941 Mary Preston published “Children’s Reactions to Movie Horrors and Radio
Crime” in The Journal of Pediatrics (Preston|1941). The American paediatrician had
studied hundreds of six to sixteen-year-old children and concluded that over half were
severely addicted to radio and movie crime dramas, having given themselves “over
to a habit-forming practice very difficult to overcome, no matter how the aftereffects
are dreaded”. Most strikingly, many of them consumed these dramas “much as
a chronic alcoholic does drink” (Preston [1941). Preston therefore voiced severe
concerns about the children’s health and future outcomes: those who consumed more
radio crime or movie dramas were more nervous and fearful, suffered from worse
general health and more disturbed eating and sleep. Drawing such inferences about
the radio, the emergent technology of the era, followed naturally from Preston’s
opinion that the consumption of “terrifying scenes can have an inhibitory effect

on the functioning of every organ in the body” (Preston [1941)).

Almost 80 years later, Mary Preston’s conclusions seem like a clear exaggeration
of concerns. Today many parents would welcome if their children listened to dramas
on the radio instead of playing around on their phones or chatting to friends on social
media. Yet this research is a striking reminder that every decade new technologies
enter human lives; and that in their wake there will arrive widespread concerns

about their effects on the most vulnerable in society.

Considering the context of Preston’s work more broadly, radio was experiencing
an extensive growth in popularity when the study was published. In 1936 about 91%
of New York homes owned a household radio, which children spent between one and
three hours a day listening to (Dennis |1998). This popularity sparked concern not
limited to Mary Preston’s article. A New York Times piece considered whether too
much listening to the radio would harm children and lead to illnesses, since the body
needed “repose” and could not “be kept up at the jazz rate forever” (Ferrari|1929; as
cited in Dennis|1998). The Director of the Child Study Association of America noted
how radio was worse than any media that came before because “no locks will keep
this intruder out, nor can parents shift their children away from it” (Gruenberg|1935|).

This view was mirrored in a parenting magazine published at the time: “Here is a
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device, whose voice is everywhere (...) We may question the quality of its offering
for our children, we may approve or deplore its entertainments and enchantments;
but we are powerless to shut it out (...) it comes into our very homes and captures

our children before our very eyes” (Frank |1939; as cited in Dennis [1998)).

When worries about specific technologies grip a population, it is often overlooked
that such concerns form part of a constant cycle. Almost identical questions are
raised about any new technology which reaches the spotlight of scientific and public
attention. These are then addressed by scientists, public commentators and policy
makers until a newer form of technology causes the cycle to restart. Concerns
about the radio, for example, only abated once the home television became popular
(Dennis [1998). This cyclical nature of technology panics was already described
eloquently in 1935: “Looking backward, radio appears as but the latest of cultural
emergents to invade the putative privacy of the home. Each such invasion finds the
parents unprepared, frightened, resentful, and helpless. Within comparatively short
member, the “movie”, the automobile, the telephone, the sensational newspaper or
magazine, the “funnies,” and the cheap paper-back book have had similar effects

upon the apprehensions and solicitudes of parents” (Gruenberg 1935)).

In 2019, one could simply replace ‘radio” with ‘social media’ in such a statement:
most parents would agree that its arrival into the home has also left them unprepared,
frightened, resentful and helpless. Mirroring Preston’s concerns about the radio,
academic publications and other reports now routinely liken social media to drug
use (Royal Society of Public Health 2017, see commentary Przybylski and Orben
2017). These fears once again raise the spectre of vast proportions of the adolescent
population becoming addicted to a new technology (Murali and George 2007) and
this having diverse and far-reaching negative consequences (Greenfield 2014; see
commentary Bell et al. 2015). While we are amused by previous parents’ fears of
radio addiction, current concerns about smartphones and social media are shaping
and influencing policy around the world. In the United Kingdom there have been
various committees, inquiries and white papers about this topic (Davies et al. 2019;

House of Commons Science and Technology Select Committee 2019; Viner et al.
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2019; Department for Digital, Culture, Media and Sport and Secretary of State
for the Home Department 2019)), in Asia laws have been implemented that try to
curb technology use entirely (Choi et al. 2018)) and in the United States there is a
movement to ban smartphones before the eighth grade (Wait until 8th 2018)).

Psychology and its provision of scientific evidence play a key part in the current
panic about digital technologies. This means that strict measures of methodological
quality control need to be in place to ensure that the research delivered will have
a positive, reasoned and scientific influence on the current technology panic and
those of the future. The credibility revolution in psychology has set out many
processes in which the discipline can improve the quality of its scientific endeavour
(Munafo, Nosek, et al. 2017; Vazire 2018)). This thesis will examine how such
innovations and improvements can be implemented to produce a methodological
framework that ensures psychology does not become an accomplice in exacerbating
technology panics, but instead uses its power to promote scientific and robust

reasoning in the face of societal change.

1.1 Moral Panics

Rapid increases in concern are not restricted to fears regarding technology but occur
regularly throughout public life. Cohen defined those worries that reach widespread
popularity as moral panics (S. Cohen [1972). They occur when a person, group,
thing, event or other entity is perceived as challenging societal values and norms.
This causes introspective ‘soul searching’ in the population and moral condemnation
(Garland, 2008). The central concerns engendered are most often focused on “The
Other”: a group that does not constitute the main powerholders of society. The
social critics, journalists and researchers are therefore “interestingly immune” when
it comes to the negative effects of the panic at hand (Grimes et al. 2008| pp. 51).
They instead focus on less-powerful subgroups like children or women, for which
the entity of the moral panic becomes defined as a severe threat by presenting it

in a stylised and stereotypical fashion (S. Cohen 1972, pp. 28). Powerful societal
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actors like editors, policy-makers, religious leaders and those occupying positions
of respect speak out about the problem and what they think could be a solution.
The moral panic then stays in the public mind until it “disappears, submerges or
deteriorates” (S. Cohen 1972, pp. 28). Cohen therefore noted that moral panics can

be trigged by a wide variety of things or people and can last a short or long time.

1.1.1 The Last Century

Moral panics about the youngest generations in society — what affects them and
how they are developing — have been present for centuries. Greek philosophers
already voiced concerns about the damage writing would do to society and youths’
increasing lack of respect centuries ago (Wartella and Reeves 1985; Blakemore
2019). Panics come and go: consistently reincarnated when a new technology or
development gains popularity across society. A complete historical summary of
moral panics is therefore out of the scope of this thesis. I will focus instead on

the moral panics about new technologies of the last century, which have become

powerful and recurring phenomena (Wartella and Reeves 1985)).

Radio and movie dramas are only one example of the wide range of technologies
that have been implicated in such technology panics. In the decade that followed
the moral panic about radio, concerns about comic books were on the rise. In
1954, the psychiatrist Fredric Wertham wrote a scathing and scaremongering book
called Seduction of the Innocent, where he voiced great concern about the effects
of comic books on young people: “Slowly, and at first reluctantly, I have come to
the conclusion that this chronic stimulation, temptation and seduction by comic
books, both their content and their alluring advertisements of knives and guns, are
contributing factors to many children’s maladjustments.” (1954, pp. 10). Society
and politicians were receptive to Wertham’s hypothesis of comic books being the
cause of recent rises in juvenile delinquency, even though such a trend could have
also been explained by societal or cultural issues. Yet such underlying causes
would have been much more difficult to address. In a New York Times article,

the sociologist C. Wright Mills lauded the book as “a most commendable use of
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the professional mind in the service of the public” (Wright Mills [1954; as cited
in Tilley 2012). Wertham’s work was instrumental to the passing of restrictive
comic book legislation that has been recognised as a major contributing factor
to the demise of the genre (Tilley 2012). Yet history does not look favourably
on his work. It is now known that he manipulated his evidence and exaggerated
his claims while refusing to share the underlying data, privileging “his interests
in the cultural elements of social psychiatry and mental hygiene at the expense

of systematic and verifiable science” (Tilley 2012).

Panics about comic books, radio and innovations like new music (Sternheimer
2003)), were however overshadowed by the concerns raised about television and
its possible promotion of violent behaviour. A report by the US Media Task
Force found that television violence was “one major contributory factor which
must be considered in attempts to explain the many forms of violent behaviour
that mark American society today” (Lowery and DeFleur 1988, pp. 309). Yet
— again — high quality evidence is lacking. A seminal before-and-after study on
children in Norwich who had previously not had access to home television found
that television did not increase aggression levels (Himmelweit et al. |1961]). The
study also highlighted that most children watched television selectively without it
dominating their lives. During times of panic, however, the provision of high-quality
evidence doesn’t alleviate the worries of critics and the pressure to implement
policy change. An editorial in Pediatrics, for example, subsequently noted that
professionals need to “avoid the intellectual trap of minimizing the importance of
television’s effect on child and adolescent behaviour simply because the literature
does not contain straightforward, statistically validated research” (Strasburger
1989). With the advent of newer technologies, however, the moral panic about
television also waned. While television, comic books, radio, or movies were once
the centre of attention, the cycle of media panics has moved on, relegating these

technologies to the background of societal concerns.
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1.2 The Sisyphean Cycle of Technology Panics

The continual rise and fall of concern about new technologies, driven by the want
to comprehend and explain their influence on society, is an age-old component
of societal debate. The nature of these debates has, however, changed in the
last century. While some scientific commentators played a part in the technology
panics about radio or comic books (Preston 1941; Wertham |1954)), most of the
debate was held outside of scientific arenas. Since the technological panic about
television, however, science has been progressively included in the debate (Dennis
1998). This development is unsurprising as scientists are operating in an increasingly
industrialised scientific space where they are expected to solve practical problems
in society (Ravetz 1971)). In other words, it is now an expectation that science can
provide answers to those issues that are most prominent in the public or political
eye. There are also fewer areas of life where previously inherited common-sense
wisdom is valued more than the evidence provided by so-called scientific experts,
and the assumption is growing “that every problem, personal and social as well
as natural and technical, should be amenable to solution by the application of

the appropriate science” (Ravetz [1971, pp.12).

This shift alters the stakeholders central to technology panics. For better or
for worse, psychology — the science most closely related to child development and
parenting — now plays an integral role in what I will call the Sisyphean cycle of
technology panics, referencing the Greek myth of King Sisyphus. King Sisyphus
was condemned by the Gods to roll a boulder up a steep hill in the underworld
for eternity: every time he reaches the top, it rolls back down to the bottom,
forcing him to walk back and start the cycle all over again. Similarly, psychological
research on technology effects is in an intricate cycle of addressing societal worries
about technologies. With every new technology treated as completely separate
from any technology that came before (Wartella and Reeves [1985)), psychological
researchers routinely address the same questions; they roll their boulder up the

hill, investing effort, time and money to understand their technology’s implications,
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only for it to roll down again when a novel technology is introduced. Psychology
is trapped in this cycle because the fabric of moral panics has become inherently
interwoven with the needs of politics, society and the scientific discipline (Grimes
et al. 2008). I will outline the nature of this involvement at different stages of

the Sisyphean cycle of technology panics below:

1.2.1 1. Panic Creation

Technology panics are a recurring feature of the societal landscape because of how
society reacts to technological developments. The predominant approach to techno-
logical reform is technological determinism: the idea that (1) the technologies used
by a society form basic and fundamental conditions that affect all areas of existence
and (2) that when such technologies are innovated, these developments are the single
most important driver of changes in said society (Leonardi 2012). Technology is
therefore seen as a foundation for and agent of change, while society itself is assumed
to have little power to influence the technologies themselves. “Utopian and dystopian
views assume that technologies [therefore] possess intrinsic powers that affect all
people in all situations the same way” (Boyd 2014), pp. 15). When the internet
became increasingly popular, for example, most analyses either took a utopian or

dystopian point of view (Wellman [2004; Livingstone, Mascheroni, et al. [2018)).

Technological developments are rapidly linked to ongoing and complicated
societal changes (Grimes et al. 2008, pp. 50), an example of which is the current
concern that social media is causing observed decreases in teenage mental health
(Twenge 2018]). What makes arguments based on technological determinism even
more powerful is that they are difficult to deny. Critics are told that society will only
truly understand the impact of a certain technology when a longer time-frame is
available to be examined (Leonardi 2012)). Technological determinism is therefore a
widespread assumption which allows panics to arise quickly, by linking technological

developments to current societal changes that concern the population.
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1.2.2 II. Political Outsourcing to Science

Certain political benefits arise from societal panics (Garland 2008). Politicians
and policy-makers routinely embrace them as an opportunity to demonstrate their
willingness to stand up to emerging technology companies and their deep concern
for children and other vulnerable populations (Grimes et al. 2008)). In 1954, for
example, Senator Estes Kefauver headed a US House subcommittee investigation
into the original Superman series, making a name for himself and ultimately
running for president (Grimes et al. 2008). “Then, as now, few could resist or would
deny the political dynamic fuelled by the headline potential of being opposed to
violence, a champion of children, and tough on a regulated industry” (Ramey |1994).
Technological panics also enable politicians and society to “deflect social reform
from the much more difficult issues of racial justice, economic opportunity and
educational quality” (J. A. Anderson 2008). They are therefore a welcome vehicle

for steering public attention away from intractable and uncomfortable issues.

While it is in the political interest to be seen to address technology panics, it
has now become common to outsource the process of finding solutions to scientific
research. In the last decades, politics and parenting have increasingly turned to
science as a guide for addressing difficult questions. Society now treats “scientists
as experts, whose opinions are regularly sought on matters of importance and
for most part accepted without question.” (Okasha 2002, pp. 121). This gives
science a place in society where its specialised knowledge is used to calm fears and
concerns in the general population, providing “comfort and reassurance in the face
of the crucial uncertainties of the world” (Okasha [2002; Ravetz (1971}, pp. 386).
Any new societal concern is not just a political event, but also a challenge to the
relevant science (Ravetz 1971)). Outsourcing the technological panic to science by
funding, commissioning and referencing research, therefore allows politicians and
policy-makers to calm and reassure the population, putting the onus on academics

to provide a sense of security through the production of tailored research.
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On the one hand, political outsourcing is a positive for psychology: researching
a technology implicated in a panic promises funding, prestige and other outcomes
aligned with current scientific incentives. In the industrialised age of science,
where researchers work in more precarious positions and need to find research
funding to support their existence, policy’s decision to fund science addressing the
technological panic at hand promotes work in the area (Rubenstein |1982; Ravetz
1971). Furthermore, there is an attraction to investigating something society is

inherently interested in, with the hope of ultimately helping vulnerable populations.

Psychologists therefore take the position of providing the public with research into
a societal concern, rooting their work in the solution of a practical issue. This is best
illustrated by researchers’ introductions to their work which centrally acknowledge
the public concerns (Wartella and Reeves |1985)). A 1937 paper considering the radio
included the following introductory sentence: “The fact that parents and teachers
have persistently complained about the quality of the radio entertainment provided
for children makes the need for research in this field the more urgent” (DeBoer
1937)) and similar introductions will be seen at the beginning of my thesis’ chapters.
There is therefore a scientific shift in the area towards addressing a societal problem,
rather than furthering a universal scientific theory or widely accepted research
thread. Some argue that this causes additional problems. They believe that for such
a scientific area to self-sustain, it now needs to uphold an aura of crisis, and keep
up the face of science being necessary to cure the problem at hand (Grimes et al.
2008). By providing money, attention and prestige, technology panics therefore
cater to the needs of the psychological discipline, which has to sustain itself during
the 21st century. This builds a network of dependence between the public, policy

and academia in the face of technological concern.

1.2.3 1III. Wheel Reinvention

Yet there are also clear negatives when science becomes the provider of evidence to
technological concerns. Researchers have noted the distinct similarity of research

conducted to address different technological panics (Wartella and Reeves [1985)).
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This realisation is not new; even in 1951 researchers were complaining that for
each new technological concern “we seem to go through the same stages” (Seagoe
1951). Questions about addiction to relevant technologies have been raised for
radio (Preston 1941)), comic books (Wertham 1954)), television (Lowery and DeFleur
1988)), video games (Bushman and C. A. Anderson 2002)) and social media (Twenge
2018). Similarly, questions about social connection, concentration and empathy
are routinely found when reading psychological commentary on a range of new
technologies (Greenfield 2014). It is therefore routinely overlooked that each
novel technology shares more similarities than differences with its predecessors —
even though it might look completely new at first glance (Seagoe [1951)). Video
games, for example, were first treated as a medium distinct from television but
are now commonly integrated into combined reviews of so-called screen time

(Dickson et al. 2018).

This reinventing of the wheel is a symptom of an area built on the existence of
a practical problem, rather than the existence of a universally accepted theoretical
underpinning or research thread. While there are some common ideas about
technologies like the displacement hypothesis (Przybylski and Weinstein 2017;
Dienlin et al. 2018)), such approaches are commonly used to explain findings without
having a more influential role in shaping or progressing the work. Without an
underlying paradigm to guide research, each researcher is “forced to build his field
anew from its foundations” (Kuhn 1962, pp. 13). The psychological discipline
examining technological panics is therefore in a Kuhnian pre-paradigmatic period

of science (Kuhn [1962).

With each new technological panic, a new group of researchers begins investi-
gating the practical problem at hand without an overarching theoretical framework
or an underlying basis for scientific understanding. The pre-paradigmatic nature of
the field is then “marked by frequent and deep debates over legitimate methods,
problems, and standards of solution, though these serve rather to define schools
than to produce agreement” (Kuhn 1962, pp. 48). This conflict about methodology

and scientific standards has been evident in the fraught tone of scientific debate
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about violence in video games (Elson and Ferguson [2014) and the current discussion
about smartphone use (Ophir et al. 2019; Twenge 2019). The lack of an underlying
theory lets different camps emerge that are in scientific disagreement with each

other, leaving the quality of scientific output relatively uncontrolled (Kuhn (1962).

In pre-paradigmatic fields such as technological panics research, the wheel
is therefore routinely reinvented and little progress is made due to the lack of
theoretical anchors for scientific investigation and quality control. The research area
struggles while the field’s “leaders and practitioners are exposed to the temptations
of being accepted as consultants and experts for the rapid solution of urgent
practical problems” (Ravetz (1971}, pp. 400). The Sisyphean cycle of technology
panics therefore restricts the researchers to addressing practical problems and
internal debate, rather than building a long-lasting theoretical understanding that

can shape science in the long term.

1.2.4 1V. No Progress; New Panic

Psychology — the science routinely chosen to investigate the technological panic at
hand — therefore has few of the tools necessary to produce evidence quickly and
effectively. The funding provided by politicians and government for the scientific
field helps calm the nerves of the population but will provide little evidence to
inform policy interventions. When faced with the decision about how to react
to the technology at hand, policy makers therefore need to choose between three
options: (1) they engage in evidence-based policy, and as there is not enough evidence
they do not implement substantial policy change, (2) they engage in policy-based
evidence, selecting or highlighting only the evidence that adheres with the policy
they aim to implement or (3) they do not consider scientific evidence at all and
instead adhere to the precautionary principle, implementing restrictive technology
policy due to the fear of potential harm.

Many of the vocal contributors to technology panics argue for the latter approach,
urging policy makers to anticipate harm even when there is no evidence that it will

occur. It reverses the onus of proof so that the actor needs to show that the activity
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is harmless instead of vice-versa (Kriebel et al. [2001). In the area of technology
panics we are reminded of an editorial by Strasburger, which highlighted that a lack
of evidence should not make paediatricians shy away from examining problematic
television use (1989). Furthermore, Wertham provided a gripping analogy in his
book: “Gardening consists largely in protecting plants from blight and weeds, and
the same is true of attending to the growth of children. If a plant fails to grow
properly because attacked by a pest, only a poor gardener would look for the
cause in that plant alone. The good gardener will think immediately in terms of
general precaution and spray the whole field. But with children we act like the
bad gardener. We often fail to carry out elementary preventative measures, and

we look for the causes in the individual child” (1954, pp. 2).

While slow scientific progress makes policy interventions difficult, sooner or later
the panic will subside due to the introduction of a new technology (Dennis 1998).
From the historical perspective it is clear that once a new technology is introduced,
interest and concern about older technologies decreases substantially (Wartella
and Reeves [1985)). Public and political attention turns to the new technology,
restarting the Sisyphean cycle of technology panics, while leaving behind a debate
that potentially contributed little to knowledge creation, and that will be largely

forgotten so that the next generation of researchers can reinvent the wheel again.

1.3 Media Effects Research: The Common Ap-
proach

It is remarkable that research conducted during different technological panics
proceeds in lockstep while lacking an overarching theoretical paradigm. This
is explained by researchers’ universal adherence to the same basic structures
of psychological thinking and argumentation. Like in social psychology, the
guiding principle for most technology research is cognitivism (Wartella and Reeves
1985). The effects of technologies are not treated as pure stimulus-response

relationships, but as influencers of abstract and measurable cognitive factors
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(e.g. violent tendencies, positive affect or attitudes). To measure the effects of
technologies one can therefore examine abstract before and after measures of

cognitive factors, an approach popular for almost 90 years (Thurstone 1929).

Cognitivism requires researchers to assume that cognitions, and the biological
structures that underly them, are either malleable throughout life or during certain
developmental periods (Grimes et al. 2008)). The malleability of the brain has been
shown to be substantial in both early childhood (DiPietro 2000) and adolescence
(Fuhrmann et al. 2015)). Long-term malleability in later life has been evidenced
with respect to brain injury (Fraser et al. 2002) but the extent of malleability varies
with respect to age and damage (Fashad and Kolb 2010; Lenroot and Giedd [2006}
V. Anderson et al. 2005)). It is also not certain whether well-being or life satisfaction
are malleable over time (Lucas and Donnellan 2007). While the general assumption

of malleability is readily made, it is therefore not without criticism.

Research on the effect of an emergent technology normally has four elements:

it focuses on a technology, content or medium,
it defines a specific audience,
it examines a behaviour due to the technology, content or medium, and

it provides theory or methodology to generate evidence (Grimes et al. [2008]).

When initially researching a new technology both a) and b) are often broadly
defined as the technology as a whole (e.g. smartphones) and a broad audience
(e.g. all children) respectively. The behaviour examined (c) is the outcome which
is causing concern (e.g. violence or depression), while the theoretical basis (d) is
cognitivism as discussed above. This generalisation directs the early literature
towards a causationist standpoint: that all members of the audience considered are
affected by the new technology in the same way and that this technology is sufficient
to cause long-term change (Grimes et al. 2008)). This approach is similar to the
hypodermic needle model which presupposes that every medium consumed affects

behaviour in a direct, identical and non-individual way (Wartella and Reeves [1985)).
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This causationist standpoint has had many incarnations in the last century:
listening to the radio causes anxiety (Preston [1941)), reading comic books causes
childhood maladjustment (Wertham 1954), video games cause aggression (Bushman
and C. A. Anderson 2002) and smartphones and other new media cause depression
(Twenge, Joiner, et al. 2017, Twenge 2018]). The argument is however difficult to
uphold because of its assumptions (Himmelweit et al. [1961)). Firstly, if we take a
social developmental approach, any slight differences in upbringing and socialisation
should cause differences in cognitive structures (Grimes et al. [2008), something
that has been widely recognised to be true in both psychology and neuroscience
(Kolb and Gibb 2011). For a causationist standpoint to work, however, cognitive
structures and development need to be identical across the population studied
so that they are identically affected by the technology of interest (Grimes et al.
2008). Furthermore, the causationist standpoint assumes that the technology of
interest has more influence on the outcome of interest than other aspects of a
person’s life (Grimes et al. 2008). Both assumptions are difficult to support in
the face of widespread scientific evidence that common individual differences in
the environment can substantially change a person’s cognitive structures (Kolb

and Gibb 2011; DiPietro [2000).

A natural progression for research in this area is therefore to examine more
specific audience types. A report by Herzog published in 1941, for example,
considered how age determines whether children are affected by radio (Herzog
1941} as cited in Wartella and Reeves [1985). The 1933, the Payne Fund studies
investigated the effects of films and highlighted that children’s reactions depended
on gender, age, past experience and predispositions (Wartella and Reeves |1985). In
addition to individual differences, research often also begins to take into account
the different contents that can be consumed using the same technology. Blumer
and Hauser, for example, found that the effects of films on delinquency depended

on the film shown, as well as on the observer (Blumer and Hauser 1970).

When research progresses to consider the cues and justifications for a technology’s

use, it adopts a multi-process approach (Huesmann et al.[1984]). This is especially the
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case once researchers start considering the bidirectionality of relationships between
technology use and cognitive factors. Research has, for example, shown that predis-
positions predict whether someone chooses to watch violent television programmes or
seek out violent video games, highlighting the potential for selective exposure effects
(Atkin et al. [1979; Przybylski, Ryan, et al. [2009). The psychological and cognitivist
approach to investigating a new technology therefore opens up a natural progression
of scientific thinking. Research starts by taking a causationist standpoint but then

moves on to more complex, multi-dimensional and bidirectional approaches.

1.4 Teens and Screens
1.4.1 Screens

In this thesis I will focus on the technology panic that is currently most prominent
in the western world. Concerns about digital technology use and its potential
negative effects on empathy, social interaction, attention, well-being and many other
important outcomes have been growing in the last decade (Greenfield |2014]). While
the preceding moral panic about video games is still ongoing (see Elson and Ferguson
2014)), increased use of diverse screens connected to the internet has encouraged
a more generalised worry about their effects on vulnerable populations (Bell et al.
2015). The shift from a fixation on a particular technology to a more general focus
on ‘screen time’, can be partly explained by our increasing inability to differentiate
between various forms of screen activities. Digital devices such as smartphones,
tablets or laptops can now support increasingly diverse activities and contents
ranging from radio and television, to gaming, reading and social media. As written
by Grimes and colleagues: “In this first decade of the 21st century, we are witnessing
the final erasure of the medium (sic) as convergence makes the distinction of motion
pictures, television, and other media merely an academic exercise” (2008, pp. 41).
It is therefore increasingly difficult to determine the effect of any single technology.
Using a multitude of devices, 99% of UK twelve to fifteen-year-olds now go online, at

an average of 20.5 hours a week (Ofcom 2019). In America, 45% of teenagers report
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they are online “almost constantly” through their use of many different devices
(Pew Research Centre 2018). This makes ‘screen time’ a helpful umbrella term when
voicing concerns about an increasingly digital childhood. It must, however, be noted
that examining time spent on digital devices is an intrinsically bad measurement of

their effects (Orben, Etchells, et al. [2018; Orben and Przybylski [2019a, Chapter 3).

Since the start of my doctoral training, social media use and smartphones
have become an additional focal point of technology concerns. Smartphones and
tablets allow mobile and continuous engagement with digital technologies and the
internet. In the United States, 95% of teenagers (aged thirteen to seventeen) report
having access to or owning a smartphone (Pew Research Centre 2018). In 2018,
83% of British twelve to fifteen-year-olds owned a smartphone, and 50% owned
a tablet (Ofcom 2019). Social media is often hosted on either of the two devices
and encompasses “sites and services that emerged during the early 2000s, including
social network sites, video sharing sites, blogging and microblogging platforms, and
related tools that allow participants to create and share their own content” (Boyd
2014, pp. 6). Social media is different compared to other communication methods
as it is non-directed and does not need to be topically orientated. Previous internet
platforms often focused on specific topics, but social media sites downplayed the
necessity of having a common topic and instead made “friendship the organizing

tenant of the genre” (Boyd 2014} pp. 7).

Social media completes the erasure of the medium as it is inherently diverse and
ever-changing: its content is highly individualised and can differ from person-
to-person on an hour-by-hour basis. This uncontrollability poses a challenge
to parents and policymakers: “Both the efficacy of regulation (of content) and
governmentality (of use), the traditional comfort blankets in relation to television,
are challenged by the internet because children and young people are theoretically
free to roam anywhere in the places and spaces of the cyber.” (S. Brown 2005
pp. 151; France 2007)).

The diversity of social media, and its inherently social nature, makes it attractive

to younger generations. In the UK, 69% of twelve to fifteen-year-olds have a social
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media profile (Ofcom 2019). Asked about its effect on their lives, 31% of American
adolescents believe it is “mostly positive”, in comparison to 24% saying it is “mostly
negative” (Pew Research Centre 2018)). One of the most appreciated aspects of
social media use is the ability to connect and communicate with friends and family
(Pew Research Centre 2018)), something that has been a key part of adolescent life
for decades (Blakemore and Mills 2014). Social media creates so-called “networked
publics”, spaces in society where adolescents can form social relationships and spend
time together (Boyd 2014)). “Teens engage with networked publics for the same
reason they have always relished publics; they want to be a part of the broader
world by connecting with other people and having the freedom of mobility” (Boyd
2014, pp. 10). As adolescents are less able to access public places, because they are
spending more time at home, the ability to interact in such networked publics is an
opportunity for them to create their own social environment in the 21st century
(Boyd 2014). What makes social media concerning is therefore its sheer diversity and
uncontrollability. This emergent technology provides opportunities for adolescents
to construct places that allow them to socialise and connect, away from the eyes and

ears of their parents and even when their use of physical public spaces is restricted.

1.4.2 Teens

Most concerns about digital technologies and social media focus on adolescents,
the earliest extensive adopters of these innovations. While adolescence used to be
considered the age between puberty and marriage/parenthood, the endpoints are less
clear cut today. The end of adolescence is now often linked to adult responsibilities
(Patton et al. 2016) or a reduction in dependency on others (Griffiths |1996). There
is however no universally accepted age range or traits of adolescence. The World
Health Organisation defines adolescents as ten to nineteen-year-olds, with early
adolescence being between ten and fourteen years of age and late adolescence
being between fifteen and nineteen years of age (Patton et al. [2016). The lack of
clear age limits stands in contrast to the distinct role teenagers take on in society.

Adolescents are often viewed as having distinct attributes not found in children
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or adults (Seagoe 1951)). But what makes an adolescent an adolescent is still
relatively unclear. Historical, sociological and psychological approaches provide

important insights into this stage of life.

Historical Perspective

Society’s stance towards adolescents has undergone considerable fluctuations over
time. A study of child portraits concluded that in the 17th century adolescents were
seen as small versions of adults (Aries [1960]). Researchers have however criticised
this conclusion as portraiture was only available to the most privileged and the
study can therefore not generalise to other subsets of the population (France [2007;
Griffiths [1996). Furthermore, adolescents seem to have been perceived as a distinct
‘group’ for multiple centuries. Aristotle already remarked how “youth is the age
when people are most devoted to their friends” and are also “lacking in sexual

self-restraint, fickle in their desires, passionate and impulsive” (Blakemore 2018b).

Throughout the 18th and 19th century, state involvement and general concern
about the adolescent age group increased; concerns specifically about leisure time
started to appear in the 19th and 20th century (France|2007). Adolescents were then
seen as an age group that needed shielding, even though the amount of safeguarding
considered necessary fluctuated over time. In the 1960s and 1970s the arrival of
youth countercultures made adolescents take a more prominent place in society as
consumers, while there was also a push towards more youth education and culture
(Livingstone 2009)). The last half century then saw more products and technologies
being marketed specifically at the adolescent age group — a development still ongoing
today. Looking back, it becomes evident that our definition of adolescence, and

adolescents’ place in our society, is still in continuous flux.

Sociological Perspective

The sociological idea of increasing individualisation in society is a concept worthy
of further attention (Beck and Beck-Gernsheim [2002), especially when considering

current concerns about adolescent well-being trajectories. The last decades have been
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marked by this societal development: people want increasing control over their own
lives. This need for individualisation is also reflected in psychological approaches
like Self-Determination Theory (Ryan and Deci 2000). With individualisation
progressing in society, individual self-fulfilment is aspired to at the highest level
and the previous social orders based around the traditional family, nation states,
class and ethnicity, decline in importance (Beck and Beck-Gernsheim 2002, pp. 22).
This is said to affect the youngest in society. They are put under pressure to aspire
to a ‘biographical project’, where they plan their lives and wilfully navigate career
and lifestyle choices (Beck and Beck-Gernsheim [2002}, pp. 60-61). Failures to deal
with the increasing pressure or expectation to build a biographical narrative are
attributed to a failure of the self. Furthermore, problems in society and “social
crises appear as individual and are no longer — or only very indirectly — perceived
in their social dimension”, making people responsible for their own failures (Beck
and Beck-Gernsheim 2002, pp. 24). While such a sociological change is difficult to
study from a psychological perspective, it is important to consider when discussing

current trends and determinants of adolescent well-being.

Psychological Perspective

Some have argued that considering adolescence a separate life stage is arbitrary
(Seagoe 1951)). There is, however, an increasing consensus in the psychological
discipline that adolescence is a “distinct period of biological, psychological and social
development” (Blakemore 2019). There are three pillars of evidence: 1. There exist
behaviours, not dependent on culture, that set adolescents apart from other age
groups, 2. Such adolescent-type behaviours are found across species, and 3. Such
adolescent-type behaviours have been documented throughout history (Blakemore
and Mills 2014; Blakemore 2019). The activity most commonly associated with
adolescence is social risk taking (Steinberg 2004). While risk taking might seem
inherently negative, it could be evolutionarily beneficial for adolescents maturing
in an unstable and changing world (Blakemore [2018a)). Furthermore, adolescents

are very attuned to their social peer groups (Boyd 2014)) and especially affected
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by social rejection (Blakemore and Mills |2014; Blakemore 2019; Blakemore 2018a).
This again can be seen as something beneficial for their maturation, while it does

exacerbate problems and behaviours seen as unique to that age group.

In addition to psychological changes in cognition and behaviour, there are
biological developments that make adolescence a unique window of cognitive
maturation (Fuhrmann et al.[2015). Such periods of biological change give reason to
believe that adolescence is a distinct stage of development. During adolescence, the
brain is more susceptible to social signals, when compared to the brains of adults
or children (Blakemore and Mills 2014)). Furthermore, the brain is undergoing
long-term changes in grey and white matter, axonal myelination and synaptic
pruning (Blakemore 2019). Not only in the brain, but around the body, changes in
stress (i.e. glucocorticoids) and sex hormones (e.g. testosterone), controlled either
through gene expression, physical changes or epigenetic mechanisms, play a key role
in “sculpting the adolescent brain” (Andersen and Teicher 2008]). This increased
malleability is important when theorising about potential technology effects (Grimes
et al. 2008)), and it supports the view that adolescence is a distinct developmental

period worthy of psychological attention.

1.4.3 Well-Being

Humans are motivated to live a happy life, and therefore decreases in the well-being
of certain populations attract societal concern. Well-being is not only integral for
mental health, but also a key predictor of productivity (Bryson et al. 2015) and
general health outcomes (Steptoe et al. 2015). Yet it is much more difficult to
quantify than GDP or mortality rates. Adolescent well-being levels, or rather the
current decrease of adolescent well-being levels, are however at the forefront of a
current panic about digital technologies and social media (The Children’s Society
2018; Twenge 2018). This thesis will therefore focus on investigating adolescents’
subjective well-being, defined as an “overall evaluation of the quality of a person’s

life from her or his own perspective” (Diener, Lucas, et al. 2018). In this section

I will discuss the definition of subjective well-being and how it can be measured.
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I will examine its stability over the life course and whether we need to consider

some of its distinct qualities when studying adolescents.

Definition

While there exists an inherent difficulty in defining what exactly well-being is
(Kesebir and Diener 2008]), subjective well-being is most often separated into four

components (Kesebir and Diener 2008 Diener 2000)):

» Life satisfaction: global judgements about one’s life

» Satisfaction with certain domains: e.g. satisfaction with friends, family or
school (Huebner 2004)

o Positive affect: pleasant moods and experiences

o Negative affect: negative moods and experiences

The measurement’s subjective nature limits the scope of the construct: it probes
quality of life from an individual’s perspective, instead of trying to obtain a more
general overview (Huebner 2004). The measure should therefore not be assumed
to quantify overall objective well-being. Yet subjective well-being might be one of
the best proxies available for measuring well-being, and its subjectivity could be a
strength. “Different people likely weight different objective circumstances differently
depending on their goals, their values, and even their culture. Presumably, subjective
evaluations of quality of life reflect these idiosyncratic reactions to objective life
circumstances in ways that alternative approaches (such as the objective-list

approach) cannot” (Diener, Lucas, et al. 2018).

Subjective well-being is separable from other conceptualisations of well-being
prominent in the literature. Eudaimonic well-being, for example, assumes well-being
is determined by having a sense of purpose and regular positive contact with others
(Ryan and Deci 2001)). This form of well-being might contribute to subjective
well-being measurements. For example, meaningful relationships could benefit

subjective well-being (Rohrer and Lucas 2018]). However, eudaimonic well-being
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also falls outside of the subjective well-being conglomerate: good relationships

might not be necessary for every person’s happiness.

Measurement

For people’s subjective judgements about well-being to be valid, the following
needs to be true: 1. All experiences people have should additively sum to make
some real global well-being entity, 2. These feelings of global well-being should
be relatively stable and 3. People need to be able to summarise and report these
feelings in an accurate manner (A. Campbell [1981). Whether the third point is
true is still relatively unclear. There are both top-down and bottom-up theories
trying to describe how people arrive at subjective well-being judgements. Top-down
theories argue that people view their life in a certain way and this judgement
determines their responses to subjective well-being questionnaires. The bottom-
up view argues that people aggregate their evaluations and experiences of many
diverse aspects of their lives to derive their general subjective well-being judgement

(Diener, Lucas, et al. 2018)).

In parallel to this distinction, it is unclear whether respondents fill out ques-
tionnaires ‘experientially’ (i.e. considering how they feel now) or ‘evaluatively’
(i.e. considering how they think they have been feeling retrospectively). At times,
judgements are made too rapidly to be the result of a full memory search, hinting that
responses might be heavily dependent on experiential rather than evaluative thinking
(Diener, Lucas, et al. 2018)). Yet if people fill out questionnaires experientially,
we would expect short-term changes in the environment that affect mood to also
change their well-being ratings. Yet studies have shown that mood’s effect on
subjective well-being judgements is minor and inconsistent (Eid and Diener [2004).
Furthermore, a study of one million US residents’ life satisfaction found that the
weather on the day of questionnaire completion did not substantially affect well-being
judgements (Lucas and Lawless 2013)). As mood and day-to-day circumstances fail

to pose major threats to the reliability and validity of well-being and life-satisfaction
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measurements (Diener, Lucas, et al. 2018; Huebner 2004), participants are probably

using a mixture of experiential and evaluative techniques to answer the questions.

Whatever way participants approach their completion, there is sufficient evi-
dence showing that subjective well-being questionnaires are valid by traditional
psychometric baselines (Diener, Lucas, et al. 2018; Diener, Emmons, et al. [1985]).
While participants’ scores can be slightly influenced by socially desirable responding
and emotional states, these influences can be discounted as non-detrimental to the
measurement procedure (Diener 2000). It is however still unclear how the many
different measures of subjective well-being relate to each other. The measures range
from quantifying life satisfaction in various domains (Knies 2017; University of
Essex, Institute for Social and Economic Research 2018) to asking about mood
either on the day or over a specific past timeframe (University of Michigan. Survey
Research Center [2018). As there is still little consolidation of measures, researchers
expert in the area recommend that “when possible, researchers should include
a broad array of measures, including both judgment-focused measures like life
satisfaction and more affective measures.” (Diener, Lucas, et al. [2018)). I therefore
include diverse and partially overlapping scales of subjective well-being in the

work completed for this thesis.

Measurement Stability

A question central to this thesis is whether subjective well-being can be effectively
changed or whether it is stable throughout life. Only if well-being is malleable
can media significantly affect it (Grimes et al. 2008]). While there has been much
disagreement about the stability of well-being, the conflicting evidence hints of the

existence of a small proportion of well-being that can be changed over time.

Happiness pie hypothesis. The disagreement about stability is at its clearest
when comparing the positive psychology movement to the hedonic treadmill hy-
pothesis. Positive psychology, a popular area of psychology for over two decades,

stresses that small changes to how people live their lives can increase long-term
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happiness (Seligman [2002). Researchers have floated ideas like the Happiness Pie
Hypothesis: that approximately 50% of individual differences in happiness are due
to genetics, 10% are dependent on life circumstances and the remaining 40% can
be influenced by the activities people decide to do in their lives (Lyubomirsky et al.
2005)). This idea of 10% of happiness being controlled by your circumstances and
40% by your volition became very popular, as it fit “into a pervasive contemporary
‘feel-good’ narrative in which self-improvement is claimed to be not only desirable,
but also eminently achievable” (N. J. L. Brown and Rohrer 2019). But this is
an exaggeration. Researchers have criticised the Happiness Pie Hypothesis for
confusing within- and between-subject variance, conflating demographic factors
and life circumstances, failing to include a necessary error term and not accounting
for important interactions and the uncertainty around how much genes determine
happiness (N. J. L. Brown and Rohrer 2019). The Happiness Pie Hypothesis
therefore overestimated the percentage of well-being that is susceptible to change
through lifestyle choices by making multiple errors. While the hypothesis might be
an exaggeration, however, one should note that some researchers have simulated
agent-based models showing that even a small percentage of happiness malleability
can cause significant differences in the happiness levels of monozygotic twins (Nes

and Rgysamb 2017)).

The area of positive psychology, and its message that any person is the maker
of their own happiness, has been increasingly criticised as well. Some believe that
the narrative about real-world pursuits increasing happiness are money-making
ideals lacking scientific evidence, which cause great opportunity costs for individuals,
science and society (N. J. L. Brown and Rohrer [2019; Moreau et al. 2019). Moreau
and colleagues stress that “overemphasizing the role of environmental factors in
success may lead to failure being stigmatized, despite the fact that individual
differences in many real-world endeavours may in part reflect factors that are

not under people’s control” (2019).
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Hedonic treadmill hypothesis. In contrast to the Happiness Pie Hypothesis,
other groups of researchers have long argued that happiness might not be as
malleable as often proclaimed. The Hedonic Treadmill Hypothesis suggests that
people return to their baseline level of happiness after significant life events (Diener
2000; Brickman and D. T. Campbell [1971)). The original authors of this theory found
that while new paraplegics and lottery winners exhibited changes in happiness, they
returned back to baseline levels in the long term (Brickman and D. T. Campbell
1971)). There has been much support for this theory (Lykken and Tellegen 1996)),
but it has been supplemented to better address more recent research findings. The
Dynamic Equilibrium Model, for example, now includes personality as a predictor
(Diener [2000)). Furthermore, people are now known not to fully return back to their
original baseline of subjective well-being after an extreme life event like the loss of
a spouse (Diener and Oishi [2005). Yet it is still agreed that, while life events or

daily activities perturb well-being, they oftentimes have little long-term impact.

This conclusion is supported by research using a variety of methods to quantify
the stability of happiness levels. It has been suggested that up to 50% of variance in
life satisfaction is stable (Lykken and Tellegen [1996]). A more recent study, however,
has adjusted this estimate using the STARTS method, finding that the stable
trait component of subject well-being is about 34-38%, while the autoregressive
component is about 29-34% (Lucas and Donnellan 2007)). The relatively high
stability of well-being and life satisfaction could be driven by genetics (Nes and
Rgysamb 2017). Three meta-analyses found that the heritability of overall happiness
measures is about 32-41% (Nes and Rgysamb 2017)). Taking what we now know
about well-being’s stability into account, one could conclude that some proportions
of happiness can be changed by life events and recent actions, while over a
third is purely stable and outside technology effects’ reach. This supports the
theoretical validity of hypotheses about activities like technology use affecting

small proportions of well-being.
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Predictors

To understand how technology might be affecting well-being outcomes, it is impor-
tant to understand what activities predict increases or decreases in well-being. Social
variables seem to play a large part in predicting subjective-well-being, illustrating
that happiness is not an individual pursuit (Diener and Oishi 2005; Bradburn
1969)). This has been reflected in seminal theories of social psychology that highlight
the ‘need to belong’ as fundamental to human happiness (Ryan and Deci 2000;
Baumeister and Leary [1995). Recent pre-registered and large-scale research found
that those who aim to socialise to increase their well-being are most successful
in reaching their goal (Rohrer and Lucas 2018). Furthermore, other research has
highlighted how social connection is a core aspect of human life, both in modernity
and throughout our evolutionary past (Dunbar 2018)). The substantial influence
of social variables on subjective well-being is found across cultures: research using
the World Values Survey has highlighted that social capital is a key predictor
of happiness around the world (Helliwell and Putnam [2004). When evaluating
this research, we however need to keep in mind that social variables are easier
to change than, for example, health variables. This could partially explain their

high predictive power (Rohrer and Lucas [2018)).

In addition to social circumstance, a variety of other factors predict subjective
well-being. High levels of income, strong relationships and religiosity are successful
predictors (Diener, Lucas, et al. 2018). Surprisingly, education and gender are
less predictive — at least in adult populations (Diener, Lucas, et al. [2018). The
high stability of subjective well-being and its moderate heritability also show that
internal factors like personality can be predictors (Diener, Lucas, et al. 2018). While
this is of no importance to this thesis, which focuses only on UK, US and Irish
populations, well-being judgements’ variability between cultures should also be

considered in cross-cultural work (Diener, Lucas, et al. 2018)).

Lastly, it is important to note that well-being should not only be considered as

an outcome — “happiness may also be functional” (Oishi et al. 2007, Chapter 3). Not
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being completely happy can be a motivating factor for people to engage in activities
that stimulate future achievement (Oishi et al. 2007)). Happiness can therefore also
be a stimulus for action in our lives, rather than just being an outcome (Nes and

Rgysamb 2017)). We will see the importance of this notion in Chapter 4 of this thesis.

Adolescent Well-Being

While adolescents are routinely perceived as being at their healthiest, a deterioration
in well-being during this time of development can have long-lasting consequences
on later quality of life (Patton et al. 2016; Blakemore 2019; Andersen and Teicher
2008). Previous studies have found that the stable portion of subjective well-being
is much smaller in young people (Lucas and Donnellan 2007)). Furthermore, while
gender is not predictive of subjective well-being in adulthood, adolescent females
are twice as likely to suffer from depression than adolescent males (Andersen and
Teicher 2008). There is also a higher potential for predisposed adolescents to start
exhibiting the symptoms of a psychiatric disorder that will extend into their adult
life (Andersen and Teicher 2008). Adolescence is therefore also a distinct stage

of life when considering well-being and mental health.

Social and biological factors could underly the qualitative differences in adolescent
well-being. Socially, adolescents are known to be more receptive to social rejection
(Blakemore and Mills [2014), especially as self-reported quality of friends is a
key predictor of future adolescent mental health (van Harmelen et al. 2017).
Biologically, adolescent brains are undergoing key developmental changes and
show a qualitatively different response to stress (Andersen and Teicher 2008; Eiland
and Romeo 2013)). Stress might also have a more negative effect on well-being
because the adolescent hypothalamic-pituitary-adrenal axis is still maturing, and
glucocorticoid development is not yet finalised (Romeo 2013; Eiland and Romeo
2013). Adolescence is therefore a very sensitive period for stress affecting future
mental health (Fuhrmann et al. [2015). These factors combine to make adolescent
well-being a distinct and influential aspect of life that can determine important

long-term outcomes.
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1.4.4 Current Evidence

“There is, as yet, no scientific consensus on the impact of screen-based lifestyles on
the mental health of young people” (Frith 2017). Yet there have been well over 80
systematic reviews and meta-analysis published that examine this link in a range
of populations (Dickson et al. [2018]). This number is bound to increase further, as
the production of evidence in the area is still advancing at accelerating speeds. A
review of these systematic reviews and meta-analyses found that they are of varying
quality standards (Dickson et al.|[2018)). In this literature review of the link between
digital technology use and well-being, I will therefore not consider those reviews
ranked as having a medium or high risk of being biased (Dickson et al. 2018). If
the reviews were not ranked by Dickson and colleagues, for example if they were
published in 2019, I will also include them in this review. I will however exclude
those reviews specifically focused on sexting, gaming, aggressive behaviour, internet
addiction or those that only examined a specific sub-population (e.g. Rice et al.
2016; B.-q. Wang et al. 2017; Mitrofan et al. 2009). It is important to note that many
reviews were published using the keyword ‘sedentary behaviour’ and have therefore

been routinely overlooked by the psychological or communication sciences literature.

The many competing meta-analyses and reviews regarding social media and
screen use rely predominantly on cross-sectional evidence, as this makes up the
vast majority of evidence in the field (Dickson et al. [2018)). The quality of evidence
reviewed is therefore very low (Carson et al. 2016). My literature review will
begin with a review of reviews about digital technology use and psychological
outcomes. I will then proceed to examining reviews specifically about social media
use, before summarising particularly high-quality studies in the area. 1 will also
discuss potential improvements and current limitations of research addressing

digital technologies and their link to well-being.

Systematic Reviews and Meta-Analyses: Digital Technologies

Systematic reviews in the field have routinely been confronted with a mixture

of conflicting results. If averaged, these results provide evidence for a positive
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association between time spent using digital technologies (i.e. screen time) and
depressive symptoms (Hoare et al. [2016). Reviews of studies on very young children
found low to moderate quality evidence that TV use is linked to unfavourable
outcomes (Poitras et al. 2017; LeBlanc et al. 2012). Systematic reviews examining
older populations highlight that 1 in 8-12 studies find a null result, while the rest
find a positive association between screen time and unfavourable psychological
outcomes (Tremblay et al. [2011} Dennison et al. 2016)). The relation is however
not exceedingly clear. Some systematic reviews noted that a link between screen
time and depressive symptoms only exists in cross-sectional and not in longitudinal
studies (Liu et al. [2016). In contrast, others find that it is the longitudinal studies
that report a negative or null relation (Carson et al. 2016). To make sense of
such conflicting reviews, the “very low” quality of research in the area must be
taken into account (Carson et al. 2016; World Health Organisation 2019). The
conflicting results highlight that the evidence is still too weak to promote a uniform

interpretation of the effect of interest.

The evidence base for the link between screen time and self-esteem is even weaker
(Hoare et al. |2016). Just like for depression, there are many mixed results and
slightly more studies find negative results (Carson et al. 2016)). There has however
been a randomised control trial showing that limiting television use increased
self-esteem, which has been used by many systematic reviews to argue for a link
(Tremblay et al. [2011)). But one high-quality study on a specific intervention cannot

make up for the many low-quality studies in the area that find mixed evidence.

Systematic Reviews and Meta-Analyses: Social Media

While reviews about screen time are still popular, the focus of the field has changed.
The first meta-analysis about internet use and well-being outcomes was done almost
a decade ago (Huang 2010)). It found a small negative relation of r = -0.05 between
using the internet and well-being, but the review’s quality was graded as low due to a
high risk of bias (Dickson et al.|2018). A more recent meta-analysis of social anxiety

and internet use found no correlation when examining 22 studies (Prizant-Passal
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et al. 2016)). The focus of scientific attention, and therefore of meta-analyses and

reviews, has however shifted to social media use in the last years.

A systematic review of social media use and its links to depression, anxiety
and distress highlights that this research literature is also conflicting (Keles et al.
2019; Verduyn, Ybarra, et al. 2017)). Furthermore, the evidence is low-quality and
cross-sectional in nature (McCrae et al. 2017, Frost and Rickwood 2017)). Reviews
have found small correlations between social media use and depressive symptoms
(Frost and Rickwood 2017; Verduyn, Ybarra, et al. [2017) that (if numerically
provided) range from r = 0.11 (Yoon et al. 2019) and r = 0.13 (McCrae et al.
2017) to r = 0.17 (Vahedi and Zannella [2019). Another meta-analysis found no
significant relationship between social media use and well-being (r < -0.01, Hancock
et al. 2019). Yet when this meta-analysis only examined studies of adolescents,
this correlation did rise to levels similar to those found in other meta-analyses (r
= -0.07). This was also the case when the meta-analysis solely examined studies
that related anxiety or depression to social media use (r = 0.11, Hancock et al.
2019). The associations between social media use and well-being therefore range
from about r = -0.15 to r = -0.10. It is however still unclear what such a small
effect tells us about well-being outcomes and whether policy and parenting should
be adapted in the light of such evidence. This is especially the case as social media
use is inherently linked in complex ways with other aspects of life and it therefore
should not be surprising to find only a small correlation present. This question will

be discussed further in the introduction and other chapters of this thesis.

It is also important to note that other reviews have highlighted positive effects of
social media. Some find that social media increases well-being, social communication,
social support, social capital, authentic self-presentation and social connectedness
while decreasing loneliness — even though these reviews routinely note that other
studies have found exactly the opposite (Erfani and Abedin 2018). One review
concluded that those users who go to Facebook to promote social support and
connection show lower levels of depressive symptoms (Frost and Rickwood 2017)).

Other meta-analyses have also found that social media use increases social support
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(Liu et al. 2016]) and that online media use increases perceived social resources (r =
0.12, Domahidi 2018). One way to explain such a conflict is that different outcomes
were examined. To arrive at an overarching conclusion, it might be necessary to
differentiate the emotional and social outcomes of social media use (Bayer et al.
2018)). Social media might have a negative effect on emotional outcomes (e.g. mood
or depression), but a positive effect on social outcomes (e.g. social connectedness).
Yet even when examining the same outcome, positive and negative results can
coexist because effects of social media can vary across users and time frames:
it is therefore likely “that some users experience positive outcomes while others
(and possibly the same users at different points in time) experience deleterious

outcomes” (Frost and Rickwood 2017)).

Different Uses

Different uses and utilisations of social media might therefore be important to
consider in order to obtain a better understanding of social media effects (Burke,
Marlow, et al. 2010). One major distinction is that between active and passive
use, with active use representing activities like chatting, messaging and liking while
passive use including activities like browsing newsfeeds, profiles or scrolling through
photos and news items (Ellison et al. [2007). Researchers have hypothesised that
active use increases social capital and connectedness, therefore positively affecting
well-being, while passive use increases upward social comparisons and envy, in turn
decreasing well-being (Verduyn, Ybarra, et al. 2017). Studies have found that
active use increases bonding social capital and decrease loneliness, while passive use
doesn’t have such positive outcomes (Burke, Marlow, et al. 2010)). Experimental
and experience sampling studies support this idea by highlighting that passive use
decreases well-being, potentially by increasing envy (Verduyn, Lee, et al. 2015).
It is therefore important to differentiate between active and passive uses of social
media. Yet it is important to note that the results are still not clear cut. A study
of 10,557 Facebook users whose Facebook data were examined for three months

prior to them filling out a questionnaire, found that active Facebook use did not
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influence well-being. Only direct communication with close friends and family was

linked to positive results (Burke and Kraut 2016).

When considering different uses of social media, one also needs to examine the
style of a user’s online self-presentation. A qualitative synthesis of 21 observational
studies examining Facebook self-presentation and mental health outcomes found
that inauthentic self-presentation was related to low self-esteem and high social
anxiety. More authentic or positive self-presentation was associated with increased
levels of self-esteem and social support (Twomey and O’Reilly 2017). A two-wave
longitudinal study found that people who were more authentic on their profile
reported higher positive affect and life satisfaction, and lower negative affect six
months later (Reinecke and Trepte 2014)). In addition to active and passive use,
a person’s self-presentation might therefore be an important factor to consider in

order to understand the link between social media use and well-being.

Studies: Social Media

There have been a variety of experimental and longitudinal studies that are worth
mentioning when reviewing the evidence around social media use and psychological
effects. Many experimental studies have asked participants to refrain from using
social media. They often find inconclusive effects, that however suggest a positive
effect between limiting social media use and well-being. A study showed that those
participants told to refrain from using Facebook for five days exhibit lower cortisol
levels but also decreased life satisfaction (Vanman et al. [2018)). In another study,
those participants asked not to go on Facebook for a week showed increased life
satisfaction, especially if they were heavy users (Tromholt 2016]). In contrast, a
study asked undergraduates to limit their social media use to 10 minutes per day or
continue as normal: both the experimental and the control group showed decreases in
anxiety and fear of missing out, but only the experimental group showed additional
decreases in loneliness and depression (Hunt et al. [2018). A more extensive study of
2,897 participants where one group was told to deactivate Facebook for four weeks,

found that the experimental group showed small increases in well-being measured
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retrospectively. There were however no changes in the well-being measures collected

by experience sampling or loneliness reports (Allcott et al. 2019).

‘Facebook detox’ studies therefore find inherently conflicting results. Such
conflicts could be the result of the studies’ low quality. Many experimental designs
did not limit all social media use and most studies found it difficult to obtain
good levels of participant compliance (Vanman et al. [2018; Allcott et al. |2019;
Tromholt 2016]). Furthermore, there is a potential for bias in participant selection:
those potential participants who are not as reliant on social media to obtain
positive outcomes might be more likely to take part in studies asking for them

to give up social media.

There are also many longitudinal and experience sampling studies examining
social media use and well-being. Some have found negative results on outcomes like
life satisfaction (Kross et al. 2013). Others have found that those who communicate
more frequently on social media are more satisfied with life (Dienlin et al. 2017
or have more positive emotions (Wenninger et al. 2019). In contrast, other studies
found no association between social media use and life satisfaction (Utz and Breuer
2016)) or depression (Jelenchick et al. 2013)). Interestingly, effects might be dependent
on the longitudinal time frame considered in the study: it was found that posting a
status update increased positive affect after 10 minutes but not after 30 minutes

or two weeks (Bayer et al. [2018).

It is important to also note a recent trend in the study of social media. There
has been increased interest in and publication of cross-sectional results based of
large-scale epidemiological datasets (Twenge, Joiner, et al. [2017; Twenge, Martin,
et al. 2018} Twenge, Spitzberg, et al. 2019; Booker et al. 2018; Kelly et al. [2019;
Khouja et al. 2019)). While such studies help diversify the participant pool and
give a larger sample size, they come with their own problems and some have been
criticised for overemphasising negligible correlations (Ophir et al. 2019)). In the
mixed landscape of screen time research, they do not provide evidence with much

potential to move the field forward.
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Finding Common Ground

While the research area is filled with conflicting findings based on cross-sectional
evidence, there is however some common ground. Many studies and meta-analyses
find a small negative association between social media use and well-being of about
r = -0.15 to r = -0.10. Correlations and observed effects in this ballpark have
been shown in meta-analytic studies considering anxiety and depressive outcomes
(e.g. McCrae et al. 2017; Yoon et al. 2019; Vahedi and Zannella 2019; Hancock
et al. 2019)), but have also been found in longitudinal research (Kross et al. 2013;
Frison and Eggermont [2017; Reinecke, Meier, et al. 2018; Bayer et al. [2018)) and
experimental work (Allcott et al. 2019). As mentioned above, it is still unclear what
such a range of effects can tell us about well-being and how it is affected by social
media use. This is because there are a range of third factors that can influence
both variables, and there have been sources of bias not addressed properly in a

literature that is largely cross-sectional and exploratory.

The same kind of effect size has, however, also been found bidirectionally: for
social media use decreasing well-being and well-being decreasing social media use
(J.-L. Wang et al. |2018)). The importance of bidirectional effects is clearly evident,
but the results remain unclear. An early group of experimental and correlational
studies found that while disconnection drives the use of Facebook, connection
results from Facebook use (Sheldon et al. 2011)). This does not fall in line with
those studies finding negative relations in both directions (J.-L. Wang et al. 2018}
Frison and Eggermont [2017; Aalbers et al. [2018), only in the direction of social
media use decreasing well-being (Kross et al. 2013)) or only in the direction of
loneliness leading to Facebook use (Song et al. |2014). It is therefore clear that
more work considering bidirectional effects needs to be completed before true effects
become evident. To start finding common ground, research therefore needs to
increase transparency, while doing more to interpret the size and importance of

effects and highlight their bidirectionality.
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Limitations and Future Improvements

The low quality and conflicting state of the literature highlights many areas of the
research field that could be improved further. On the one hand there needs to be
an increased focus on individual differences. This would be helped by the study
of more diverse and rigorously recruited samples (Erfani and Abedin 2018). More
studies should also account for factors like gender or age. While age is not a routine
focus of studies (Hancock et al. [2019), gender has been shown to be a predictive
factor in recent work (Frison and Eggermont 2016; Twenge, Joiner, et al. 2017).
While the predominant line of reasoning is that girls are more negatively affected
by social media than boys (Twenge, Martin, et al. 2018), one meta-analysis found
that screen time is linked to higher depressive symptoms and lower self-esteem in
boys, but not in girls (Tremblay et al. 2011, and other studies found screen time
effects to be independent of gender (Hoare et al. 2016; Frison and Eggermont [2017)).
It is however important to note that social media and general screen time are two

different activities and can therefore have different gender effects.

“Ultimately, our findings demonstrate the lack of a uniform overall ‘Facebook ef-
fect’” on individuals, and illustrate the need to build temporal and spatial components
into future research on Facebook and the wider social media ecosystem.” (Bayer
et al. 2018)). It is therefore important to conduct more longitudinal work (Dickson
et al. 2018; Carson et al. [2016} Carson et al. 2016; Frost and Rickwood [2017)) with
more diverse time frames (Bayer et al. 2018)) ranging from short-term experience

sampling (Aalbers et al. 2018) to long-term annual studies (J.-L. Wang et al. 2018).

It also needs to be noted that there has been increasing discontent about the
measurement practices used in the area. Researchers argue that there are now
the psychometric tools available to move away from measuring self-reported screen
time (Andrews et al. |2015; Wilcockson et al. 2018} Ellis [2019; Ellis et al. 2019)),
which is known to be a flawed measure of media effects (Scharkow [2016). Better
measurement could lead to more exact and consistent results in the literature. More

exact tracking would also allow different types of social media and technology use
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to be examined in more nuanced and diverse ways, distinguishing different activities
and timings of use. This would support important processes of triangulation
(Munafo and Davey Smith [2018). Furthermore, it would enable researchers to home
in on possible non-linear dose-response relationships between technology use and
psychological outcomes, which have been shown in previous work (Hoare et al. 2016}
Przybylski and Weinstein 2017; Hoare et al. [2016). This review therefore suggests
multiple areas of potential improvements ranging from better measurement to more

longitudinal work and a keener eye for individual differences.

Cultural Critiques

A variety of other criticisms have been voiced about research into digital technologies
and their effects. Commentators have noted that blaming social media and digital
technologies for societal concerns is easy to do, but can lead public conversation
astray: “All too often, it is easier to focus on the technology than on the broader
systemic issues that are at play because technical changes are easier to see” (Boyd
2014}, pp. 16). The broad popularity of smartphones makes them a clearly visible
scapegoat, while increasing inequality, austerity and deficiencies in children mental
health services are less easy to spot. Current fears about digital technologies can
therefore be “dangerously misguided when we consider all the real, though not as
sexy, issues that get pushed out of the headlines in favour of media fears. Poverty,
family violence, child abuse and neglect, and the lack of quality education and
health care are problems that merit public attention way before media culture”
(Sternheimer 2003, pp. 3). Yet it should be noted that while there having been rapid
changes in societal life (e.g. austerity measures in the UK), such developments are
much more long-term and gradual than technological developments. Furthermore,
important aspects of a child’s life, like their risk of maltreatment, have been
improving over the last decades (Degli Esposti et al. [2018)). While it is easier to
pinpoint the blame for negative developments on technologies, however, technology
panics are used as a political tool to 1. take attention away from other societal

issues and 2. to allow political figures to profile themselves. The media also profits
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from them: news consumers feel more obliged to read or watch scaremongering
coverage, because not doing so might be detrimental to their, or their children’s,
safety (Altheide |2002). The resulting widespread media coverage then makes the

concerns spread more widely throughout the public conversation.

Furthermore, technology panics might be overemphasising the effect of technolo-
gies, in the face of other life factors: “It often seems as though media researchers
presume that people have none but a life in the media. People hang out, hook
up, and live in face-to-face relationships every day” (Grimes et al. 2008, pp. 69).
Grimes and colleagues add that the resulting “findings are banal (is that so ...
people can learn and be influenced by the media?), a scientizing of the obvious.
Its primary effect has been to advance disciplinary interests and individual careers.
Its unintended consequence has been to deflect attention from the hard issues of

social reform by promising a quick regulatory fix” (2008, pp. 91)

1.5 An Improved Approach

Is the psychological study of digital technologies and social media predestined to be
subsumed into the ever-continuing Sisyphean cycle of technology panics? Will the
research outputs be forgotten and ignored once a new technology gains widespread
societal traction? Parts of this introduction paint a bleak picture of the research
area and its interplay with policy and the public. Some of the following chapters
will also uncover further quality control issues stifling progress in the field. Yet
there are multiple factors which make the study of digital technologies and social

media an important and influential research area.

Firstly, we are only on the cusp of a digital technology revolution that will
change society for decades to come. The potential for digital technology and social
media to alter the most basic features of society easily surpasses that of previous
innovations like comic books, radio and television. It is still unclear how such
changes will affect us and future generations. This makes it especially important

for scientists to determine how such technologies are already affecting society today:
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not just to increase our knowledge of what is to come, but also to help shape future
policy approaches and technology design. Psychology therefore has the potential
to play a crucial and important role in ensuring that the digital revolution will

have a net positive effect on society.

Secondly, the last decade has seen psychology in a time of crisis and reform
(Vazire [2018; Munafo, Nosek, et al. [2017). Discontent about past methods and
scientific approaches (Simmons et al. 2011; Open Science Collaboration 2015)
has led to the development of many ideas aimed at improving the discipline’s
scientific processes. We are therefore at the beginning of a so-called credibility
revolution (Vazire 2018). As the field of technology panics research is affected by
quality control issues and lacks a methodological framework, current initiatives
to improve the quality and efficiency of psychological research could provide an
impetus for improvement. Better quality of evidence in the field would allow science
to effectively address the technology questions of the future, while it would also limit

the opportunity costs and financial burdens created by current technology panics.

Thirdly, science is now facing an ever-accelerating technological revolution that
is making research on novel technologies a race against time (Valkenburg and
Piotrowski 2017). Innovations to improve research efficiency could therefore provide
an important boost to psychology’s ability to address those technological innovations
introduced to society at accelerating speeds. As Lewis Carroll once wrote: “My
dear, here we must run as fast as we can, just to stay in place. And if you want
to get somewhere else you must run at least twice as fast as that” (Carroll |[1871;

as cited in Valkenburg and Piotrowski 2017)).

Taking these three factors to heart, my thesis will develop and implement a
new methodological framework to improve, accelerate and innovate the provision of
scientific evidence during technology panics. Such work has the potential to better
policy approaches and inform changes that will ultimately benefit society. While
the methodological framework I introduce and develop during this thesis cannot
halt the Sisyphean cycle of technology panics, it can improve the research output

considerably. This would ensure that the public and policy are better informed
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about the effects technologies are having on the population. In total, my thesis
will consider five potential innovations: speeding up research through openness,
improving transparency to decrease biases, splitting exploratory and confirmatory

research to guide policy and interpreting effect sizes to limit hyperbole.

1.5.1 Enabling Research Through Openness

Making data and code openly accessible has the potential to accelerate scientific
progress, while providing an additional impetus to improve research quality. Acceler-
ating scientific progress without compromising on quality is especially important in
times of increasing technological innovation rates (Valkenburg and Piotrowski [2017)).
Since the publication of the 6th edition of the APA manual in 2009, researchers
are required to share their data on request for up to five years after publication
(American Psychological Association [2010). This is however not common practice
in the field (Houtkoop et al. 2018} Ceci [1988]). A reluctance to share research
data has been linked to weaker evidence and more errors in statistical reporting
(Wicherts et al. [2011). When asked about the barriers to sharing data, 77% of
researchers highlighted the fear of alternative analyses exposing invalid conclusions.
Furthermore, 73% feared discoveries of errors in data (Houtkoop et al. |[2018). While
posing barriers to widespread adoption, these fears highlight how openness would
benefit the scientific community by facilitating better quality control (Stark 2018]).
Naturally not all data can, or should, be shared: a discussion of ethical and privacy
issues is however out of the scope of this thesis (see Gilmore et al. 2018). But
even when data need to be kept private, the provision of analysis code can still
provide many benefits — exposing errors and allowing researchers to reuse work to
speed up progress in the field (as noted in Orben and Przybylski 2019b). Openness
would therefore allow research to progress at greater speeds, providing evidence

faster and adapting quicker to changes in technologies.
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1.5.2 Improving Transparency to Decrease Biases

Flexibility in how researchers analyse and report their data is an ingrained and
substantive problem throughout science. Simmons and colleagues showed that
“undisclosed flexibility in data collection and analysis allows presenting anything
as significant”; even the finding that undergraduates get physically younger when
listening to specific music (2011). The extent of analytical flexibility is best explained
by the garden of forking paths analogy (Gelman and Loken [2014). Any researcher
needs to make multiple decisions when analysing their data (e.g. what outliers
to exclude, what control variables to add, etc.). When making these decisions
while analysing their data, they can unconsciously or consciously choose those
data analysis methods that lead them towards the result that they were expecting
or hoping to find. Researchers wander through this garden of forking paths of
analytical choices, but only report the one analytical pathway they took to obtain
their final result. Looking back, they often believe this analytical path is the only
one they would have taken all along. But the garden of forking paths shows that
there are oftentimes thousands of equally respectable ways of analysing the data,
which were not reported and might have provided very different results. The ability
to choose the preferred analytical path, so-called researcher degrees of freedom,
enables studies to find physically impossible results (Simmons et al. 2011)). They
also allow researchers to report (false-) positive results in their work (Bishop 2019).
The power of researcher degrees of freedom has been compellingly demonstrated in
recent crowdsourced analyses where multiple statistical teams analysed the same
dataset to answer the same research question, producing a wide range of possible

end-results (Silberzahn et al. 2018; see also MAPS Project [2019).

Researcher degrees of freedom are hugely influential and can increase the false
positive rate in a discipline, especially when there are cognitive biases and widespread
pressures to publish positive results (Wagenmakers, Wetzels, et al. 2012; Bishop

2019). This has negative consequences for science as

‘research findings that do
not replicate are worse than fairy tales; with fairy tales the reader is at least

aware that the work is fictional” (Wagenmakers, Wetzels, et al. [2012). In the
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last years, the problem of analytical flexibility has been increasingly recognised as
substantial: previously “everyone knew it was wrong [to do flexible data analysis],
but they thought it was wrong the way it is wrong to jaywalk [... but now we
recognise] it was wrong the way it is wrong to rob a bank.” (Simmons et al. 2018).
Researchers have therefore been advocating for more transparent disclosures of

analytical pathways (Simmons et al. [2018; Stark 2018; Bishop 2019).

Preregistration and Registered Reports have been suggested as two possible
ways to combat analytical flexibility (Wagenmakers, Wetzels, et al. 2012; Chambers
2013; Chambers 2014; van’t Veer and Giner-Sorolla 2016|). Preregistration entails
registering the process of data analysis before accessing the data, meaning that the
researcher decides on their path through the garden of forking paths before the data
can bias their choice. Registered Reports further aim to remove publication bias,
by providing peer review before data collection and giving a paper ‘in principle
acceptance’ at a journal before the results are known (Chambers 2014). They
have already been successfully applied to the research considering new media
and technologies (Elson and Przybylski |2017)). Such initiatives have shown the
potential for transparent research to better inform policy, the public and academia.
Transparency therefore has the potential to hugely benefit the provision of evidence

about new technologies.

1.5.3 Splitting Exploratory and Confirmatory Research to
Guide Policy

Preregistration and Registered Reports allow researchers to clearly distinguish
between exploratory and confirmatory work (Wagenmakers, Wetzels, et al. 2012;
Elson and Przybylski 2017)). The difference between exploratory and confirmatory
evidence is important to highlight, especially when the evidence routinely informs
policy decisions (House of Commons Science and Technology Select Committee
2019). When implementing conventional statistics, a hypothesis test should only be
used once on a dataset; it is however extremely common that multiple analyses are

run on data until a favourable result is found (Wagenmakers, Wetzels, et al. 2012;
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Simmons et al. [2011)). Pre-registration — specifying the analysis plan before the data
are available to the researcher — avoids the Texas sharp shooter fallacy where the
shooter fires his bullets before painting on the targets afterwards, therefore achieving
so-called perfect performance even though this was clearly not the case. While
some have criticised strictly confirmative approaches as limiting creativity (S. Scott
2013), others disagree and believe that differentiating exploratory and confirmatory
work channels scientific creativity into more fruitful pursuits (Wagenmakers, Dutilh,
et al. 2018)). Some go as far as arguing that policy should only be based on
confirmatory research, while exploratory research should be solely used to inform
future studies and theorising. As policy change can have a substantial impact on
society, it is a compelling argument that only gold-standard confirmatory evidence

should be used as its foundation.

1.5.4 Interpreting Effect Sizes to Limit Hyperbole

With many psychological fields becoming increasingly big-data driven (Lang 2013),
new approaches for communicating effect sizes will also become important. Using
large-scale datasets is often wrongly equated to doing better quality research (for
discussion see Orben and Przybylski 2019b). The problems associated with large
sample sizes are best explained by Trout’s 1994 metaphor: a study with too low
power (a too small sample size) is like trying to catch fish with a too large meshed
net, you will not catch many fish and if you do, the fish will be uncharacteristically
large. If you increase your power and sample size, your smaller meshed net will
catch more of the fish you want (Trout 1994)). Taking this analogy one step further,
however, it is also true that if your sample size becomes even larger, the higher
power will provide you with such a tightly meshed net that you will also catch
tiny correlational dirt and not just the fish you were looking for. Because larger
datasets can ‘catch’ increasingly smaller effects (Orben and Lakens 2019; Meehl

1967)), statistical significance ceases to be a good indicator of practical significance.

This problem has been evident in recent research where statistically significant

results were reported, but they were so small they should have little to no effect
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on our actions in the real world (Kramer et al. 2014). To ensure that minute, but
statistically significant, effects are not over-reported, researchers have suggested
defining a Smallest Effect Size of Interest: the smallest possible effect that will be
reported as practically ‘significant’ in a study (Lakens, Scheel, et al. 2018). Defining
such a value is however very difficult (Anvari and Lakens 2019)) and depends on the
perspective that one takes about what populations will be affected (Rose 2008]). It
is however increasingly clear that effective communication of effect sizes will become

crucial for both academia and policy in times of increasingly large-scale data research.

1.6 Thesis Outline

This thesis will devise a new methodological framework for the study of teenagers
and their use of digital technologies. To do so it will apply and develop multiple
methodological and statistical innovations that have the potential to increase the
quality, efficiency and transparency of research in the field. Taking into account
the many areas of reform highlighted by psychology’s credibility revolution (Vazire
2018; Criiwell et al. 2018), it will outline an improved approach for current and

future work on emergent technologies.

In Chapter 2, I focus on how bias in data analysis, p-hacking and exaggeration
of effect sizes can be understood, estimated and their impact minimised in the
research area. The chapter introduces Specification Curve Analysis as a way to
add transparency and illustrate how the selection of different analytical choices
can lead to the production of skewed results. Furthermore, I detail a method I
devised called comparison specifications to put the effect sizes of important relations
into a novel perspective. Together, the approaches make the inherent uncertainty
surrounding research results more transparent, allowing academia, policy and the
public to better judge results’ relative importance.

In Chapter 3, I focus on the measurement issues afflicting the quantification
of digital technology effects by focusing on diversifying measurement. I analyse

three datasets that include time-use diaries and retrospective self-report measures of
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digital technology use. I also use an explicit exploratory and confirmatory hypothesis
testing framework to introduce a more confirmatory approach to the research area.
This chapter therefore focuses on additional methodological innovations, while

further developing the statistical approaches pioneered in Chapter 2.

Chapter 4 concludes the thesis by detailing one of the first high-quality and
transparent longitudinal analyses considering the role of social media in the lives
of adolescents. The research examines social media use and its long-term effect on
life satisfaction using Random Intercepts Cross-Lagged Panel Modelling executed
in a Specification Curve Analysis framework, allowing me to disentangle within-
and between-person effects. In this study, I also consider gender differences for
the first time. Just like the previous two chapters, the work is fully accessible
online with open code for all the analyses reported. This should help accelerate

error detection and future scientific progress.

The thesis therefore provides an overview of an improved methodological
framework that can address some of the major problems holding back research in
the area of digital technology use and its effect on adolescent well-being. It takes
initial steps towards ultimately addressing parts of the Sisyphean cycle of technology
panics, while future-proofing a research field which is already struggling to keep up

with an increasingly accelerating and influential digital technology revolution.
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48 2.1. Introduction

The most recent empirical evidence supporting the idea that reqular use of digital
technologies by teenagers negatively impacts their psychological well-being is largely
based on secondary analyses of large-scale social datasets. Though these datasets
provide a valuable resource for highly powered investigations, their many variables
and observations are often explored with an analytic flexibility that marks small effects
as statistically significant, thereby leading to potential false positives and conflicting
results. Here I address these methodological challenges by applying Specification
Curve Analysis across three large-scale social datasets (ny; = 355,358) to rigorously
examine correlational evidence for digital technology affecting adolescents. The
association I find between digital technology use and adolescent well-being is negative
but small, explaining at most 0.4% of the variation in well-being. Taking the
broader context of the data into account suggests that these effects are probably

too small to warrant policy change.

2.1 Introduction

The idea that digital devices and the internet have an enduring influence on how
humans develop, socialize, and thrive is a compelling one (Bell et al. [2015). As
the time young people spend online has doubled in the past decade (Ofcom 2019)),
the debate about whether this shift negatively impacts children and adolescents
is becoming increasingly heated (Steers [2016). A number of professional and
governmental organizations have therefore called for more research into digital
screen time (House of Commons Science and Technology Select Committee 2019;
British Youth Council 2017)), which has led to household panel surveys (Johnston
et al. 2016; Kann et al. 2016) and large-scale social datasets adding measures of
digital technology use to those already assessing psychological well-being (University
of London 2017). Unfortunately, findings derived from the cross-sectional analysis
of these datasets are conflicting; in some cases negative associations between digital
technology use and well-being are found (Etchells et al. [2016; Twenge, Joiner, et al.
2017)), often receiving much attention even when correlations are small. Yet other

results are mixed (Parkes et al. 2013)) or contest previously found negative effects
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when re-analysing identical data (Ferguson 2018). A high-quality pre-registered
analysis of UK adolescents found that moderate digital engagement does not
correlate with well-being, but very high levels of usage possibly have small negative

associations (Ferguson 2017; Przybylski and Weinstein 2017)).

There are at least three reasons why the inferences behavioural scientists draw
from large-scale datasets might produce divergent findings. First, these datasets are
mostly collected in collaboration with multidisciplinary research councils and are
characterized by a battery of items meant to be completed by postal survey, face-
to-face or telephone interview (Johnston et al. 2016; Kann et al. 2016; University
of London 2017). Though research councils engage in public consultations (National
Health Service 2016)), the pre-tested or validated scales common in clinical, social or
personality psychology are often abbreviated or altered to reduce participant burden
(U.S. Department of Health and Human Services, Health Resources and Services
Administration and Bureau [2014; Livingstone, Haddon, et al. 2011)). Scientists
wishing to make inferences about digital technology’s effects using these data need to
take numerous decisions about how to analyse, combine and interpret the measures.
Taking advantage of these valuable datasets is therefore fraught with many subjective
analytical decisions, which can lead to high numbers of researcher degrees of freedom
(Silberzahn et al. 2018). With nearly all decisions taken after the data are known,
they are not apparent to those reading the published paper highlighting only the
final analytical pathway (Gelman and Loken [2014; Simmons et al. [2011)).

The second possible explanation for conflicting patterns of effects found in large-
scale datasets is rooted in the scale of the data analysed. Compared to the laboratory-
and community-based samples typical of behavioural research (mostly < 1,000,
Marszalek et al.[2011)), large-scale social datasets feature high numbers of participant
observations (ranging from n = 5,000 to n = 5,000,000, Johnston et al. 2016; Kann
et al. 2016; University of London |2017)). This means very small covariations (e.g. r’s
< .01) between self-report items will result in compelling evidence for rejecting
the null hypothesis at « levels typically interpreted as statistically significant

by behavioural scientists (i.e. p’s < .05). As minute correlations are arguably
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omnipresent in self-report data (Meehl [1990a; Meehl |1990b; Orben and Lakens

2019), such correlations are therefore more often labelled statistically significant.

Thirdly, it is important to note that most datasets are cross-sectional and there-
fore only provide correlational evidence, making it difficult to pinpoint causes and
effects (see Chapter 4 for more detail). Thus, large-scale datasets are simultaneously
attractive and problematic for researchers, peer reviewers and the public. They
are a resource for testing behavioural theories at scale but are, at the same time,
inherently susceptive to false positives and significant-but-minute effects using the

a levels traditionally employed in psychology.

Given that digital technology’s impact on child well-being is a topic of widespread
scientific debate among those studying human behaviour (Bell et al. 2015) and
has real-world implications (House of Commons Science and Technology Select
Committee 2019), it is important for researchers to make the most of existing
large-scale dataset investments. This makes it necessary to employ transparent and
robust analytic practices, which recognize that the measures of digital technology
use and well-being in large-scale datasets may not be well-matched to specific
research questions. Further, behavioural scientists must be transparent about
how the hundreds of variables and many thousands of observations can quickly
branch out into gardens of forking paths with millions, and in some cases billions
of analysis options (Gelman and Loken 2014)). This risk is compounded by a
reliance on statistical significance, i.e. using p < .05, to demarcate ‘true’ effects.
Unfortunately, the large number of participants in these designs means small
effects are easily publishable and, if positive, garner outsized press and policy

attention (Ferguson [2018).

As large-scale secondary datasets are increasingly available freely online, it is not
possible to convincingly document a scientist’s ignorance of the data before analysis
(Chambers 2013; Munafo, Nosek, et al. 2017; van’t Veer and Giner-Sorolla [2016)),
making hypothesis preregistration untenable as a general solution to the problem of
subjective analytical decisions. Specification Curve Analysis (SCA, Simonsohn et al.

2015) provides a promising alternative (see 2.2.4 for further explanation). SCA is a
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tool for mapping the sum of theory-driven analytic decisions that could have been
justifiably taken when analysing quantitative data. Researchers demarcate every
possible analytical pathway and then calculate the results of each one. Instead
of reporting a handful of analyses in their paper, they report all results of all
theoretically defensible analyses. This approach has been published in the previous

literature (Simonsohn et al. 2015; Rohrer, Egloff, et al. 2017)).

Because of the substantial disagreements within the literature, the extent to
which adolescents’ screen-time may actually be impacting their psychological well-
being remains unclear. The present chapter addresses this gap in our understanding
by relying on large-scale data paired with a conservative analytic approach to
provide a more transparent and clearly contextualized test of the association

between screen use and well-being.

To this end, three large-scale exemplar datasets (Monitoring the Future, the
Youth Risk and Behaviour Survey and the Millennium Cohort Study) from the
US and the UK were selected to highlight the particular strengths and weaknesses
of drawing general inferences from large-scale social data and how they can be
reconceptualised by SCA (Johnston et al. |2016; Kann et al. 2016; University
of London 2017)). Further, I tackle the problem of significant-but-minimal effects
in large-scale social data by using the abundance of questions in each dataset
to compute comparison specifications; I directly compare the effects of digital
technology to the effects of other activities on psychological well-being (e.g. sleep,
eating breakfast, illicit drug use), using extant literatures and psychological theory
as a guide. This allows me to simultaneously examine the impact of adolescent
technology use against real-world benchmarks while modelling and accounting

for analytic flexibility.
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2.2 Methods
2.2.1 Datasets and Participants

This chapter’s analysis pipeline spans three nationally-representative datasets from
the US and the UK (Johnston et al. 2016; Kann et al. [2016; University of London
2017), encompassing a total of 355,358, predominately twelve- to eighteen-year-old,
adolescents surveyed between the years of 2007 and 2016. These datasets were
selected because they feature measures of adolescents’ psychological well-being,
digital technology use, and have been the focus of secondary data analysis to
study digital technology effects [Parkes et al. (2013); Twenge, Joiner, et al. (2017));
Twenge, Martin, et al. (2018); Kelly2019]. Furthermore, the American datasets
were analysed in a paper that I evaluated in a blogpost at publication, and which

initially motivated me to do this research (Twenge, Joiner, et al. 2017; Orben 2017)).

Two datasets are based on samples collected in the United States. The first, the
Youth Risk and Behaviour Survey (YRBS, Kann et al. 2016) launched in 1990, is
a biennial survey of adolescents that reflects a nationally-representative sample of
students attending secondary schools in the US (years 9-12). The resulting sample
from the YRBS was collected from 2007 to 2015 and included 37,402 girls and 37,412
boys, ranging in age from “12 years or younger” to “18 years or older” (median =
16, s.d. = 1.24). The second US dataset, Monitoring the Future (MTF, Johnston
et al. [2016)), launched in 1975 and is an annual nationally-representative survey
of approximately 50,000 American adolescents in Grades 8, 10 and 12. While the
survey includes adolescents in Grade 12, many of the key items of interest cannot be
correlated in their survey, and therefore their data were not included in my analysis.
The resulting sample from the MTF was collected from 2008 to 2016, and included
136,190 girls and 132,482 boys, though the exact age of individual respondents was
removed from the dataset by study coordinators during anonymization.

The UK dataset under analysis was the Millennium Cohort Study (MCS,
University of London 2017), a prospective study collected in the UK; it follows
a specific cohort of children born between September 2000 and January 2001.
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These data were not previously analysed by the studies that motivated this work,
but were added because I see these data as particularly high in quality. This is
mostly due to its inclusion of pre-tested measures and extensive documentation,
highlighting good data collection and project management practices. The dataset
has an over-representation of minority groups and disadvantaged areas due to
clustered stratified sampling. Data in this sample is provided by caregivers as well
as adolescent participants. In my analysis, I only include data from the primary
caregivers and adolescent respondents. The sample under analysis from the MCS
was comprised of 5,926 girls and 5,946 boys who ranged in age from 13 to 15 (m
= 13.77, s.d. = .45) and 10,605 primary caregivers.

While the omnibus sample of adolescents is 355,358 teenagers in total, it is
important to note that the sample sizes of the analyses are often smaller, in
some cases by an order of magnitude or more. This is due to missing values,
but also because in questionnaires like MTF teenagers only answered a subset of
questions. More information about what questions were asked together in MTF
can be found on the Open Science Framework (OSF; Table 1, http://dx.doi.
org/10.17605/0SF.I0/87QGM)

2.2.2 Ethical Review

Ethical review and approval for data collection for YRBS was conducted and
granted by the CDC Institutional Review Board. The University of Michigan
Institutional Review Board oversees MTF. Ethical review and approval for the
MCS is monitored by the UK National Health Service, London, Northern, Yorkshire
and South-West Research Ethics Committees.

2.2.3 Measures

This study focuses on measures of both digital technology use and psychological well-
being. Prior to performing the analysis, all three datasets were reviewed, noting the
variables of theoretical interest in each with respect to human behaviour and effects

of technology engagement. Some questions have been modified with successive waves
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of data collection. In all cases these changes are relatively minor and are noted in
the OSF repository (Table 2, http://dx.doi.org/10.17605/0SF.I0/87QGM). In
my ongoing analyses I use the questionnaires in many different constellations and

therefore refrain from including reliability measurements.

Criterion Variables: Adolescent Well-Being

All datasets contained a wide range of different questions that concern the adoles-
cents’ psychological well-being and functioning. I reversed select measures so that

they are all in the same direction, with higher scores indicating higher well-being.

Adolescents were asked five items related to mental health and suicidal ideation
in the YRBS. Three of the items were on a yes-no scale: “During the past 12 months
did you ever:”, “feel so sad or hopeless almost every day for two weeks or more in a

» o«

row that you stopped doing some usual activities”, “seriously consider attempting
sutcide”, “make a plan about how you would attempt suicide”. There was also one
measure asking “During the 12 months, how many times did you actually attempt
suicide?” (1 = “0 times” to 5 = “6 or more times”). 1 recoded this measure to 1
= 0 times and 0 = 1 or more times. Furthermore, there was one question about
“if you attempted suicide during the past 12 months, did any attempts result in an
injury, poisoning, or overdose that had to be treated by a doctor or nurse?”, (1 =
“I did not attempt suicide during the past 12 months”, 2 = "Yes"” 3 = “No”). 1

recoded this measure so 1 = did not attempt suicide or did not need to be treated

by doctor or nurse, 0 = needed to be treated by doctor or nurse.

In MTF, participants were asked one of two subsets of self-report questions. The
first tranche of participants was asked thirteen questions about their mental health:
twelve measures uniquely asked to this subset, and one measure completed by all
participants in the survey. The twelve items asked only to this subset included a
four-item depressive symptoms scale which studies state to be “similar to those
on the Center for Epidemiologic Studies Depression Scale (Maslowsky et al. [2014):
five-point scale (1 = “disagree” to 5 = “agree”), “Life often seems meaningless”

(reverse coded), “I enjoy life as much as anyone”, “The future often seems hopeless”
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(reverse coded), “It feels good to be alive”. The study also included the Rosenberg
Self-Esteem scale which was presented on a similar five-point scale (Maslowsky et al.
2014): “I take a positive attitude towards myself”, “Sometimes I think that I am
no good at all” (reverse coded), “I feel I am a person of worth, on an equal plane
with others”, “I am able to do things as well as most other people” and “I feel I
do not have much to be proud of” (reverse coded). There were, furthermore, two
additional negative self-esteem items added by the MTF survey administrators to
ensure there were an equal amount of positively and negatively coded self-esteem
items: “I feel that I can’t do anything right” (reverse coded), “I feel that my life is
not very useful” (reverse coded). I do not include “Sometimes I am no good at all”
as a measure in my SCA, as it could not be clearly attributed to a questionnaire.
Participants of all subsets were additionally asked a single life satisfaction measure:
“Taken all things together, how would you say things are these days — would you
say you're very happy (3, recoded to 2), pretty happy (2, recoded to 1) or not to
happy these days (1, recoded to 0)?”

There are two kinds of psychological well-being indicators included in the MCS:
(1) those filled out by the cohort members, and (2) those completed by their primary
caregivers. To measure wellbeing, MCS participants were asked how they felt about

» o«

“your school work”, “the way you look”, “your family”, “your friends”, “the school
you go to”, “your life as a whole” (1 = completely happy, 7 = not at all happy,
scale subsequently reversed). They were also asked five items from an abbreviated
self-esteem measure (Robins et al. 2001): “On the whole, I am satisfied with myself”,
“I feel I have a number of good qualities”, “I am able to do things as well as most
other people”, “I am a person of value”, “I feel good about myself” (1 = strongly
agree to 4 = strongly disagree, scale subsequently reversed). Finally, they were
asked twelve questions tapping subjective affective states and general mood (Angold
et al. [1995)): “For each question please select the answer which reflects how you
have been feeling or acting in the past two weeks:”, “I felt miserable or unhappy”,

“I didn’t enjoy anything at all”, “I felt so tired I just sat around and did nothing”,

“I was very restless”, “I felt I was no good any more”, “I cried a lot”, “I found
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Table 2.1: Items of the Strengths and Difficulties Questionnaire

Question Not True Somewhat  Certainly
True True

Considerate of other people’s feelings

Restless, overactive, cannot stay still for long

Often complains of headaches, stomach-aches or sickness
Shares readily with other children (treats, toys, pencils
etc.)

Often has temper tantrums or hot tempers

Rather solitary, tends to play alone

Generally obedient, usually does what adults request
Many worries, often seems worried

Helpful if someone is hurt, upset or feeling ill
Constantly fidgeting or squirming

Has at least one good friend

Often fights with other children or bullies them

Often unhappy, down-hearted or tearful

Generally like by other children

Easily distracted, concentration wanders

Nervous or clingy in new situations, easily loses
confidence

Kind to younger children

Often lies or cheats

Picked on or bullied by other children

Often volunteers to help others (parents, teachers, other
children)

Thinks things out before acting

Steals from home, school or elsewhere

Gets on better with adults than with other children
Many fears, easily scared

Sees tasks through to the end, good attention span

it hard to think properly or concentrate”, “I hated myself”, “I was a bad person”,

)

“I felt lonely”, “I thought nobody really loved me”, “I thought I could never be as
good as other kids” and “I did everything wrong” (1 = not true, 2 = sometimes,

3 = true, scale subsequently reversed).

Primary caregivers completed the Strengths and Difficulties Questionnaire (SDQ)
(Goodman et al. [2000), a well-validated measure of psychosocial functioning, for
cach adolescent cohort member they took care of (Table 2.1). The SDQ has been
used extensively in school, home, and clinical settings with adolescents from a wide
range of social, ethnic, and national backgrounds (Desai et al. |1989). It includes
25 questions, five each about prosocial behaviour, hyperactivity or inattention,

emotional symptoms, conduct problems and peer relationship problems.
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Explanatory variables: Adolescent Technology Use

The YRBS dataset included two seven-point technology use questions. One YRBS
technology use question was about the use of electronic devices, “On an average
school day, how many hours do you play video or computer games or use a computer
for something that is not school work? (Count time spent on things such as Xboz,
PlayStation, an iPad or other tablet, a smartphone, texting, YouTube, Instagram,
Facebook or other social media)”, (1 = “I do not play video or computer games or
use a computer for something that is not school work” to 7 = “5 or more hours
per day”). The other question asked “on an average school day, how many hours
do you watch TV?” (1 = “I do not watch TV on an average school day” to 7

= “5 or more hours per day”).

The MTF asked a variety of technology use questions. As the questionnaire was
split into six parts (with each participant only filling in one part), some questions
were filled out by one subset of adolescents, while other questions were filled out by
another. One subset answered questions about frequency of social media use and
getting information about news from the internet (five-point scale): “How often do
you do each of the following? Visit social networking websites (like Facebook)” and
“How often do you use each of the following to get information about news and current
events? The internet.”. Both questions were coded on a five-point scale (1 = never to
5 = almost every day). Furthermore, these participants were asked two seven-point
questions about frequency of watching TV on the weekend and weekday: “How
much TV do you estimate you watch on an average weekend/weekday?”, seven-point
scale (1 = none to 7 = nine or more hours). Another group of MTF participants
were asked seven hourly measures of technology use on a nine-point scale (1 = none
to 9 = 40 hours or more). The questions asked about using the internet, playing
electronic games, texting on a cell phone, calling on a cell phone, using social media,
video chatting and using computers for school. There are, therefore, a total of

eleven technology use measures that can be used when analysing the MTF dataset.
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In the MCS, the participants were asked five questions concerning technology
use. The MCS included four eight-point questions about hours per weekday spent
“watching television programmes or films”, spent “playing electronic games on a
computer or games systems”, “spent using the internet” at home and spent “on
social networking or messaging sites or Apps on the internet” (1 = none to 8 =

7 hours or more). There was also one yes-no measure about whether participants

own a computer: “do you have a computer ... of your own?”.

Control variables

Mirroring previous studies analysing data from the MCS (University of London
2017), I included sociodemographic factors and maternal characteristics as control
variables (i.e. covariates) in my analyses. These include mother’s ethnicity, education,
employment and psychological distress (using the K6 Kessler Scale) which have
previously been found to influence child well-being in studies analysing large-scale
data (Desai et al. [1989; Kiernan and Mensah 2009)), including analyses of the
MCS (Mensah and Kiernan 2010)). I also included equivalised household income,
whether the biological father is present and number of adolescent’s siblings in the
household, as these household factors have also been found to affect adolescent well-
being (Kiernan and Mensah [2009). Furthermore, I included parental behavioural
factors such as closeness to parents and the amount of time the primary caretaker
spends with the adolescent (Thomson et al. [1994; The Children’s Society and
Barnardo’s 2018). Addressing previous reports of their influence on child well-being,
I additionally used parent reports of any adolescent’s long-term illness, and the
adolescent’s own negative attitudes towards school as control variables (Cadman et al.
1987; The Children’s Society and Barnardo’s [2018). Finally, I included the primary
caretaker’s word activity score as a measure of current cognitive ability, to control for

other environmental factors that could influence child well-being (Parkes et al. [2013).

For YRBS and MTF I included all variables part of the respective questionnaires
that conceptually mirrored those control variables utilized in the MCS. For YRBS

I included the adolescent’s ethnicity. For MTF I included ethnicity, number of
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siblings, mother’s education level, whether the mother has a job, the adolescent’s
enjoyment of school, predicted school grade and whether they feel like they can
talk with their parents about problems.

2.2.4 Analytic Approach

SCA was developed by Simonsohn and colleagues to find a (partial) solution for
the problem that “Empirical results often hinge on data analytic decisions that
are simultaneously defensible, arbitrary, and motivated” (2015). The method is
closely related to the concept of Multiverse Analysis which was introduced at a
similar time by Sara Steegen, Andrew Gelman and colleagues (Steegen et al. 2016).
In their initial paper, Simonsohn and colleagues focused on a study published
in Proceedings of the National Academy of Sciences (PNAS) that put forth the
argument that hurricanes with feminine names cause more deaths, mainly due to the
fact that they are perceived as less dangerous (Jung et al. 2014). While this paper
reported one analytical method, there were many ways in which the study’s data
could have been analysed. This was down to analytical decisions (i.e. researcher
degrees of freedom) including what storms to include, how to operationalise whether
hurricane names are feminine or not, what control variables to use, what type of
regression to use and what effects to examine. Instead of analysing only one model,
which incorporates only one choice for each of these decisions, a SCA analyses
all theoretically defensible ‘specifications’: with a specification being the unique
combination of theoretically defensible analytical choices that could be used to

answer the research question of interest.

Naturally the inclusion of specifications in a SCA analysis — while as transparent
as possible — is still influenced by biases, prior experiences and computational
limits. SCA is therefore no panacea for the problem of researcher degrees of
freedom, but it represents an improvement on the often intransparent reporting
of how specific — conscious or unconscious — analytical decisions taken during
data analysis can help researchers obtain results that agree with their hypotheses

(Gelman and Loken 2014). “In sum, specification-curve is an imperfect solution
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to the problem of selective reporting, but it is less imperfect than the alternatives

we are aware of.” (Simonsohn et al. 2015)

In their paper, Simonsohn and colleagues report 1,728 reasonable specifications
for the PNAS paper and analyse all of them. They find that most of the specifications
have results of the sign that the original authors found (female names cause more
deaths). They, however, also find that some effects were in the opposite direction and
that only few were statistically significant overall. After plotting the results it was
then possible to test whether, when taking into account all the possible specifications,
the results found are inconsistent with results expected when the null hypothesis is
true. To do so, the authors used a permutation technique to simulate datasets where
the null hypothesis is known to be true. I note that this permutation technique can
be used when analysing experimental data, but not when testing correlational data,
like the data presented in this thesis. Using this method, Simonsohn and colleagues
find that the original data were not significantly different from data simulated where
there is no connection between hurricane femininity and deadliness. Therefore, their

analysis paints a very different picture than the original study.

This chapter implements a SCA examining the correlation between my explana-
tory (digital technology engagement) and criterion variables (psychological well-
being) using the three-step SCA approach outlined by Simonsohn and colleagues
(2015) and applied in a recent paper by Rohrer and colleagues (2017). I also
add a fourth step in order to aid interpretability of my results in the context

of large-scale data.

I. Identifying Specifications

The first step taken was to identify all the possible analysis pathways that could
be used to relate technology use and adolescent well-being. Due to the complexity
of the original data, I decided to use simple linear regression modelling to draw
inferences about technology associations. This left three key analytical decisions:
(1) How to measure well-being, (2) How to measure technology use, and (3) How

to include control variables.
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There are a wide variety of questions and questionnaires relating to well-being
in each dataset. Many of these items, even if partitioned questionnaires reflecting a
specific construct, have been selectively reported over the years. It is noteworthy
that researchers have not been consistent and have instead engaged in picking
and choosing within and between questionnaires (see Figure 2.1). These analytic
decisions have produced many different possibilities for combining and analysing such
measures, making the pre-specified constructs more of an accessory for publication
than a guide for analysis. Any combination of the mental health indicators is
therefore included in this chapter’s SCA: The measures by themselves, the mean
of the measures in pairs of two, the mean of the measures in threes etc. up to the
mean of all measures. The Appendix additionally presents an SCA which includes
only pre-specified well-being questionnaires for MCS (Figure A.1) and I take this
more conservative approach in my other chapters. However, I decided against using
only pre-specified well-being questionnaires in this chapter as it would not allow for
comparisons of my SCAs to results of previous work that has selectively combined

questions from various questionnaires (Twenge, Joiner, et al. 2017)).

For MCS, I also included a decision of whether to use well-being questions
answered by cohort members or those answered by their caregivers. I do not
combine the two. For YRBS, I included an additional analytical decision of whether
to take the mean of the five dichotomous well-being measures, or whether to code
each participant as “1” who answered yes to one or more of the questions, as this

has been done in previous analyses of the data (Twenge, Joiner, et al. [2017)).

The next analytical decision is what technology use variables to include, where
I include all questions concerning technology use in the questionnaires, and their
mean, as done by previous studies (Twenge, Joiner, et al. [2017)). The last analytical
decision taken is whether or not to include control variables in the models. Because
of the sheer size of these datasets, there is a combinatorial explosion of different
control variable combinations that could be used in each regression. I therefore

analysed regressions either without control variables or with a pre-specified set
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Denham (2009)
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Figure 2.1: Figure showing how research papers have used different combinations of
MTF measures to define depressive symptoms (blue) and self-esteem (green). This
illustrates the abundance of analytical flexibility in this area. We also include Newcomb,
Huba and Bentler (1986) and Rosenberg (1965) who originally devised parts of the scales.:
* Note: This study split the self-esteem measures into two different scales of self-liking
and self-competence. ** Note: This study measured Emotional Health and also included
one item about doing things other people think is strange.

of control variables based on a literature review concerning child well-being and

digital technology use (Parkes et al. [2013).

When examining the distributions of the data, many of the variables are highly
skewed (e.g. the 5-item technology use measures in MTF) or questionably linear
(e.g. 3-item happiness measure in MTF). T opted to treat these variables as continuous
so that my analyses and results would be directly comparable with those of previous
studies (Twenge, Joiner, et al. 2017; Twenge, Martin, et al. [2018]). Data distribution
was assumed to be normal throughout the analysis but is not formally tested

for each specification.

II. Implementing Specifications

Next, for each specification defined I ran the appropriate regression, and noted the
standardised [ of technology uses’ association with psychological well-being, the

corresponding two-sided p value and the partial n? calculated using the R heplots
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package. Listwise deletion for missing data was used as this was more efficient
in terms of computational time. This assumes that data are missing completely
at random, which could easily not be the case. For example, a child’s health,
academic performance or socioeconomic background could change its probability of
completing the questionnaire fully and is likely to bias estimates. It is therefore
important to note that this is a potential source of bias, possibly changing the

nature or strength of associations found.

To make the results easily interpretable, the specifications were ranked and
plotted in terms of ascending standardised 8 (e.g. in Figure 2.2). The median
standardised 3 of all the possible specifications provides a general overview of the
effect size, and is indicated by a dashed horizontal line in the figures. Each dot on
the top part of the graph represents a result () of a different specification shown
on the x-axis. Tracing down vertically from each dot you can read the bottom
‘dashboard’ plot. Each row represents a different analytical decision and if a dot is
present in that row the specification which produced the result above incorporated
that analytical decision. The dashboard therefore allows me to visualise what

analytical decisions influence the results of the SCA.

ITI. Statistical Inferences

It is then possible to test whether, when considering all the possible specifications, the
results found are inconsistent with results when the null hypothesis is true (i.e. that
technology use and adolescent well-being are unrelated). To do so, a bootstrapping
technique put forth by Simonsohn and colleagues (2015) was implemented, creating
data where the null hypothesis is true by forcing the null on the data. This technique
is more complex than the permutation technique Simonsohn and colleagues used to
analyse their experimental data (2015). To create my null dataset, the S-coefficient
of the variable of interest from the full regression model multiplied by the x-variable
(technology use) was subtracted from the y-variable (well-being). This created a new
set of data points that were then used as the new y-variable, creating datasets where

the null hypothesis was known to be true. Participants were then drawn at random
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— with replacement — from this null dataset, creating bootstrapped null samples
on which a new SCA model is run. This was done 500 times. Once I obtained
500 bootstrapped SCAs, where I knew the null hypothesis was true, I examined
whether the median effect size in the original SCA was significantly different to the
median effect size in the bootstrapped SCAs. To do so, I divided the number of
bootstrapped datasets that have larger median effect sizes than the original SCA
by the total number of bootstraps to find the p value of this test. I repeat this test
focusing also on the share of results with the dominant sign, and also the share of

statistically significant results with the dominant sign (Simonsohn et al. 2015)).

IV. Comparison Specifications

Lastly, these analyses were supplemented with a comparison specifications section,
putting into context the effects found in the SCA. To do so, I performed a literature
review to choose four variables in each dataset that should be positively correlated
with psychological well-being, four variables that should be negatively correlated
with psychological well-being and four that should have no or little association with
psychological well-being. A SCA was run relating each of the variables chosen, and
the mean of the technology use variables present in the dataset, with adolescent
well-being. These methods provide a way for researchers to transparently, openly
and robustly analyse large-scale datasets to produce research that accurately depicts

associations found in the data for both the academy and the public.

2.2.5 Code Availability Statement

Intermediate analysis files and a live version of the analysis code can be found on

the OSF (http://dx.doi.org/10.17605/0SF.10/PHF8Y).

2.2.6 Data Availability Statement

The data that support the findings of this study are available from the Centre for
Disease Control and Prevention (YRBS), Monitoring the Future (MTF) and the UK

Data Service (MCS) but restrictions apply to the availability of these data, which
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were used under license for the current study, and so are not publicly available.
Data are however available from the relevant third-party repository after agreement
to their terms of usage. Information about data collection and questionnaires can

be found on the OSF (http://dx.doi.org/10.17605/0SF.I0/PHF8YV).

2.3 Results
2.3.1 1. Identifying Specifications

I first identified the main analytical decisions that needed to be taken when regressing
digital technology use on adolescents’ psychological well-being in each dataset. In

particular I included the following analytical decisions in the analysis:

« YRBS
— Operationalizing adolescent well-being: Mean of any possible combination of
five items concerning mental health and suicidal ideation
— Operationalizing technology use: Two questions concerning electronic device
use and TV use, or the mean of these questions
— Which control variables to include: Either include control variables or not
— Other specifications: Either take the mean of the dichotomous well-being
measures, or code all cohort members who answered ‘yes’ to one or more as

‘1’ and all others as ‘0’

« MTF
— Operationalizing adolescent well-being: Mean of any possible combination of
13 items concerning depression, happiness and self-esteem
— Operationalizing technology use: Eleven technology use measures concerning
the internet, electronic games, mobile phone use, social media use and
computer use, or the mean of all these questions

— Which control variables to include: Either include control variables or not


http://dx.doi.org/10.17605/OSF.IO/PHF8V
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« MCS
— Operationalizing adolescent well-being: Mean of any possible combination
of 24 questions concerning well-being, self-esteem and feelings (completed by
cohort members), or mean of any possible combination of 25 questions from
the Strengths and Difficulties Questionnaire (completed by caregivers)
— Operationalizing technology use: Five questions concerning TV use, electronic
games, social media use, owning a computer and using the internet at home,
or the mean of all these questions
— Which control variables to include: Either include control variables or not
— Other specifications: Use well-being measures completed by cohort members

or those completed by their caregivers

372 justifiable specifications for YRBS, 40,966 plausible specifications for MTF,
and a total of 603,979,752 defensible specifications for MCS were identified. Although
more than 600 million specifications might seem high, this number is best understood
in relation to the total possible iterations of dependent (6 analysis options) and
independent variables (22% + 22° - 2 analysis options) and whether control variables
are included or not (2 analysis options). The number rises even higher to 2.5
trillion specifications for MCS if any combination of control variables (2! analysis
options) is included. Given this, and to reduce computational time, I selected 20,004
specifications for MCS. To do so, I included specifications of all well-being items
by themselves (24 items for cohort members and 25 for caregivers), the mean of
previously used questionnaires for the cohort members (3 questionnaires: self-esteem,
mood and depression), and any combinations of measures found in the previous
literature for the SDQ filled out by caregivers (8 variants: conduct problems, hyper-
activity, peer relationship problems, prosociality, emotional problems, emotional
problems and peer relationship problems, conduct problems and hyperactivity, total).
I then supplemented these specifications with other randomly selected combinations

of the well-being measures (806 for cohort members and 801 for caregivers).
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Table 2.2: Results of Specification Curve Analysis for the Youth Risk and Behaviour
Survey (YRBS, United States), Monitoring the Future Survey (MTF, United States)
and Millennium Cohort Study (MCS, United Kingdom), both overall and for different
technology use variables, parent/adolescent self-report or with/without control variables.

Dataset Median beta  Median Median n Median Standard Error

of partial

Specification  eta-squared

Curve of

Analysis Specification

Curve
Analysis

YRBS
Complete Specification Curve Analysis -0.035 0.001 62297 0.004
Electronic Device Use Only -0.071 0.005 62368 0.004
TV Use Only -0.012 <.001 62352 0.004
With Control Variables Only -0.034 0.001 61525 0.004
Without Control Variables Only -0.035 0.001 62638 0.004
MTF
Complete Specification Curve Analysis -0.005 <.001 78267 0.003
Social Media Use Only -0.031 0.001 102963 0.003
TV Viewing On Weekend Only 0.008 0.001 115738 0.003
Using Internet for News Only -0.002 <.001 115580 0.003
TV Viewing on Weekday Only 0.002 <.001 115783 0.003
With Control Variables Only 0.001 <.001 72525 0.003
Without Control Variables Only -0.013 <.001 117560 0.003
MCS
Complete Specification Curve Analysis -0.032 0.004 7968 0.010
Own a Computer Only -0.003 0.011 7973 0.010
Weekday Electronic Games Only 0.013 <.001 7977 0.010
Hours of Social Media Use Only -0.056 0.009 7972 0.010
TV Viewing on Weekday Only -0.043 0.003 7971 0.010
Use of Internet of Home Only -0.07 0.006 7975 0.010
Caregiver-Report Well-Being Only <.001 0.003 7893 0.010
Adolescent-Report Well-Being Only -0.046 0.008 8857 0.010
With Control Variables Only -0.005 0.001 6566 0.011
Without Control Variables Only -0.068 0.005 11018 0.010

2.3.2 II. Implementing Specifications

After noting down all specifications, the result of every possible combination of these
specifications was computed for each dataset. The standardised [ coefficient for
technology uses’ association with well-being was then plotted for each specification.
The number of participants analysed for each specification can be found in Figure
A.2-A 4, the median standardised 3, n, partial n? and standard error can be found
in Table 2.2. For YRBS, the median association of technology use with adolescent
well-being was 3 = -.035 (median partial n* = .001, median n = 62,297, median
standard error = .004, see Figure 2.2). From the figure one can discern the analytical
choices that influence the size of this effect. When using electronic device use as

the independent variable in the model, the effects were more negative (median 3
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= -.071, median partial n* = .005, median n = 62,368, median standard error =
.004), while when including TV use in the model the effects were less negative and
sometimes become non-significant (median 3 = -.012, median partial n? < .001,
median n = 62,352, median standard error = .004). Even though YRBS does not
have high quality control variables, including them yielded a smaller effect size for
the relations of interest (controls: median 8 = -.034, median partial n* = .001,
median n = 61,525, median standard error = .004; no controls: median g = -.035,

median partial n* = .001, median n = 62,638, median standard error = .004).

For the MTF data, a median standardised  of -.005 was observed (median
partial 7> < .001, median n = 78,267, median standard error = .003), a value
which fell into the non-significant range of the justifiable specifications (see Figure
2.3). This result was surprising, as MTF had the highest number of observations,
making it difficult for even small associations to be flagged as non-significant using
traditional « thresholds (i.e., p < .05). In Figure 2.3, and my bootstrapping test,
I do not include the few specifications of the participants that only filled in one
well-being measure (to see the SCA of all participants, see Figure A.5). From
Figure 2.3 it is again possible to discern that even controls of lower standard made
the association either less negative or even positive (no controls: median § =
-.013, median partial n* < .001, median n = 117,560, median standard error =
.003; controls: median f = .001, median partial n?> < .001, median n = 72,525,
median standard error = .003). TV viewing on the weekend had a median positive
association with well-being of 8 = .008 (median partial n* = .001, median n =
115,738, median standard error = .003), while social media use had a median
negative association with well-being of 3 = -.031 (median partial n* = .001, median
n = 102,963, median standard error = .003), though the effect was small suggesting
that technology use operationalised in these terms accounts for less than 0.1% of the
observed variability in well-being. Using the internet for news and TV viewing on a
weekday showed mainly very small median associations, 8 = -.002 (median partial 7>
< .001, median n = 115,580, median standard error = .003) and S = .002 (median

partial n? < .001, median n = 115,783, median standard error = .003) respectively.
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Figure 2.2: Results of Specification Curve Analysis of the Youth Risk and Behaviour
Survey: Specification Curve Analysis showing the range of possible results for a simple
cross-sectional regression of digital technology use on adolescent well-being. Each point on
the x-axis represents a different combination of analytical decisions, which are displayed
in the ‘dashboard’ at the bottom of the graph. The resulting standardised regression
coefficient is shown at the top of the graph; the error bars visualise the standard error.
Red represents non-significant outcomes, while black represents significant outcomes. To
ease interpretation, the dotted line indicates the median standardised regression coefficient
found in the Specification Curve Analysis: 8 = -.035 (median partial > = .001, median
n = 62,297, median standard error = .004)

As previous studies have addressed the association between technology use and
well-being using the same dataset (Twenge, Joiner, et al. , [ include Figure 2.4
which shows how these study’s specifications influence their reported results.
Lastly, results from MCS, the highest quality dataset I examined, were interesting
because the literature provided us with control variables based on extant theory
(Parkes et al. and convergent data from adolescent and caregiver reports. In
these data I found a median S of technology use’s association with wellbeing of

= -.032 (median partial n* = .004, median n = 7,968, median standard error =
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Variables
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TV Weekday 1

TV Weekend 1
Internet for News A
Technology Mean A
Social Media Use 1

Enjoy life - 4

Good to be alive - 1
Positive attitude towards self -
Person of worth - 1
Satisfied with myself - 4
Do well as most others - 1
Unhappiness 1

Future is hopeless 1

Life not useful

Not much to be proud of 1
Can't do anything right 1
Life is meaningless 1

Controls 1
No Controls A
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Figure 2.3: Results of Specification Curve Analysis of the Monitoring the Future study:
Specification Curve Analysis showing the range of possible results for a simple cross-
sectional regression of digital technology use on adolescent well-being. Each point on
the x-axis represents a different combination of analytical decisions, which are displayed
in the ‘dashboard’ at the bottom of the graph. The resulting standardised regression
coefficient is shown at the top of the graph; the error bars visualise the standard error.
Red represents non-significant outcomes, while black represents significant outcomes. To
ease interpretation, the dotted line indicates the median standardised regression coefficient
found in the Specification Curve Analysis: 8 = -.005 (partial n? < .001, median n =
78,267, median standard error = .003)
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Figure 2.4: Each panel of this figure illustrates the range of possible results found using
a SCA regressing a specific technology use variable onto well-being in the MTF dataset:
Panel A examines TV viewing on a weekday, Panel B examines TV viewing on a weekend,
Panel C examines using the internet to get news and Panel D examines social media
use. The error bars represent the standard error and the dotted line shows the median
standardised regression coefficient. I highlight in red the specifications chosen by Twenge
and colleagues (2017) for their analysis of the MTF dataset. The researchers used a
novel combination of measures from both well-being and self-esteem scales to create a
well-being scale in their study, see also Figure 2.1. They correlated this measure with
technology use measures (TV viewing, using the internet for news and social media use)
and included either no controls or range of controls variables. We only show Twenge et
als results with no controls in this visualisation due to their chosen controls being difficult
to reproduce computationally. We note that our results from implementing Twenge and
colleague’s specification for TV viewing are not consonant with those reported in Twenge
et al. (2017). For TV viewing on a weekday the specifications chosen in Twenge et al.
(2017) were at the 15th percentile of effect sizes, for TV viewing on a weekday they were at
the 16th percentile. For getting news over the internet, the chosen specifications were at
the 55rd percentile and for social media use the chosen values were at the 12th percentile.
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Figure 2.5: Results of Specification Curve Analysis of the Millennium Cohort Study:
Specification Curve Analysis showing the range of possible results for a simple cross-
sectional regression of digital technology use on adolescent well-being. Each point on
the x-axis represents a different combination of analytical decisions, which are displayed
in the ‘dashboard’ at the bottom of the graph. The resulting standardised regression
coefficient is shown at the top of the graph; the error bars visualise the standard error.
Red represents non-significant outcomes, while black represents significant outcomes. To
ease interpretation, the dotted line indicates the median standardised regression coefficient
found in the Specification Curve Analysis: 8 = -.032 (partial n? = .004, median n =
7,968, median standard error = .010)
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010, see Figure 2.5). Across the board, if using well-being measures completed by
the caregivers, the median association was less negative or more positive (median
S < .001, median partial n*> = .003, median n = 7,893, median standard error =
.010), while the opposite was in evidence when considering well-being measures
completed by the adolescent (median 3 = -.046, median partial n* = .008, median
n = 8,857, median standard error =. 010). This pattern of shared covariation
speaks to the idea that correlations between technology use and well-being might be
rooted in common method variance, as one single informant fills out well-being and

technology measures and the association might be driven by other common factors.

To further address the importance of control variables, I plot separate specifica-
tion curves for MCS analyses with and without control variables (see Figure 2.6).
The association for the uncorrected models had a median /3 of -.068 (median partial
n* = .005, median n = 11,018, median standard error = .010). In contrast, the
corrected models only found a median 3 of technology use regressed on wellbeing of
-.005 (median partial n? = .001, median n = 6,566, median standard error = .011).

Additional SCAs using only pre-specified questionnaires are presented in Figure A.1.

2.3.3 III. Statistical Inferences

The SCAs showed that there is a small negative association between technology use
and well-being, but it is not possible to make many statistical inferences because
the specifications are not part of the same model and are therefore not independent.
A bootstrapping technique was therefore used to run 500 SCA tests on resampled
data, where it is known that the null hypothesis is true. Results presented in Table
2.3 indicate that the effects found were highly significant for all three datasets,
and all three measures of significance included in my bootstrapped tests. For the
three datasets, there was no SCA analysing bootstrapped samples which resulted
in a larger median effect size than the median effect size of the original SCA (p =
0.00, original effect sizes: YRBS median g = -.040, MTF median g = -.007, MCS
median § = -.045). Furthermore, there was no bootstrapped SCA with more total

or statistically significant specifications of the dominant sign than the original SCA
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Figure 2.6: Results of Specification Curve Analysis of the Millennium Cohort Study
split by whether control variables are included in the analysis or not: Specification Curve
Analysis showing the range of possible results for a simple cross-sectional regression of
digital technology use on adolescent well-being. Each specification number indicates
a different combination of analytical decisions. The plot then shows the outcome of
the corresponding analysis (standardised regression coefficient) either including control
variables (teal, median standardised 8 = -0.005, partial n? = .001, median n = 6,566,
median standard error = .011) or not including control variables (purple, median
standardised 8 = -0.068, partial n? = .005, median n = 11,018, median standard error =
.010). The bolded parts of the line indicate analyses that did not reach significance (p
> 0.05). The median standardised regression coefficients for analyses including or not
including control variables are shown using the dashed lines and the error bars visualise
the standard error.
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Table 2.3: Results of the SCA bootstrapped test for Youth Risk and Behaviour Survey
(YRBS), Monitoring the Future (MTF) and Millennium Cohort Study (MCS) datasets,
determining whether there is a significant association between digital technology use
and well-being. For each dataset we include three different possible tests of significance,
where we compare the observed results with the bootstrapped samples on the basis of (i)
median effect size, (ii) the share of results with the dominant sign and (iii) the share of
results with the dominant sign and a p value of less than 0.05.

* Note: we did not use standardised variables for this analysis and therefore the
observed results can diverge from those presented in Table 2.2

Dataset Observed Result p value
YRBS

Median effect size -0.040 0.00
Share of results with dominant 356 0.00
sign

Share of results with dominant 323 0.00
sign & p <.05

MTF

Median effect size -0.007 0.00
Share of results with dominant 24149 0.00
sign

Share of results with dominant 19636 0.00
sign & p <.05

MCS

Median effect size -0.045 0.00
Share of results with dominant 12481 0.00
sign

Share of results with dominant 10857 0.00
sign & p <.05

(share of specifications with dominant sign p = 0.00; original number: YRBS = 356,
MTF = 24,164, MCS = 12,481; share of statistically significant specifications with
dominant sign p = 0.00; original number: YRBS = 323, MTF = 19,649, MCS =
10,857). This result provides evidence that digital technology use and adolescent

well-being could be negatively related at above chance levels in my data.

2.3.4 1IV. Comparison Specifications

To put the results of the SCAs into perspective with respect to the broader context

of human behaviour as measured in these datasets, I compare specification curves
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Figure 2.7: Visualisation of the comparison specifications for MCS hypothesised to have
little or no influence on well-being: bicycle use, height, handedness and wearing glasses.
This graph shows Specification Curve Analyses for both the variable of interest (mean
technology use) and the comparison variables; It highlights the range of possible results
of a simple cross-sectional regression of the variables of interest on adolescent well-being.

Wearing glasses has the most negative association with adolescent well-being
(black, median 3 = -.061, median n = 7,963, partial n? = .005, median standard error
= .010), more negative than the association of technology use with well-being (purple,
median 3 = -.042, median n = 7,964, partial n? = .002, median standard error = .010).
Handedness (red/purple, median 3 = -.004, median n = 7,972, partial n? < 0.001, median
standard error = .010), height of the adolescent (red, median § = .065, median n =
7,910, partial n? = .005, median standard error = .010) and whether the adolescent often
rides a bicycle (yellow, median 3 = .080, median n = 7,974, partial n?> = .007, median
standard error = .010) have more positive associations with adolescent well-being than
technology use does.

Panel A shows how different analytical decisions (Specifications, shown on the
x-axis) lead to different statistical outcomes (Standardised Regression Coefficient, shown
on the y-axis). Each line represents a different variable of interest, the error bars represent
the standard error. Panel B visualises the resulting Median Standardised Regression
Coefficients for those Specification Curve Analyses linking the variables of interest with
adolescent well-being.
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for the mean of the technology use variables in each dataset to other associations
that have been shown to relate, or are hypothesised not to relate, to adolescent
mental health: binge drinking, smoking marijuana, being bullied, getting into fights,
smoking cigarettes, being arrested, perceived weight, eating potatoes, having asthma,
drinking milk, going to the movies, religion, listening to music, doing homework,
cycling, height, wearing glasses, handedness, eating fruit, eating vegetables, getting
enough sleep and eating breakfast. For results see Table 2.4 at the end of the
chapter and Figures 2.7-2.10).

For YRBS (Figure 2.8), the association of mean technology use with well-being
(median 8 = -.049, median n = 62,166, partial n* = .002, median standard error
= .004) was exceeded by well-being’s association with being bullied (median 3
= -.212, median n = 50,066, partial n? = .044, median standard error = .004),
getting into fights (median 8 = -.179, median n = 62,106, partial n* = .031, median
standard error = .004), binge drinking (median § = -.144, median n = 62,010,
partial n? = .021, median standard error = .004), smoking marijuana (median 3 =
-.132, median n = 62,361, partial n* = .018, median standard error = .004), having
asthma (median 3 = -.066, median n = 60,863, partial n* = .004, median standard
error = .004) and perceived weight (median 5 = -.050, median n = 62,752, partial
n* = .002, median standard error =.004). There is a smaller negative association for
eating potatoes (median 8 = -.042, median n = 61,912, partial n? = .002, median
standard error = .004), eating vegetables (median 5 = -.013, median n = 62,034,
partial n? < .001, median standard error = .004) and eating fruit (median § =
-.005, median n = 62,436, partial n* < .001, median standard error = .004). There
is a smaller positive association for drinking milk (median § = .014, median n =
60,021, partial n* < .001, median standard error = .004). Lastly, there is a larger
positive association for eating breakfast (median 8 = .116, median n = 34,010,
partial n? = .013, median standard error = .006) and getting enough sleep (median

B = .150, median n = 56,552, partial n? = .022, median standard error = .004).

For the MTF (Figure 2.9), I compare the association of mean technology use

with well-being (median 8 = -.006, median n = 102,186, partial % < .001, median
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Figure 2.8: YRBS Comparison Specification Curves, split into three panels to compare
the effect of technology use on wellbeing to other hypothesised positive (Panel A),
neutral (Panel B) and negative factors (Panel C). The figure shows the results of 15
SCAs: illustrating the range of possible regression coefficients found when examining
the association between well-being and other variables. The error bars represent the
corresponding Standard Error.
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Figure 2.9: MTF Comparison Specification Curves, split into three panels to compare
the effect of technology use on wellbeing to other hypothesised positive (Panel A),
neutral (Panel B) and negative factors (Panel C). The figure shows the results of 15
SCAs: illustrating the range of possible regression coefficients found when examining
the association between well-being and other variables. The error bars represent the
corresponding Standard Error.
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standard error = .003) to the variables I hypothesised a priori to have no association:
going to the movies (median B = .064, median n = 115,943, partial 7> = .005,
median standard error = .003), time spent on homework (median 8 = .020, median
n = 115,225, partial n*> = .001, median standard error = .003), attending religious
services (median 3 = .091, median n = 89,453, partial 7 = .010, median standard
error = .003) and listening to music (median § = -.182, median n = 49,514, partial
n* = .035, median standard error = .005) all had larger effects. I also examined
those comparison variables I hypothesised to have a more positive association:
eating breakfast (median 3 = .170, median n = 62,330, partial > = .034, median
standard error = .004), eating fruit (median 8 = .053, median n = 115,334, partial
n* = .003, median standard error = .003), sleep (median 3 = .246, median n =
61,903, partial n?> = .070, median standard error = .004), and eating vegetables
(median 3 = .115, median n = 62,072, partial n? = .014, median standard error
= .004). Lastly, I looked at those variables that I hypothesised to have a more
negative association: binge drinking (median 3 = -.045, median n = 107,994, partial
n* = .002, median standard error = .003), fighting (median 3 = -.087, median n
= 62,683, partial n* = .008, median standard error = .004), smoking marijuana
(median 3 = -.056, median n = 113,611, partial n* = .003, median standard error
= .003) and smoking cigarettes (median § = -.103, median n = 113,424, partial
n* = .012, median standard error = .003).

For MCS (Figure 2.10), mean technology use (median 5 = -.042, median n =
7,964, partial % = .002, median standard error = .010) was compared to amount of
sleep (median 8 = .070, median n = 7,954, partial > = .005, median standard error
= .010), eating fruit (median 3 = .056, median n = 7,960, partial n? = .004, median
standard error = .010), eating breakfast (median = .140, median n = 7,964,
partial n* = .025, median standard error = .010) and eating vegetables (median 3 =
.064, median n = 7,949, partial n? = .005, median standard error = .010) that have a
priori hypothesised positive associations; being arrested (median 5 = -.041, median
n = 7,908, partial n? = .002, median standard error = .011), being bullied (median 3

= -.208, median n = 7,898, partial n? = .048, median standard error = .010), binge
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Figure 2.10: MCS Comparison Specification Curves, split into three panels to compare
the effect of technology use on wellbeing to other hypothesised positive (Panel A),
neutral (Panel B) and negative factors (Panel C). The figure shows the results of 15
SCAs: illustrating the range of possible regression coefficients found when examining
the association between well-being and other variables. The error bars represent the
corresponding Standard Error.
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drinking (median 3 = -.043, median n = 3,656, partial n? = .002, median standard
error = .015) and smoking marijuana (median 8 = -.048, median n = 7,903, partial
n? = .003, median standard error = .010) that have a priori hypothesised negative
associations; wearing glasses (median 8 = -.061, median n = 7,963, partial n? =
.005, median standard error = .010), being left-handed (median 5 = -.004, median
n = 7,972, partial n? < 0.001, median standard error = .010), bicycle use (median
B = .080, median n = 7,974, partial n* = .007, median standard error = .010) and
height (median 3 = .065, median n = 7,910, partial n? = .005, median standard

error = .010) that have no a priori hypothesised associations (also see Figure 2.7).

2.4 Discussion

The possibility that adolescents’ digital technology use has a negative impact on
psychological well-being is an important question worthy of rigorous empirical testing.
While previous research in this area has equated findings derived from large-scale
social data with empirical robustness, the present research highlights deep-seated
problems associated with drawing strong inferences from such analyses. To provide
a robust and transparent investigation of the association of digital technology use
with adolescent well-being, I implemented Specification Curve Analysis (SCA) with

comparison specifications using three large-scale datasets from the US and UK.

While I find that digital technology use has a small negative association with
adolescent well-being, this finding is best understood in terms of other human
behaviours captured in these large-scale social datasets. When viewed in the
broader context of the data, it becomes clear that the outsized weight given to
digital screen time in scientific and public discourse might not be merited on the
basis of the available evidence. For example, in all three datasets the associations
found for both smoking marijuana and bullying have larger negative associations
with adolescent well-being (2.7x and 4.3x respectively for YRBS) than technology
use does. Positive antecedents of well-being are equally illustrative; simple actions

like getting enough sleep and regularly eating breakfast have much more positive
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associations with well-being than the average impact of technology use (ranging
from 1.7x to 44.2x more positive in all datasets). Neutral factors provide perhaps the
most useful context to judge technology engagement effects: the association of well-
being with regularly eating potatoes was nearly as negative as the association with
technology use (0.9x, YRBS) and wearing glasses was more negatively associated

with well-being (1.5x, MCS).

With this in mind, the evidence simultaneously suggests technology effects might
be statistically significant but so minimal that they hold little practical value. The
nuanced picture these results provide are in line with previous psychological and
epidemiological research suggesting the associations between digital screen time
and adolescent outcomes are not as simple as many might think (Parkes et al. 2013;
Przybylski and Weinstein [2017). This work therefore puts previous work that used
the YRBS and MTF to highlight technology use as a potential culprit for decreasing
adolescent well-being (Twenge, Joiner, et al. 2017) into perspective, showing the
range of possible analytical results and comparison specifications. The finding that
the association between digital technology use and well-being is much smaller than
previously put forth has extensive implications for stakeholders and policy-makers
considering monetary investments into decreasing technology use in order to increase

adolescent well-being (Department of Health and Social Care 2018).

Importantly, the small negative associations diminish even further when proper
and pre-specified control variables, or caretaker responses about adolescent well-
being, are included in the analyses. This finding underlines the importance of
considering high-quality control variables, a priori specification of effect sizes of
interest, and a critical evaluation of the role that common method variance may
play when mapping the effect of digital technology use on adolescent well-being
(Ferguson 2009)). It is not enough to rely on statistical power to improve scientific
endeavour, large-scale social data analysis harbours its own challenges for statistical

inference and scientific progress.

This investigation therefore highlights two intrinsic problems confronting be-

havioural scientists using large-scale social data. First, large numbers of ill-defined
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variables necessitate researcher flexibility, potentially exacerbating the garden of
forking paths problem: for some datasets analysed there were more than a trillion
different ways to operationalize a simple regression (Gelman and Loken [2014)).
Second, high numbers of observations render minutely small associations significant
through the default NHST lens (Lakens and Evers |2014). With these challenges
in mind, my approach, grounded in SCA and including comparison specifications
presents a promising solution, so that behavioural scientists can build accurate and
practically actionable representations of effects found in large-scale datasets. Overall,
the findings place popular worries about the putative links between technology use
and mental health indicators into context. They underscore the need for open and

impartial reporting of small correlations derived from large-scale social data.

2.4.1 Limitations

My analyses, however, do not provide a definite answer to whether digital technology
impacts adolescent well-being. Firstly, it is important to note that using most
large-scale datasets one can only examine cross-sectional correlations links, and
it is therefore unclear what is driving effects where present. I know very little
about whether more technology use might cause lower well-being, whether lower
well-being might cause more technology use or whether a third confounding factor
underlies both (see Chapter 4). As I am examining something inherently complex,
the likelihood of unaccounted factors affecting both technology use and wellbeing
is high. It is therefore possible that the associations I document, and those that

previous authors have documented, are spurious.

For the sake of simplicity and comparison, simple linear regressions were used
in this study, overlooking the fact that the relationship of interest is probably
more complex, non-linear, or hierarchical (Przybylski and Weinstein 2017). Many
measures used were also of low quality, non-normal, heterogenous, or outdated,
limiting the generalisability of the study’s inferences. As self-report digital tech-
nology measures are known to be noisy (Scharkow 2016), this could have also

led to the association of technology use with well-being being diminished due
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to low-quality measurement (addressed in Chapter 3). Lastly, I used NHST to
interpret significance, which is problematic when using such extensive data. To
improve, partnerships between research councils and behavioural scientists to better

measurement, and pre-registering of analyses plans, will be crucial.

2.5 Conclusion

Whether they are collected as part of multi-lab projects or research council funded
cohort studies, large-scale social datasets are an increasingly important part of
the research infrastructure available for psychologists wanting to study emergent
technologies. On balance, I am optimistic these investments provide an invaluable
tool for studying technology effects in adolescents. To realise this promise, I firmly
believe researchers must ground their work and debate in open and robust practices.
In the quest for high power, I caution scientists studying emergent technology
effects to understand the intrinsic limitations of large-scale data and to implemented
approaches that guard against researcher degrees of freedom. While preregistration
might be implausible for analyses of open large-scale social data, methodologies
like Specification Curve Analyses provide solutions that don’t only support robust
statistical inferences, but also provide a comprehensive way to report the effects

found for academia, policy and the public.
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Table 2.4: Comparison Specification results: The table shows the size of the effect of
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comparison variables on adolescent-wellbeing when compared to the size of the effect of
technology use (measured using the mean of technology use questions) on adolescent
well-being. The values indicate how many times larger the effects of the comparison
variables are in comparison to technology use when examining the Youth Risk and
Behaviour Survey (YRBS), Monitoring the Future (MTF) and Millennium Cohort Study

(MCS) datasets.

* Denotes when the effect of the comparison variable on well-being

and therefore in the opposite direction to the effect of technology use.

is positive,

Factor Comparison YRBS MTF MCS
Specifications
Negative Binge drinking 2.95x% 8.10x 1.02x
Factors
Marijuana 2.70x 10.09x 1.14x
Bullying 4.33x - 4.92x
Getting into fights 3.65x 15.58x -
Cigarettes - 18.47x -
Being arrested - — 0.96x
Neutral Perceived weight 1.02x — -
Factors
Potatoes 0.86x - -
Asthma 1.34x — -
Milk 0.28x* — -
Going to Movies — 11.51x* -
Religion — 16.29x* -
Music - 32.68x -
Homework — 3.57x* —
Cycling — - 1.88x*
Height — - 1.53x*
Glasses - - 1.45x
Handedness - - 0.10x
Positive Fruit 0.11x 9.49x* 1.32x*
Factors
Vegetables 0.27x 20.63x*  1.52x*
Sleep 3.06x*  44.23x*  1.65x*
Breakfast 2.37x*  30.55x*  3.32x*
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90 3.1. Introduction

The current level of psychological evidence for digital technology use decreasing
adolescent well-being is far removed from the certainty voiced by many commentators.
There is little clear-cut evidence that ‘screen time’ decreases adolescent well-being,
with most psychological results based on single-country, exploratory studies that rely
on inaccurate but popular self-report measures of digital technology use. This chapter,
encompassing three nationally representative large-scale datasets from Ireland, the
United States and the United Kingdom (ny,, = 17,247 after data exclusions) and
including improved time-use diary measures of digital technology use, uses both
exploratory and confirmatory study designs to introduce methodological and analytical
improvements to a growing psychological research area. I find little evidence for
substantial negative associations between digital technology use — measured either

throughout the day or particularly before bedtime — and adolescent well-being.

3.1 Introduction

As digital technologies are an increasingly integral part of daily life for many, concerns
about their use have become common (Bell et al. [2015]). Yet there is still little
consensus as to whether and, if so, how digital technology use affects psychological
well-being; results of studies have been mixed and inconclusive, with associations —
when found — often being small (Etchells et al. 2016; Orben and Przybylski 2019b;
Parkes et al. 2013; Przybylski and Weinstein 2017; Smith et al. 2018).

Most previous work, including the thesis’ other two data chapters, considers
the amount of time spent using digital devices or certain technological platforms,
as the primary determinant of positive or negative technology effects (Neuman
1988; Przybylski and Weinstein 2017)). It is therefore imperative that this work
incorporates high quality assessments of such ‘screen time’. Yet, with the vast
majority of studies relying on retrospective self-report scales, research indicates
that there is good reason to believe this is not the case (Robinson |[1985; Scharkow
2016)). On the one hand, people are not skilled at perceiving the time they spend

engaging in specific activities (Grondin 2010)). On the other hand, there are also a
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myriad of additional reasons why people fail to give accurate retrospective self-report

judgements (Boase and Ling [2013; Schwarz and Oyserman [2001)).

Recent work has demonstrated that only one third of participants provide
accurate judgements when asked about their weekly internet use, while 42%
overestimate and 26% underestimate their usage time (Scharkow [2016). Inaccuracies
vary systematically as a function of actual digital engagement (Vanden Abeele et al.
2013; Wonneberger and Irazoqui 2017)): Heavy internet users tend to underestimate
the amount of time they spend online, while infrequent users over-report this
behaviour (Scharkow [2016)). Both these trends have been replicated in subsequent
studies (Araujo et al. 2017). There are therefore substantial and endemic issues
regarding the majority of current research investigating digital technology use

and its effects.

Direct tracking of screen time and digital activities on the device-level is a
promising approach for addressing this measurement problem (Andrews et al. 2015;
David et al. [2018), yet the method comes with technical issues (G. Miller 2012])
and is still limited to small samples (Junco 2013). Given the importance of rapidly
gauging the impact of digital technology use on well-being, other approaches for
measuring the phenomena that can be implemented more widely are needed for

psychological science to progress.

To this end, a handful of recent studies have applied experience sampling
methodology, asking participants specific technology-related questions throughout
the day (Verduyn, Lee, et al. |2015)), or after specific bouts of digital technology
use (Masur [2019). The method is complemented by studies using time-use diaries,
which ask participants to recall what activities they were engaged in during pre-
specified days, building a detailed picture of the participants’ daily life (Hanson
et al. 2010). As most time-use diaries ask participants to recount small time
windows (e.g. every 10 minutes), they facilitate the summation of total time
spent engaging with digital technologies and allow for investigation into the time
of day that these activities occur. Time-use diaries could therefore extend and

complement more commonly used self-report measurement methodology. Yet work
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using these promising time-use diary measures has focused mainly on single smaller
datasets, was not pre-registered, and has not examined psychological well-being

as a consequence of digital technology use.

Specifically, the use of time-use diaries allows us to examine how digital
technology use before bedtime affects both sleep quality and duration. Researchers
have postulated that, by promoting continued availability and fears of missing out,
social media platforms can decrease the amount of time adolescents sleep (H. Scott
et al. 2018). Previous research found negative effects when adolescents engage with
digital technologies 30 minutes (Levenson et al. 2017)), one hour (Harbard et al.
2016)) and two hours (Orzech et al. 2016) before bedtime. This could be due to
delayed bedtimes (Cain and Gradisar 2010; Orzech et al. [2016) or difficulties in

relaxing after engaging in stimulating technology use (Harbard et al. 2016)).

3.1.1 Present Research

In this chapter, I focus on the relations between digital technology use and
psychological well-being using both time-use diaries and retrospective self-report
data obtained from adolescents of three different countries: Ireland, the United
States and the United Kingdom. Across all datasets my aim is to determine the
direction, magnitude, and statistical significance of relations between adolescent
digital technology use and psychological well-being, with a particular focus on
the effects of digital technology use before bedtime. In order to clarify the mixed
literature and provide high generalizability and transparency, the research uses the
first two studies to extend a general research question concerning the link between
digital technology use and well-being into specific hypotheses, that are then tested in
a third confirmatory study. More specifically, I use Specification Curve Analysis to
identify promising links in my two exploratory studies, generating informed data- and
theory-based hypotheses. The robustness of these hypotheses is then evaluated in a
third study using a preregistered confirmatory design. Subjecting the results from

the first two studies to the highest methodological standards of testing, this research



3. Improving Measurement 93

aims to shed further light on whether digital technology use has reliable, measurable

and substantial associations with the psychological well-being of adolescents.

3.2 Exploratory Studies

3.2.1 Methods

Datasets and Participants

Data from two nationally representative datasets collected in Ireland and the United
States were used to explore the plausible links between psychological well-being
and digital technology use, generating hypotheses for subsequent testing. I selected
both datasets because they were large in comparison to normal social psychological
research datasets (total n = 5,363; Ireland: n = 4,573, United States: n = 790
after data exclusions), nationally representative, and have harmonized well-being
and time-use diary measurements. Because technology use changes so rapidly, only
the most recent wave of time-use diaries was analysed so that the data reflects

the current state of digital technology use.

The first dataset under analysis was Growing up in Ireland (GUI, Williams
et al. [2009). In my study, I focused on the GUI child cohort that tracked 5,023
nine-year-olds, recruited via random sampling of primary schools. The wave of
interest took place between August 2011 and March 2012 and includes 2,514 boys
and 2,509 girls, mostly aged thirteen (4,943 thirteen-year-olds, 24 twelve-year-
olds and 56 fourteen-year-olds). The time-use diaries were completed on a day
individually allocated by the head office (either weekend or weekday) after the
primary interview of both children and their caretakers. After data exclusions,

4,573 adolescents were included in the study.

Collected between 2014 and 2015, the second dataset of interest was the United
States Panel Study of Income Dynamics (PSID, University of Michigan. Survey
Research Center 2018), including 741 girls and 767 boys. It encompassed participants
of a variety of different age groups: 108 eight-year-olds, 100 nine-year-olds, 110
ten-year-olds, 89 eleven-year-olds, 201 twelve-year-olds, 213 thirteen-year-olds, 190
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fourteen-year-olds, 186 fifteen-year-olds, 165 sixteen-year-olds, 127 seventeen-year-
olds and 19 did not provide an age. I only selected those 790 participants between
the ages of twelve and fifteen, to match the age ranges in the other datasets used.
The sample was collected by involving all children in households already interviewed
by the PSID who descended from either the original families recruited in 1968 or
the 1997 new immigrant family sample. Those participants in the child supplement
that were selected to receive an in-home visit, were asked to complete two time-use

diaries on randomly assigned days (one on a weekday and one on a weekend day).

Ethical Review

The Research Ethics Committee of the Health Research Board in Ireland gave
ethical approval to the GUI study. The University of Michigan Health Sciences
and Behavioral Sciences Institutional Review Board reviews the PSID annually

to ensure its compliance to ethical standards.

Measures

This paper examines a variety of well-being and digital technology use measures.
While each dataset included a range of well-being questionnaires, I only considered
those measures present in at least one of the exploratory datasets (i.e. the GUI
and PSID) and in the dataset used for my confirmatory study. This included the
popular Strengths and Difficulties Questionnaire (SDQ) completed by caretakers
(present in GUI and the confirmatory study), and two questionnaires filled out by
adolescents: (1) A well-being questionnaire for each dataset, including the Short
Mood and Feelings Questionnaire for the GUI and the confirmatory study and
the Children’s Depression Inventory present in the PSID and (2) The Rosenberg

Self-Esteem scale (present in the PSID and the confirmatory study).

Adolescent well-being. The first measure of adolescent well-being considered
was the SDQ completed by the Irish participants’ primary caretakers (Goodman et al.

2000). This measure of psychosocial functioning has been widely used and validated
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in school, home and clinical contexts (Goodman (1997). It includes 25 questions, five
each about prosocial behaviour, hyperactivity or inattention, emotional symptoms,
conduct problems and peer relationship problems (0 = not true, 1 = somewhat

true, 2 = certainly true, scale subsequently reversed, see Table 2.1).

The second measure of adolescent well-being was an abbreviated version of the
Rosenberg Self-Esteem Scale completed by US participants (Robins et al. 2001)).
This was a five item measure that asked: “How much do you agree or disagree
with the following statement?:” “On the whole, I am satisfied with myself”, “I
feel like I have a number of good qualities”, “I am able to do things as well as
most other people”, “I am a person of value” and “I feel good about myself”. The
participants answered these questions on a four item Likert scale from strongly
agree (4) to strongly disagree (1).

Third, for the Irish dataset I included the Short Mood and Feelings Questionnaire
as a negative indicator of well-being. The adolescent participants answered questions
about how they felt or acted in the past two weeks using a three-level Likert Scale
from true (1) to not true (3). Items included “I felt miserable or unhappy”, “I didn’t
enjoy anything at all”, “I felt so tired I just sat around and did nothing”, “I was
very restless”, “I felt I was no good any more”, “I cried a lot”, “I found it hard
to think properly or concentrate”, “I hated myself”, “I was a bad person”, “I felt
lonely”, “I thought nobody really loved me”, “I thought I could never be as good
as other kids” and “I did everything wrong”. 1 subsequently reversed item scores

so that they instead measured adolescent well-being.

Finally, for the US sample, I included the Children’s Depression Inventory as a
measure of adolescent well-being. The participants were asked to think about the
last two weeks and select a sentence that best described their feelings (see Table 3.1).
The sentences are very similar to the twelve questions about subjective affective

states and general mood asked in the confirmatory dataset detailed later in the paper.
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Table 3.1: Items of the PSID Children’s Depression Inventory. The adolescents were
asked: For this next set of items, choose the number next to the statement that best
describes how you have felt during the last two weeks (...)

Option 1

Option 2

Option 3

I am sad once in a
while

Nothing will ever
work out for me

I do most things O.K
I hate myself

I feel like crying
everyday

Things bother me all
the time

I look O.K

I do not feel alone

I have plenty of
friends

Nobody really loves
me

I am sad many times

I am not sure if things
will work out for me

I do many things O.K
I do not like myself

I feel like crying many
days

Things bother me
many times

There are some bad
things about my looks
I feel alone many
times

I have some friends,
but I wish I had more
I am not sure if
anybody loves me

I am sad all the time

Things will work out
for me

I do everything wrong
I like myself

I feel like crying once
in a while

Things bother me
once in a while

I look ugly

I feel alone all the
time

I do not have any
friends

I am sure that
somebody loves me

Adolescent digital technology use.

The study included two varieties of digital

technology use measures: Retrospective self-report measures of digital technology
use, and estimates derived from time-use diaries. Details regarding these measures
varied for each dataset due to differences in the questionnaires and time diaries
used. For all datasets, I removed those participants who filled out a time-use
diary during a weekday that was not term or school time, furthermore if the
participants went to bed after midnight (after the time-use diary is concluded)

I coded them as going to bed at midnight.

Retrospective reports. The Irish dataset included three questions asking
participants to think of a normal weekday during term-time and estimate: “How
many hours do you spend watching television, videos or DVDs?” “How much

time do you spend using the computer (do not include time spent using computers
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in school)?” and “How much time do you spend playing video games such as
PlayStation, X-box, Nintendo, etc.?”. Participants could answer in hours and
minutes, yet this was recoded by the survey administrator into a 13-level scale. 1
took the mean of these measures to obtain a general digital technology use measure.
In the US dataset adolescents were asked: “In the past 30 days, how often did
you use a computer or other electronic device (such as a tablet or smartphone):”
“For school work done at school or at home”, “For these types of online activities
(visiting a newspaper or news-related website; watch or listen to music, videos, TV
shoes or mowies; follow topics or people that interest you on websites, blogs, or
social media sites (like Facebook, Instagram or Twitter), not including following or
interacting with friends or family online)”, “To play games” and “For interacting
with others”. Participants answered using a five-point Likert scale ranging from
every day (5) to never (1). For the US data I took the mean of these four items

to obtain a general digital technology use measure.

Time-use diaries. The study focused on five discrete measures from the
participants’ self-completed time-use diaries: (1) Whether the participants reported
engaging with any digital technologies, (2) How much time they spent doing so,
and (3) Whether they did so two hours, (4) One hour and (5) 30 minutes before
going to bed. I separated these numerical measures for weekend and weekday,

resulting in a total of ten different variables.

Each time-use diary, although harmonized by study administrators, was ad-
ministered and coded slightly differently. The Irish dataset contained 21 pre-
coded activities that participants could select for each 15-minute period. They
included the four categories I then aggregated into my digital technology use
measure: “Using the internet/emailing (including social networking, browsing etc.)”,
“Playing computer games (e.g. PlayStation, PSP, X-Box or Wii)”, “Talking on the
phone or texting” or “watching TV, films, videos or DVDs”. In the US dataset,
participants (or their caretakers) could report their activities freely, including

primary and secondary activities, duration and where the activity occurred. Research
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assistants coded them afterwards. There were 13 codes I aggregated in my digital
technology use measure including lessons in using a computer or other electronic
device, playing electronic games, other technology based recreational activities,
communication using technology social media, texting, uploading or creating internet
content, non-specific work with technology like installing software or hardware,
photographic processing and other activities involving a computer or electronic
device. I aggregated these measures and do not include them in my analyses

separately because there were too few people who scored on any one coded variable.

Time-use diary activity measures commonly have high positive skew: many
participants do not note down the activity at all, while only a few report spending
much time on the activity. It is common practice to address this by splitting
the time-use variable into two measures: The first reflecting participation and the
second reflecting amount of participation (i.e. the time spent doing this activity,
Hammer 2012; Rohrer and Lucas |2018]). Participation is a dichotomous variable
representing whether a participant reported engaging in the activity on a given day,
whereas time spent is a continuous variable considering the amount of technology

use for those participants who reported doing the activity.

In addition to including these two different measures — for weekends and weekdays
separately — I also created six measures of technology use before bedtime. These
measures were dichotomous, indicating whether the participant had used technology
in the specified time interval. These time intervals were 30 minutes, 1 hour and

2 hours before bed on a weekend day and weekday separately.

Control variables. Minimal control variables were incorporated in these ex-
ploratory analyses to prevent spurious correlations or conditional associations
complicating my hypothesis generating process: gender and age for both Irish

and US datasets.
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Analytic Approach

To examine the correlation between digital technology use and well-being, I use
the SCA approach proposed by Simonsohn and colleagues (Simonsohn et al. 2015)
and detailed in Chapter 2. SCA enables researchers to implement many possible
analytical pathways and interpret them as one entity, respecting that the garden of
forking paths allows for many different data analysis options which should be taken
into account in scientific reporting (Gelman and Loken [2014). Because the aim for
these analyses was to generate informed data- and theory-driven hypotheses, to

then test in a later confirmatory study, the analyses consisted of four steps.

I. Correlations between retrospective reports and time-use diary es-
timates. The first analytical step was to examine the correlations between
retrospective self-report and time-use diary measures of digital technology use,
to gauge whether they are measuring similar or removed concepts. This was done to
inform later interpretations of the SCA and to give valuable insights to researchers

about such widely used measures.

II. Identifying specifications. I then decided which theoretically defensible
specifications to include in the SCA. While this was done a priori for all studies,
it was only pre-registered specifically for the confirmatory study. The three main
analytical choices addressed in the SCA were: (1) How to measure well-being,
(2) How to measure digital technology use and (3) Whether to include statistical
controls or not (see Section 3.2.2). There were three different possible measures of
well-being included in the exploratory datasets: (1) The Strengths and Difficulties
Questionnaire, (2) The reversed Children’s Depression Inventory or Short Mood
and Feelings Scale, and (3) The Rosenberg Self-Esteem scale. There were 11
possible measures of digital technology use, including the retrospective self-report
measure and the time-use diary measures separated for weekend day or weekday

(participation, time spent, technology use <2 hours, <1 hour and <30 minutes
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before bedtime). Lastly, there was a choice of whether to include controls in

the subsequent analyses or not.

ITI. Implementing Specifications. Taking each specification in turn, I ran
a linear regression to obtain the standardized regression coefficient (f) linking
digital technology use measurements to well-being outcomes. To do so, I first
used the various digital technology use measures to predict the specific well-being
questionnaires identified in the study. The regression either included control variables
or not, depending on the specification. I noted the resulting standardized regression
coefficient, the corresponding p value and the partial 72. 1 also ran 500 bootstrapped
models of each SCA to obtain the 95% confidence intervals around the standardized

regression coefficient and the effect size measure.

The specifications were then ranked by their regression coefficient and plotted in
a specification curve, where the spread of the associations is most clearly visualized.
The bottom panel of the specification curve plot illustrates what analytical decisions
lead to what results, creating a tool for mapping out the, too often invisible, garden

of forking paths (for example, see Figure 3.1).

I'V. Statistical Inferences. Bootstrapped models were implemented to examine
whether the associations evident in the calculated specifications were significant
(Orben and Przybylski 2019b; Simonsohn et al. 2015). I was particularly interested
in the different measures and time of digital technology use, so ran a separate
significance test for each technology use measure. My bootstrapped approach was
necessary, because the specifications do not meet the independency assumption
of conventional statistical testing. Like in Chapter 2, I created datasets where I
knew the null hypothesis was true and examined the median g and number of
significant specifications in the dominant direction (the sign of the majority of the
specifications) they produced. I used these two significance measures as proposed
by Simonsohn and colleagues, but do not report the number of specifications in the

dominant direction — a significance measure also proposed by the authors and used
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in Chapter 2 — as the nature of the data meant these tests did not give an accurate
overview of the data (they can be found in the Appendix, Table B.1-B.4). It was
possible to calculate whether the amount of significant specifications or median
(s found in the original dataset were ‘surprising’, that is whether less than 5% of
the null-hypothesis datasets had more significant specifications in the dominant

direction or more extreme median s than the original dataset.

To create the datasets where the null-hypothesis was true, I extracted the
standardised regression coefficient of interest (/3), multiplied it by the technology
use measure and subtracted it from the well-being measure. I then used these
values as my dependent well-being variable, in a dataset where I now know the
effect not to be present. I then ran 500 bootstrapped SCAs using this data. As the
bootstrapping operation was repeated 500 times, it was possible to examine whether
each bootstrapped dataset (where the null hypothesis was known to be true) had
more significant specifications or more extreme median s than the original dataset.
To obtain the p value of the bootstrapping test, I divided the number of bootstraps
with more significant specifications in the dominant direction or more extreme

median (s than the original dataset by the overall number of bootstraps.

3.2.2 Results

I. Correlations Between Retrospective Reports and Time-Use Diary Esti-
mates

For Irish adolescents, the correlation of measures relating to digital technology
use, operationalized using the time-use diary estimate (prior to dichotomization
into participation and time spent) and retrospective self-report measurement, was
small (r = 0.18). For American adolescents, the correlations relating time-use diary
measures on a weekday (r = 0.08) and weekend day (r = 0.05) to self-report digital

technology use measurements were small as well.

II. Identifying Specifications

I identified 44 specifications each for the Irish and US datasets.
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 Irish dataset
— Operationalizing adolescent well-being: Strength and Difficulties Question-
naire; Short Mood and Feelings Questionnaire (Well-being)
— Operationalizing digital technology use: Retrospective self-report measure;
Time-use diary measures (weekday and weekend separately: participation,
time spent, < 2 hours before bedtime, < 1 hour before bedtime, < 30 minutes
before bedtime)

— Which control variables to include: Either include control variables or not

e American dataset
— Operationalizing adolescent well-being: Children’s Depression Inventory (Well-
being); Rosenberg Self-Esteem Scale
— Operationalizing digital technology use: Retrospective self-report measure;
Time-use diary measures (weekday and weekend separately: participation,
time spent, < 2 hours before bedtime, < 1 hour before bedtime, < 30 minutes
before bedtime)

— Which control variables to include: Either include control variables or not

III. Implementing Specifications

After all analytical pathways specified in the previous step were implemented, it was
evident that there were significant specifications present in both datasets (Figure 3.1,
left and middle panel). Some specifications showed significant negative associations
(k= 16), though there was a larger proportion of non-significant specifications present
(k = 72). No statistically significant specifications were positive. Specifications
using retrospective self-report digital technology use measures resulted in the
largest negative associations in the Irish data. I did not find this trend in the
US data, possibly due to the restricted range of response anchors connected to

their self-report digital technology use measures.
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Figure 3.1: Results of the Specification Curve Analysis of Irish, American and British
datasets for the correlation between well-being and digital technology use. Grey areas
denote 95% confidence intervals of regression coefficients obtained using bootstrapping.
Note specifications marked in red were not statistically significant (p > 0.05) whereas
those in black were (p < 0.05)
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Table 3.2: Results of the SCA bootstrapping tests for the Irish Dataset. * Result where
both measures of significance (effect size and number of significant specifications in the
dominant direction) are p < 0.05

Median Point Estimate Sig. Results in Predominant Direction
Technology Measure beta p value number p value
Participation: Weekend 0.02 (-0.02, 0.05) 0.31 0 1.00
Participation: Weekday -0.01 (-0.03, 0.01) 0.16 0 1.00
<2 hours: Weekend 0.02 (-0.02, 0.02) 0.27 0 1.00
<2 hours: Weekday -0.01 (-0.02, 0.01) 0.39 0 1.00
<1 hour: Weekend 0.00 (-0.01, 0.05) 0.91 0 1.00
<1 hour: Weekday 0.00 (-0.04, 0.00) 0.65 0 1.00
<30 minutes: Weekend -0.03 (-0.06, 0.00) 0.05 0 1.00
<30 minutes: Weekday -0.02 (-0.03, 0.04) 0.01 0 1.00
Time spent: Weekend -0.07* (-0.10, -0.04) 0.00%* 4% 0.00%*
Time spent: Weekday -0.06* (-0.08, -0.04) 0.00%* 4* 0.00*
Self-report -0.15* (-0.17, -0.13) 0.00* 4* 0.00*

IV. Statistical Inferences

Using bootstrapped null models, I found significant correlations between digital
technology use and psychological well-being in both the Irish and American
datasets (Table 3.2 and 3.3). I count those correlations as significant that find
significant effects both for the median $ and number of significant tests in the

dominant direction.

There was a significant correlation between retrospective self-report digital
technology use (median § = -.15, p < .001; number of sig. results in dominant
direction (# sig results) = 4/4, p < .001) and adolescent well-being in the Irish
dataset. There were also negative associations for some of the time-use diary
measures: Notably time spent using digital technologies on a weekday (median 3
= -.07, p < .001; # sig result = 4/4, p < .001) and on a weekend (median § =
-.06, p < .001; # sig result = 4/4, p < .001). In the American dataset I found
significant associations only for digital technology use 1 hour before bedtime on a
weekend day (median 5 = -.13, p < .001; # sig result = 2/4, p = .001). There
were no significant associations of retrospective self-reported digital technology use.
Taking this pattern of results as a whole, I derived a series of promising data- and

theory-driven hypotheses to test in a confirmatory study.
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Table 3.3: Results of the SCA bootstrapping tests for the US Dataset. * Result where
both measures of significance (effect size and number of significant specifications in the
dominant direction) are p < 0.05

Median Point Estimate Sig. Results in Predominant Direction
Technology Measure beta p value number p value
Participation: Weekend -0.01 (-0.07, 0.05) 0.47 0 1.00
Participation: Weekday 0.03 (-0.05, 0.10) 0.32 0 1.00
<2 hours: Weekend -0.07 (-0.11, 0.05) 0.04 0 1.00
<2 hours: Weekday -0.07 (-0.14, 0.00) 0.08 0 1.00
<1 hour: Weekend -0.13* (-0.15, 0.00) 0.00* 2% 0.01*
<1 hour: Weekday -0.03 (-0.12, 0.04) 0.77 0 1.00
<30 minutes: Weekend -0.11 (-0.18, -0.03) 0.00 1 0.30
<30 minutes: Weekday -0.03 (-0.20, -0.06) 0.81 1 0.20
Time spent: Weekend -0.04 (-0.11, 0.05) 0.24 0 1.00
Time spent: Weekday -0.01 (-0.09, 0.05) 0.74 0 1.00
Self-report 0.01 (-0.03, 0.05) 0.40 0 1.00

3.3 Confirmatory Study

From the two exploratory studies detailed above, and from previous literature about
the negative effects of technology use during the week on well-being (Harbard et al.
2016; Levenson et al. [2017; Owens [2014)), I derived five specific hypotheses concerning
digital technology use and psychological well-being. My aim was to evaluate the
robustness of these hypotheses in a third representative adolescent cohort. To
this end, I pre-registered my data analysis plan on the Open Science Framework
(http://dx.doi.org/10.17605/0SF.I0/WRH4X), focusing on the data collected as
part of the Millennium Cohort Study (University of London 2017)), prior to the date

that the data were made available to researchers. My hypotheses were fivefold:

H1: Higher retrospective reports of digital technology use would correlate
with lower observed levels of adolescent well-being

H2: Total time spent engaging with digital technologies, derived from
time-use diary measures, would correlate with lower observed levels of
adolescent well-being

H3: Digital technology use 30 minutes before bedtime on weekdays, de-
rived from time-use diary measures, would correlate with lower observed
levels of adolescent well-being

H4: Digital technology use 1 hour before bedtime on weekdays, derived
from time-use diary measures, would correlate with lower observed levels
of adolescent well-being


http://dx.doi.org/10.17605/OSF.IO/WRH4X
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H5: In models without controls (detailed below) the negative association
will be more pronounced (i.e. will have a larger absolute value) than in
models with controls

3.3.1 Methods

Datasets and Participants

The focus of the confirmatory analyses was the longitudinal Millennium Cohort
Study (MCS), which followed a UK cohort of young people born between September
2000 and January 2001 (University of London [2017). The survey of interest
was administered in 2015 and included responses by 11,884 adolescents and their
caregivers. It encompassed 5,931 girls and 5,953 boys: 2,864 thirteen-year-olds, 8,860
fourteen-year-olds and 160 fifteen-year-olds. Using clustered stratified sampling,
it oversampled minorities and participants living in disadvantaged areas. Each
adolescent completed two (one weekend day and one weekday), paper, web-based

or app-based time-use diaries, within ten days of the main interviewer visit.

Ethical Review

The UK National Health Service (NHS) London, Northern, Yorkshire and South-

West Research Ethics Committees gave ethical approval for data collection.

Measures

Adolescent well-being. In addition to the Strengths and Difficulties question-
naire completed by the caretaker, the Rosenberg Self-Esteem scale was used, as was
an abbreviated version of the short form Mood and Feelings Questionnaire (Angold
et al.|1995). This measure instructed participants: “For each question please select
the answer which reflects how you have been feeling or acting in the past two weeks:”,
“I felt miserable or unhappy”, “I didn’t enjoy anything at all”, “I felt so tired I just
sat around and did nothing 7, “I was very restless”, “I felt I was no good any more”,
“I cried a lot”, “I found it hard to think properly or concentrate”, “I hated myself”,

»o«

“I was a bad person”, “I felt lonely”, “I thought nobody really loved me”, “I thought
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I could never be as good as other kids” and “I did everything wrong” (1 = “not

true,” 2 = “sometimes,” 3 = “true,” scale subsequently reversed).

Adolescent technology use. Like the US and Irish datasets, the UK dataset
included a retrospective self-report digital technology use items. The mean of the
four questions concerned with hours per weekday the adolescent spent “watching

»o«

television programmes or films”, “playing electronic games on a computer or games
»” 114

systems”, “using the internet” at home and “on social networking or messaging

sites or Apps on the internet” (1 = “none” to 8 = “7 hours or more”) was taken.

Using the time-use diary data, digital technology use measures were derived in
line with the approach used for the exploratory datasets. Participants could select
certain activity codes for each 10-minute time slot (except in the app-based time
diary where there were 1-minute slots): Five of these activity codes were used in the
aggregate measure of digital technology use: “answering emails, instant messaging,
texting”, “browsing and updating social networking sites”, “general internet browsing,

programming”, “playing electronic games and Apps” and “watching TV, DVDs,

downloaded videos”.

Control variables. The control variables detailed in the analysis plan were chosen
using previous studies as a template (Orben and Przybylski [2019b; Parkes et al.
2013)). In both these studies and in the present analysis, a range of sociodemographic
factors and maternal characteristics, including the child’s sex and age, mother’s
education, ethnicity, psychological distress (K6 Kessler Scale) and employment
were included as control variables. These factors also included household-level
variables like household income, number of siblings present, whether the father
was present, closeness to parents, the time the primary caretaker could spend with
the children. Finally, there were adolescent-level variables that included reports
of long-term illness and negative attitudes towards school. To control for the

caretaker’s current cognitive ability, I also included the primary caretaker’s score
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on a word activity task where they were presented with a list of target words and

needed to choose synonyms from a corresponding list.

Analytic Approach

In broad strokes, the confirmatory analytical pathway followed the approach used to
examine the exploratory datasets. I included bootstrapped models of all variables,
like in my exploratory analyses, but also extended these to examine the specific
pre-registered hypotheses. I adapted my pre-registered analysis plan to run simple
regressions instead of structural equation models to allow me to implement my
significance testing analyses. Furthermore, after submitting my pre-registration
I decided to analyse bootstrapped SCAs to obtain confidence intervals and to
run two-sided hypothesis tests, rather than one-sided tests, as they are more

informative for the reader.

In the pre-registration I also specified a Smallest Effect Size of Interest (SESOI,
Lakens, Scheel, et al. |2018)), a concept proposed to avoid the problematic over-
interpretation of significant but minimal associations, which are becoming increas-
ingly common in large-scale studies of technology use outcomes (Ferguson 2009;
Orben and Przybylski 2019b)). In line with Ferguson, a correlation coefficient
SESOI of r = .10 (95% CI .099 to .101) was pre-registered. In other words, digital
technology use associations that explained less than 1% (i.e. r* < 0.01) of well-
being outcomes were judged, a priori, as being too modest in practical terms to

be worthy of extended scientific discussion.

3.3.2 Results

I. Correlations Between Retrospective Reports and Time-Use Diary Esti-
mates

The correlation between self-report digital technology use and time-use diary
measures of digital technology use was in line with the Irish data (r = .18 for

both weekdays and weekend days). This was higher and more consistent than what
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was observed in the US data, as the retrospective self-report response options in

the British and Irish data were of better quality.

II. Identifying Specifications

[ identified 66 specifications for the UK dataset (22 more than for Irish or US data)
because there were three different measures of psychological well-being, 11 digital

technology use measures and the decision whether to include control variables or not.

o Operationalizing adolescent well-being: Strength and Difficulties Questionnaire;
Short Mood and Feelings Questionnaire (Well-being), Rosenberg Self-Esteem
Scale

o Operationalizing digital technology use: Retrospective self-report measure;
Time-use diary measures (weekday and weekend separately: participation,
time spent, < 2 hours before bedtime, < 1 hour before bedtime, < 30 minutes
before bedtime)

e Which control variables to include: Either include control variables or not

III. Implementing Specifications

The specification results are plotted in the right panel of Figure 3.1. In contrast
to the exploratory analyses, both significant positive and negative associations
between digital technology use and well-being were in evidence. As was the case
for the exploratory data, retrospective self-report measures consistently showed the
most negative correlations. Digital technology use before bedtime measures showed

significant positive associations (k = 18) while not showing any negative associations.

IV. Statistical Inferences

Mirroring the approach used to analyse the exploratory datasets (see Table 3.4),
I found that there was a significant negative correlation between retrospective
self-report digital technology use and adolescent well-being (median § = -.08, p
< .001; # sig result = 4/6, p < .001). There was also a negative association of

time spent engaging with digital technologies on a weekday (median § = -.04, p
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Table 3.4: Results of the SCA bootstrapping tests for the UK Dataset. * Result where
both measures of significance (effect size and number of significant specifications in the
dominant direction) are p < 0.05

Median Point Estimate Sig. Results in Predominant Direction

Technology Measure beta p value number p value
Participation: Weekend 0.01 (-0.01, 0.02) 0.28 1 0.32
Participation: Weekday 0.02* (0.00, 0.04) 0.01* 2% 0.02%*
<2 hours: Weekend 0.04* (0.00, 0.03) 0.00* 4% 0.00*
<2 hours: Weekday 0.02 (0.00, 0.03) 0.01 1 0.27
<1 hour: Weekend 0.03* (0.02, 0.05) 0.00* 4* 0.00*
<1 hour: Weekday 0.02 (0.01, 0.04) 0.02 1 0.27
<30 minutes: Weekend 0.02* (0.00, 0.03) 0.01* 2% 0.01%
<30 minutes: Weekday 0.03* (0.02, 0.50) 0.00* 3* 0.00*
Time spent: Weekend 0.00 (-0.02, 0.01) 0.66 1 0.25
Time spent: Weekday -0.04* (-0.06, -0.02) 0.00%* 4* 0.00*
Self-report -0.08* (-0.10, -0.07) 0.00* 4* 0.00*

< .001; # sig result = 4/6, p < .001). There were, however, significant positive
associations for other time-use diary measures of digital technology use, including
participation with digital technologies on a weekday (median 8 = .02 p = .010; #
sig result = 2/6, p = .020), digital technology use 30 minutes before bedtime on a
weekday (median 5 = .03, p < .001; # sig result = 3/6, p < .001) and weekend
day (median 8 = .02, p = .010; # sig result = 2/6, p = .010), digital technology
use 1 hour before bedtime on a weekend (median § = .03, p < .001; # sig result
= 4/6, p < .001) and digital technology use 2 hours before bedtime on a weekend
(median § = .04, p < .001; # sig result = 4/6, p < .001).

Hypothesis 1: Retrospective self-reported digital technology use and
psychological well-being. Because I find that retrospective self-report digital
technology use significantly decreases adolescent well-being (median § = -.08 [-.10,
-.07], p < .001; # sig result = 4/6, p < .001), using a two-sided bootstrapped
test, my first hypothesis is supported (see Table 3.5). The median partial 2 value
(partial 72 = .008 [.006, .011]) is below my Smallest Effect Size of Interest (SESOI;
i.e., 7 = -.10) detailed in the preregistered analysis plan. It must, however, be noted

that the 95% confidence interval extends above the SESOI.
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Hypothesis 2: Time spent engaging with digital technologies and psy-
chological well-being. I examined general time spent engaging with digital
technologies, both on a weekend and weekday, using time-use diary measures and
one-sided bootstrapped tests. A significant negative association (median § = -.02
[-.04, -.01], p < .001; # sig result = 5/12, p < .001) was in evidence. The direction
and significance of this correlation was in line with the registered hypothesis, yet this
association was also smaller than the prespecified SESOI (partial % = .001 [.000,
.002]). Again, the 95% confidence interval of the effect size falls above the SESOL.

Hypothesis 3: Technology use 30 min before bedtime on a weekday and
psychological well-being. Results focusing on digital technology use 30 minutes
before bed, using a two-sided bootstrapped test, indicated that this hypothesis
was not confirmed (median 5 = .03 [.01, .05], p < .001; # sig result = 3/6, p <

.001), as the effect was in the opposite direction.

Hypothesis 4: Technology use 1 hour before bedtime on a weekday and
psychological well-being. Models examining the association of digital technol-
ogy use 1 hour before bedtime on a weekday found no effect in the hypothesized
negative direction (median § = .02 [.01, .04], p = .02; # sig result = 1/6, p =

.27), therefore not supporting the fourth hypothesis.

Hypothesis 5: Comparing models that do and do not account for con-
founding variables when testing the relation between digital technology
use and psychological well-being. Lastly, the effect of including controls in my
confirmatory models was evaluated. Figure 3.2 presents two different specification
curves, one including and one excluding controls. Visual inspection of the models
shows that those with controls exhibit less extreme negative associations. This
is supported by the difference in the median associations (controls r = .026, no
controls 7 = .001). A one-sided paired t-test comparing the correlation coefficients
found using specifications with controls to those found when not including controls

indicates a non-significant association (t3s = 0.26, p = .79). This result does not
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Table 3.5: Results of the SCA bootstrapping tests for confirmatory tests

Technology Significance Observed [95% Partial r squared p

Measure Measure CI] values [95% CI| value
Self-Report Effect Size -0.08 [-0.10, -0.07]  0.008 [0.006, 0.00
0.011]
Sig Results 4 0.00
Time Spent  Effect Size -0.02 [-0.04, -0.01]  0.001 [0.000, 0.00
0.002]
Sig Results 5 0.00
< 30 Minutes Effect Size 0.03 [0.01, 0.05] 0.001 [0.000, 0.00
Weekday 0.003]
Sig Results 3 0.00
< 1 Hour Effect Size  0.02 [0.01, 0.04]  0.001 [0.000, 0.02
Weekday 0.003]
Sig Results 1 0.27

support the hypothesis that correlations present when not including controls in

the model are more negative than when controls are included.

3.4 Discussion

Because technologies are inherently embedded in our social and professional lives,
research concerning digital technology use and its effects on adolescent well-being
is under increasingly intense scientific, public and policy scrutiny. It is therefore
essential that the psychological evidence contributing to the available literature be
of the highest possible standard. There are however considerable problems, ranging
from measurement issues, to lack of transparency, little confirmatory work and over-
interpretation of miniscule effect sizes (Orben and Przybylski 2019b). Only a few
studies regarding technology effects have used a preregistered confirmatory frame-
work (Elson and Przybylski 2017, McCarthy et al. [2016; Przybylski and Weinstein
2017); No large-scale cross-national work has tried to move away from retrospective
self-report measures to gauge time spent engaged with digital technologies, yet it
has been evident for years that such self-report measures are inherently problematic

(Scharkow 2016; Schwarz and Oyserman 2001)). Until these three facts are reconciled
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Figure 3.2: Results of the Specification Curve Analysis for the British data. The curve
shows the correlation between digital technology use and adolescent well-being, comparing
specifications including controls (teal) and no controls (purple).

in the literature, exploratory studies wholly dependent on retrospective accounts

will command an outsized share of public attention (Orben 2017)).

This chapter marks a novel contribution to the psychological study of technology
in a variety of ways. First, it introduces a new measurement of screen time,
implements rigorous and transparent approaches to statistical testing and explicitly
separates hypothesis generation from hypothesis testing. Given the practical and
reputational stakes for psychological science, I firmly argue that this methodological
framework should be the new baseline for those wanting to make scientific claims
about the effects of digital technology use on human behaviour, development,

and well-being.

Second, just like the second chapter, this chapter finds little substantive sta-
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tistically significant and negative associations between digital technology use and
well-being in adolescents. The most negative associations were found when both
self-reported technology use and well-being measures were used, which could be a
result of common method variance or noise found in such large-scale questionnaire
data. Where statistically significant, associations were smaller than my pre-
registered cut off for a practically significant effect, even though some 95% CI
crossed this pre-registered threshold. In other words, though there were some
small statistically significant negative associations, they fell below the prespecified
SESOI of a correlation coefficient of r = .10: Digital technology use explained
less than 1% of variance in adolescent well-being. This is in line with results
from previous research showing that the association between digital technology
use and wellbeing often falls below or near this threshold (Ferguson 2009; Orben
and Przybylski 2019b; Twenge, Joiner, et al. 2017; Twenge, Martin, et al. 2018).
I argue that these effects are therefore potentially too small to merit substantial

scientific discussion (Lakens, Scheel, et al. 2018]).

This supports previous research and the results of Chapter 2 which show that
there is a small significant negative association between technology use and well-
being, which — when compared to other activities in an adolescent’s life — is miniscule
(Orben and Przybylski 2019b). Whether smaller effects, even when extremely small,
are important, is up for debate, as technology use affects the large majority of
the population (Rose 2008). Yet this evidence can be interpreted against calls for

extreme approaches to decreasing adolescent technology use.

Third, this chapter was also one of the first pieces of research to examine
whether digital technology use before bedtime is especially detrimental to adolescent
psychological well-being. Public opinion seems to suggest that using digital
technologies immediately before bed should be more harmful for teens than screen
time spread throughout the day. My exploratory and confirmatory analyses provided
very mixed effects: Some were negative while others were positive or inconclusive.

This chapter therefore highlights that technology use before bedtime might not
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be inherently harmful to psychological well-being, even though this is a well-worn

idea in both media and public debates.

3.4.1 Limitations

While I aim to implement the best possible analyses of the research questions
posed in this paper, there are issues intrinsic to the data that need to be noted.
First, time-use diaries as a method for measuring technology use are not inherently
problem-free. It could be that the reflexive or brief uses of technology concurrent
with other activities are not properly recorded by this method. Likewise, I cannot
ensure that all days that were under analysis were representative. To address
both issues, one would need to holistically track technology use across multiple
devices over multiple days, though doing this with a population representative
cohort would be extremely resource intensive (Wilcockson et al. [2018). Second,
it is important to note that the time-use diary and well-being measures were not
collected on the same occasion. Because the well-being measures inquire about
feelings in general, instead of just about the feelings on the specific day of questioning,
the study assumed that the correlation between both measures still holds as it
reflects links between exemplar days and general experiences. Finally, it bears
mentioning that the study is correlational, and the directionality of effects cannot,

and should not, be inferred from the data.

3.5 Conclusion

Until they are displaced by a new technological innovation, digital technologies
will remain a fixture of human experience. Psychological science can provide
a powerful tool for quantifying the association between digital technology use
and adolescent well-being, yet it routinely fails to supply the robust, objective
and replicable evidence necessary to support its findings. As the influence of
psychological science on policy and public opinion increases, so must we raise our

standards of evidence. This chapter proposes and applies multiple methodological
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and analytical innovations to set a new standard for quality of psychological research
on digital contexts. Granular technology engagement metrics, large-scale data, using
specification curve analysis to generate hypotheses and preregistration for hypothesis
testing should form the basis of a future methodological framework (Wagenmakers,
Wetzels, et al. [2012). To retain the influence and trust we often take for granted
as a psychological research community, robust and transparent research practices

will need to become the norm — not the exception.
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Although concerns about adolescent social media use and its influence on life
satisfaction are mounting, our empirical understanding of the phenomenon is still
predominantly informed by cross-sectional research. Reliable inferences about longer-
term effects therefore remain elusive. This is the case, in part, because estimating
effects observed within the same person over time is inherently different than probing
differences in effects between people at one timepoint. Much of the current literature
erroneously infers the former using the latter. In this chapter I use large-scale
representative panel data to disentangle such between-person and within-person
effects. To this end I find negative cross-sectional associations between social media
use and life satisfaction and less consistent smaller reciprocal longitudinal relations.
Gender plays a decisive role in this dynamic, as there are only few significant cross-
sectional or longitudinal relations in adolescent boys. In contrast, in adolescent
girls there are small but statistically significant reciprocal within-person effects 1)
Increases in life satisfaction predict lower social media use one year later and 2)
Increases in social media use predict lower life satisfaction one year later. This
suggests that social media is not, in of itself, a robust predictor of life satisfaction
across the adolescent population. Instead, its effects are nuanced, reciprocal, and
contingent on analytic judgements made by researchers. Research therefore would
benefit from an increased focus on the motives and modes adolescent girls adopt when
using social media to fundamentally advance the understanding of social media’s

wider influence on the adolescent population.

4.1 Introduction

Does the increasing amount of time adolescents devote to social media negatively
affect their satisfaction with life? Set against the rapid pace of technological
innovation, this simple question has grown into a pressing concern for scientists,
caregivers, and policymakers. Research, however, has not kept pace (Bell et al.
2015; Valkenburg and Piotrowski 2017). Focussed on cross-sectional relations,
scientists have few means of parsing longitudinal effects from artefacts introduced

by common statistical modelling methodologies (Hamaker et al. 2015)). Furthermore,
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as seen in Chapter 2, the volume of data under analysis, paired with unchecked
analytical flexibility, enables selective research reporting, biasing the literature
towards finding statistically significant effects (Gelman and Loken 2014)). It is
important to note that, when compared to other factors affecting youth well-being,
the purported links between digital technology use and well-being are still extremely
small (Orben and Przybylski 2019a; Orben and Przybylski 2019b). Nevertheless,
these modest trends are routinely overinterpreted by those under increasing pressure
to rapidly craft evidence-based policies. This is especially the case for social media
effects, as social media use is increasingly being highlighted as the kind of digital
technology use which causes most concern in the broader population (House of
Commons Science and Technology Select Committee 2019). This chapter will

therefore focus exclusively on social media use.

Throughout this thesis, and in the scientific literature more generally, our
understanding of digital technology effects has been predominately shaped by
analyses of cross-sectional associations between technology or social media use
measures and self-reported adolescent outcomes. Highly-popular studies highlight
modest negative correlations (Twenge, Joiner, et al. 2017)), but many of their
conclusions are problematic (Ophir et al. |2019). It is not possible to assume
that any reported between-person associations — comparing different people at
the same timepoint — translate into within-person effects — tracking an individual,
and what affects them, over time (Hamaker et al. [2015)). Drawing this flawed
inference risks misinforming the public or changing policy on the basis of unsuitable
evidence. This chapter therefore uses improved longitudinal data and modelling
techniques to disentangle within- and between-person relations linking adolescent

social media use and life satisfaction.
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4.2 Methods
4.2.1 Datasets and Participants

To examine the diverse links between adolescent social media use and life satisfaction
I analysed an eight wave, large-scale, and nationally representative panel dataset
(UK Understanding Society, the UK Household Panel Survey, University of Essex,
Institute for Social and Economic Research [2018)). It entails 12,672 UK adolescents
between ten and fifteen years of age and was collected as part of an annual
longitudinal panel study sampling 40,000 households in the United Kingdom
(England, Scotland, Wales and Northern Ireland, University of Essex, Institute for
Social and Economic Research [2018). It is important to note that the number of
participants for any of the analyses run varied by age and whether full or imputed
data were used (range, n = 539 to 5,492; median, n = 1,699). The sample of
households consists of a General Population Sample, an Ethnic Minority Boost
Sample, a General Population Comparison sample, and samples previously included
in the predecessor of Understanding Society, the British Household Panel Survey.
Understanding Society data collection is typically done via face-to-face interview,
with trained interviewers visiting households personally.

The youth questionnaire is administered on paper and each adolescent member
of a sampled household is interviewed and re-interviewed every year until they
graduate into the adult survey at age 16. This study uses seven waves of collected
data from 2009 until 2017. The data collection takes place over a 24-month period
for each wave, so the annual waves overlap and I determine each wave from when it
was first collected. In total, the dataset includes 29,155 individual responses, with

each year having between 3,466 and 5,020 responses. Participants had a mean age

of 12.54 (s.d. = 1.69), and included 5,881 girls and 5,983 boys.

4.2.2 Ethical Review

The unique and extensive data collection is funded by the UK Economic and

Social Research Council and other governmental departments with ethical approval
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from the University of Essex Ethics Committee (provided in 2007, 2010, 2013,
2014, 2015 and 2016, Knies 2017). In particular the University of Essex Ethics
Committee approved all data collection on the Understanding Society main study
and innovation panel waves, including asking consent for all data linkages except
to health records. Requesting consent for health record linkage was approved
at Wave 1 by the National Research Ethics Service (NRES) Oxfordshire REC A
(08/H0604/124), at BHPS Wave 18 by the NRES Royal Free Hospital & Medical
School (08/H0720/60) and at Wave 4 by NRES Southampton REC A (11/SC/0274).
Approval for the collection of biosocial data by trained nurses in Waves 2 and 3 of the
main survey was obtained from the National Research Ethics Service (Understanding
Society — UK Household Longitudinal Study: A Biosocial Component, Oxfordshire
A REC, Reference: 10/H0604/2).

4.2.3 Measures

Adolescents and their caretakers filled out a variety of questionnaires in each wave,
some questionnaires were only completed on every second or third wave. For
the current chapter, I focus on those questionnaires completed by participants
in each wave, which included measures of life satisfaction and social media use.
The code for data recoding can be found in the detailed online documentation

(http://dx.doi.org/10.17605/0SF . 10/4XP3V).
Life Satisfaction

Life satisfaction was measured using six items. The response format was graphical:
Individual options were presented as either frowning or smiling faces; the lower
the number, the happier the face. The exact questions were as follows: “The next
few questions are about how you feel about different aspects of your life. The faces
express various types of feelings. Below each face is a number where 1 is completely
happy and 7 is not at all happy. Please tick the box which comes closest to expressing
how you feel about each of the following things: (a) Your school work?; (b) Your
appearance?; (c) Your family?; (d) Your friends?; (e) The school you go to?; (f)


http://dx.doi.org/10.17605/OSF.IO/4XP3V
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Which best describes how you feel about your life as a whole?”. 1 take the mean of
the six items to create another mean satisfaction measure and reverse the scale

so that a higher score denoted higher life satisfaction.

Social Media Use

The social media use variable was more complicated to code as there was a mistake
on the side of Understanding Society, who I found were inconsistent in how they
directed children through the study in different years. In total there were two
questions about social media use. One was dichotomous: “Do you have a social
media profile or account on any sites or apps?”, 1 = Yes, 2 = No. The other was a
5-point scale: “How many hours do you spend chatting or interacting with friends
through a social web-site like [bebo, facebook, myspace] on a normal school day?”, 1 =

none, 2 = less than an hour, 3 = 1-8 hours, 4 = 4-6 hours, and 5 = 7 or more hours.

In some waves of the study, children who recorded that they do not use social
media on the dichotomous measure were automatically coded as none on the 5-item
scale and sometimes this was not the case. As there was no perfect solution for
remedying this error on side of the Understanding Society team, I implemented a
recoding approach. If an adolescent said they do not own a social media account on
the dichotomous measure or they do not use social media to interact with friends
on the 5-item measure I coded them as scoring the lowest score of ‘1’, for the rest
of the participants I took their 5-item measure score that quantifies how much

time they spend interacting socially online.

Control Variables

As control variables, I included age, maternal employment (0 = unemployed, 1 =
employed), number of children of mother, maternal ethnic background (0 = white, 1
= non-white), socializing of mother with adolescent (“How often do you and your
[child /children] spend time together on leisure activities or outings outside the home
such as going to the park or zoo, going to the movies, sports or to have a picnic?”;

1 = never or rarely to 6 almost every day), support given by the family (“Do you
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feel supported by your family, that is the people who live with you?”; 1 = I feel
supported by my family in most or all of the things I do, 2 = I feel supported by
my family in some of the things I do, 3 = I do not feel supported by my family in
the things I do), and maternal depression (“How often have you felt downhearted

and depressed?”; 1 = none of the time to 5 all of the time).

4.2.4 Statistical Approach

This chapter combines Random Intercept Cross-Lagged Panel Models (Hamaker
et al. |2015) with the Specification Curve Analysis framework I adopted in the

previous two chapters (Simonsohn et al. [2015)).

Random Intercept Cross-Lagged Panel Models

Using Random Intercept Cross-Lagged Panel Models (RI-CLPM) on longitudinal
data I can distinguish between-person from within-person variance when quantifying
the relations between social media use and life satisfaction (Hamaker et al. |[2015)).
Differentiating these two sources of variance is important when wanting to investigate
true directional effects; it isn’t uncommon to find that between-person and within-
person relations are in opposite directions (Dietvorst et al. 2018). To illustrate this,
one can imagine investigating people’s typing speed and how this relates to the
number of typing errors they make. When comparing participants with one another
(i.e. at the between-person level), the relationship between typing speed and typing
errors is negative: Those participants who are more skilled and can type faster
also commit fewer mistakes. When examining each person individually (i.e. at the
within-person level), however, this relationship is positive: Typing faster leads to
more typing mistakes. This is also known as Simpson’s paradox (Kievit et al. |[2013;
Simpson (1951). Random intercept models provide a valuable statistical tool to
differentiate between such within- and between-person effects (Dienlin et al. 2018)).
Their increasing use in the literature has highlighted how traditional cross-lagged

panel approaches have often delivered false results (Dietvorst et al. [2018)).
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Figure 4.1: Random-Intercept Cross Lagged Panel Model

In this chapter, I specified a RI-CLPM as proposed by Hamaker and colleagues
(see Figure 4.1, 2015). I constrained longitudinal effects to be equal across all waves.
Doing so provides a measure of the effect of social media use on life satisfaction (and
vice versa) that is: (a) More robust (the information of several years are aggregated)
and, (b) More comprehensive (one single measure is produced). This procedure
builds on the assumption that the effect of social media use on life satisfaction is

time invariant, that it does not change from say year 2010 to 2012.

Furthermore, I examined how much variance in the outcome is due to between-
person differences versus within-person changes, as with too little variance a RI-
CLPM would be unsuitable to the data. Precisely, if there is no within-person
variance, there are no causal effects; likewise, if there is only within-person variance
or no between-person variance, one could simply run a regular Cross Lagged
Panel Model (CLPM). I therefore explicitly calculated the Intra Class Correlation

coefficients, which estimate how much variance is due to aggregation on the second
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level (i.e. in this case on the person level). I found that 30% of the variance in
social media use is due to between-person differences. As a result, it is important
to run CLPMs with random intercepts, to be able to partial out that variance. At
the same time, 70% of the variance in social media use results from within-person
changes, which leaves ample room for within-person effects. Similarly, depending
on the exact life satisfaction domain analysed, I find that 27-43% of variance is

due to between-person differences.
Specification Curve Analysis

The SCA approach in this chapter is composed of three analytical steps that provide
an analytic and conceptual frame for me to implement all theoretically defensible
analysis options, with the goal of exhaustively examining the research question
of interest. It is important to note that in contrast to the previous two chapters,
the RI-CLPMs chosen in this chapter do not allow for statistical testing of SCA
results (e.g. via permutation testing or bootstrapping), I therefore refrain from

including such statistical conjectures.

When determining what specifications to include in my SCA, I needed to consider
two major dimensions. The first dimension refers to content: For example, one
can control for different sociodemographic variables in statistical analyses. The
second dimension refers to methodology: For example, one can analyse the same
research question using either three waves of data, which would maximise the
number of participants, or five waves of data, which would increase the robustness
of the estimate. As one can deliberately confound SCAs by including defensible
but still unlikely or sub-par analyses, thereby diluting the effect, I have specifically
aimed to design equally defensible specifications, which all reach the gold-standard

of data analysis aspired to.

I implemented the following specifications in my SCA:

o Life satisfaction measure: 1 analysed either the mean of all life satisfaction
subdimensions (“mean satisfaction”) or the subdimensions individually (7

specifications)
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o Number of waves: I built my model either on data of all participants who had
successfully completed three, four or five subsequent waves (3 specifications)

o Control variables: 1 either included no control variables, each of the aforemen-
tioned control variables individually, or all control variables (9 specifications)

e Modelling: 1 either included MLR modelling treating the variables as continu-
ous or WLSMV modelling that does not assume normal distribution and is
therefore suited for modelling ordinal data (2 specifications)

o Missing data: 1 either used original data or imputed missing data using
predictive mean matching (2 specifications)

e Gender: 1 either examined males and females separately or all the data

together (3 specifications)

Overall, I ran 2,268 different specifications. Nonetheless, later in the chapter I
highlight a specific specification in detail (the Preferred Model) to interpret results
in more detail. The Preferred Model is the combination of analytical decisions that
I believe is the best approach to model the data because of the data’s characteristics,
and the methodological and theoretical literature. This allows me to compare effects
(e.g. examine gender differences) and highlight practical and statistical significance
in a simpler framework than when taking a whole SCA approach. While I still
present the range of results found in the complete SCA to provide information
about the effects’ variability in the light of analytical changes, I focus on a single
result in complicated parts of the paper. I do not use a Preferred Model in Chapter
2 and 3 as the analysis and interpretation of these pieces of research was simpler

and I did not compare effects across conditions like gender.

My Preferred Model uses the following analytical decisions I believe represent

the most robust ways of modelling the data:

1. T use data from participants who completed four waves: Examining only three
waves would be the absolute minimum necessary for our models (Hamaker
et al. 2015) and examining more would decrease participant numbers, thereby

reducing power
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Figure 4.2: Results of a Random-Intercept Cross Lagged Panel Model Specification
Curve Analysis relating social media use and life satisfaction. Left Panel: between-person
correlations. Middle Panel: within-person effects of social media use on life satisfaction.
Right Panel: within-person effects of life satisfaction on social media use. Each point on
the x-axis represents a different combination of analytical decisions (i.e. life satisfaction
domain, gender, number of waves, estimator, data imputation and control variables). The
dashboard depicts what gender and life satisfaction domain the specific combination of
analytical decisions analysed; the resulting 3 is shown in the plot above (red = p > 0.05,
black = p < 0.05). For graphics including all analytical decisions see Figure C.1-C.3

2. I include all relevant control variables
3. I use WLSMYV to account for ordinal scales
4. T implement predictive mean matching to impute missing data (Little 1988)

5. I consider female and male participants separately

4.2.5 Code Availability Statement

Intermediate analysis files and a live version of the analysis code can be found on

the Open Science Framework (http://dx.doi.org/10.17605/0SF.I0/4XP3V).

4.2.6 Data Availability Statement

The data that support the findings of this study are available from the UK Data

Service (Knies 2017).
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4.3 Results

I first examined between-person associations (Figure 4.2, Panel 1), addressing
the question: Do adolescents using more social media show different levels of life
satisfaction compared to adolescents using less? Across all operationalisations, the
median cross-sectional correlation was negative (¢ = -0.13), an effect judged as
small by behavioural scientists (J. Cohen |1992)). Next, I examined the within-person
effects of social media use on life satisfaction (Figure 4.2, Panel 2) and of life
satisfaction on social media use (Figure 4.2, Panel 3), asking the questions: Does an
adolescent using social media more than they do on average drive subsequent changes
in life satisfaction? and To what extent is the relation reciprocal? Both median
longitudinal effects were trivial in size (social media predicting life satisfaction:
= -0.05, life satisfaction predicting social media use: = -0.02). The number of

participants in each analysis can be found in Figures C.4-C.6.

When examining the range of possible specifications, the importance of gender
became apparent: Only 16% of significant models in all three panels arose from
male data. Across most models (Figure 4.2) the median between-person relation
and within-person effects appeared more negative for females, hinting that gender
plays an under-explored role in the influence of social media. I therefore conducted
a focused analysis of my Preferred Model informed by the extant social media effects

literature, statistical best practices, and the data characteristics.

Although some significant between-person correlations for both genders were in
evidence (Figure 4.3, Panel 1), males showed only two significant longitudinal within-
person effects: Social media predicted tenuous decreases in satisfaction with life
and mean satisfaction (unstandardised bs = -0.08 to -0.04; standardised fs = -0.07
to -0.05; Figure 4.3, Panel 2). For females, however, social media was a predictor
of slightly decreased life satisfaction across all domains excepting satisfaction with
appearance (unstandardised bs = -0.13 to -0.05; standardised s = -0.09 to -

0.04; Figure 4.3, Panel 2). Furthermore, all domains of life satisfaction, excepting
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Figure 4.3: Relation between life satisfaction and social media use in female (top)
and male adolescents (bottom). Left Panel: between-person correlations. Middle Panel:
within-person effects of social media use on life satisfaction. Right Panel: within-person
effects of life satisfaction on social media use. Small dots: results of each possible
combination of theoretically defensible analytical decisions. Large dots: results of the
Preferred Model (white = p > 0.05, black = p < 0.05). The life satisfaction categories
examined are satisfaction with school work (school work), satisfaction with school (school),
mean of the six life satisfaction items (mean), satisfaction with life (life), satisfaction
with friends (friends), satisfaction with family (family) and satisfaction with appearance
(appearance).

satisfaction with friends, predicted slightly reduced social media use (unstandardised

bs = -0.17 to -0.05; standardised s = -0.11 to -0.07; Figure 4.3, Panel 3).

4.4 Limitations

However, some caution is warranted: When comparing both genders the effects’
confidence intervals overlap, and the reduction in significant effects in males alone
is not evidence that the effects are substantial for females (Gelman and Stern
— especially as they are very small in size. Importantly, the yearly interval between

measurements in my dataset might not be optimal for testing reciprocal social
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media effects, underlining how no single study can capture the full causal picture.
I also highlight that, as detailed in Chapter 3, self-report measures only partially
reflect the objective time adolescents spend engaging with social media (Scharkow
2016)), yet they form the foundation of technological assessments included in the

best quality datasets informing vital research in this area today.

4.5 Conclusion

The relations linking social media use and life satisfaction are therefore more nuanced
than previously assumed: They are inconsistent, possibly contingent on gender, and
vary substantively depending on how the data are analysed. Most effects are tiny —
arguably trivial; where best statistical practices are followed, they are not significant
in more than half of models. Yet some effects are worthy of further exploration and
replication: There might be small reciprocal within-person effects in females, with
increases in life satisfaction predicting slightly lower social media use, and increases

in social media use predicting tenuous decreases in life satisfaction.

With the unknowns of social media effects still substantially outnumbering
the knowns, it is critical that independent scientists, policymakers, and industry
researchers cooperate more closely. Scientists must embrace circumspection, trans-
parency and robust ways of working that safeguard against bias and analytical
flexibility. Doing so will afford parents and policymakers with the reliable insights
they need on a topic most often characterized by unfounded media hype. Finally,
and most importantly, social media companies must support independent research
by sharing granular user engagement data and participating in large-scale team-
based open science. Only then will we truly unravel the complex constellations

of effects shaping young people in the digital age.
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Discussion

Digital technologies are progressively shaping the lives that we live, and their
power to do so will only increase in the foreseeable future. High quality scientific
evidence is necessary to understand how these changes will affect us and our society.
It would also ensure that critical stakeholders such as governments, regulators,
designers, programmers, parents and digital technology users are provided with the
information necessary to make informed decisions. Yet psychological research into
how these new technologies influence us has a uniquely short-term and problem-
based focus. It therefore lacks a methodological framework and proper quality
control mechanisms. It is apparent from studying past technology panics that
research in the area routinely fails to efficiently deliver answers to important and

divisive research questions (Grimes et al. 2008).

These issues impact the current panic about digital technologies and adolescent
well-being (Pew Research Centre [2018)). Research in the area is clearly stagnant:
something illustrated by the over 80 competing meta-analyses and systematic
reviews about digital technology use’s effect on psychological outcomes (Dickson
et al. 2018)). Yet the field remains popular. Large amounts of money and time
have been invested to support technology research (House of Commons Science and

Technology Select Committee 2019; Davies et al. 2019), and there is promise of more

1533
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funding to come. To date these investments have not engendered much research
progress. After a decade of investigation, academics are still debating the answers
to acutely simple and similar research questions, providing space for non-scientific
commentators to dominate a public conversation that is searching for answers (Bell
et al. [2015)). Throughout this thesis I have been uncovering why this is the case,

and what can be done to improve our approach to emergent technology research.

In this thesis’ introduction I addressed the political, societal and academic
factors that allow technology panics to repeatedly reincarnate and examined the
reasons behind the lacklustre research progress in the field. In a ‘Sisyphean cycle
of technology panics’ the lack of clear methodological and theoretical frameworks
forces new groups of scientists to build their research area from scratch for each novel
technology that gains popularity and needs to be considered. With the prospect
of technological innovation accelerating in future (Valkenburg and Piotrowski
2017)), psychology must provide better research at faster rates in order to play
a constructive role in addressing, questioning and probing our inherent concerns
about new technologies. If it fails to innovate, psychology might be left at the

side-lines, becoming a mere accomplice to current and future technology panics.

This thesis therefore set out to provide a gold-standard methodological framework
to guide research efforts in the area. It introduced novel approaches of interest
to both the specific research field (Scharkow 2019) and academia more broadly
(Nature 2019; Rai 2019)). In writing this thesis, I aimed to make research on
the psychological effects of digital technologies fit for purpose. The resulting
work has already contributed substantially to the current understanding of digital

technology and social media effects.

In this discussion, I will summarise these methodological improvements and
highlight what my research allows us to conclude about digital technology and social
media use’s influence on adolescent well-being. I will then move on to consider the
lack of a theoretical framework in the study of technology panics, and how this could
be addressed to truly break the Sisyphean cycle of technology panics. Proposing

improved approaches, this thesis therefore rewrites the broken rule-book currently
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guiding research addressing emergent technologies. This kind of synthesis, which
brings together improved methods and societally meaningful research questions,
presents a way forward for psychological study in the area. This innovation will
not only be of importance to academics, but also to funders, government officials

and media organisations: both now and in the future.

5.1 Overview of Results

This thesis introduced more transparent analytical methods, diverse measurement
and better data to the important and conflicting debate about adolescents and
their relationship with digital technology and social media. It therefore set a new
gold-standard for scientific evidence in the field and contributed to our current
understanding of technology effects. In all, I analysed six high-quality datasets from
the United Kingdom, Ireland and the United States to determine the extent to
which the previous reviews’ approximations of digital technology and social media

use’s associations with well-being of around r = -0.15 to r = -0.10 are accurate.

Chapter 2 introduced Specification Curve Analysis to improve the transparency
of data analysis in the area. Instead of reporting one analysis pathway, it instead
maps the results of all theoretically defensible analysis pathways available due to
the garden of forking paths (Gelman and Loken 2014). While this presents no
panacea for researcher degrees of freedom, it is a substantial improvement. Applied
across three datasets, I found a wide range of possible associations between digital
technology use and well-being. Researchers could have written thousands of different
scientific articles about digital technology use and well-being using the same dataset,
showing anything from overarchingly negative to substantially positive relations. In
the three different datasets examined, the median correlations found linking well-
being and digital technology use ranged from r = -0.04 to r = -0.01. The relations
became less negative if only specifications with control variables were included. To
put the effect sizes into perspective, I created and applied a new method called

comparison specifications which contrasts the association between digital technology
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use and well-being to the associations of other activities with well-being. I found
that wearing glasses was 1.45 times more negatively associated with adolescent
well-being than digital technology use, demonstrating that the associations reported
were exceedingly small. This conclusion was supported by other comparisons with

activities such as eating potatoes or attributes such as height.

To provide a more transparent overview of effects I also focused on measurement.
Chapter 3 diversified the measurements of digital technology use currently found
in large-scale scientific work by including both time-use diary and retrospective
measures of the activity. These measures did not correlate to a great degree, giving
further weight to the concerns that the quality of measurement in the area is low
(Scharkow 2016)). To examine the relation between digital technology use and
well-being, Chapter 3 applied the same Specification Curve Analysis framework as
Chapter 2, but also explicitly differentiated between exploratory and confirmatory
tests. The study was one of the first to examine digital technology use before
bed-time and its association with well-being. The inconclusive evidence found
for such a link, highlighted how removed some of the public debate is from the

current state of scientific evidence.

Adolescent well-being was most negatively correlated with the retrospective
digital technology use measures routinely used throughout the research area (r
= -0.15 to r = 0.01). Like in Chapter 2, the range of correlations found neared
zero (and even found positive relations in some of the datasets examined), and
the most negative median correlation was close to the correlations reported in
previous systematic reviews. Yet examining other measures of digital technology
use provided different results. Well-being was less correlated with total time spent
engaging with digital technologies, a measure calculated by summing the time on
digital technologies reported in the time-use diaries, both on weekdays (7 = -0.06
to r = -0.01) and weekends (r = 0.00 to r = 0.06).

Chapter 4 conceptually replicated and extended the inquiry pursued in previ-
ous chapters by differentiating within- and between-person relations through the

analysis of a multi-wave longitudinal dataset. This allowed me to focus on the
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potential bidirectionality of social media effects. The cross-sectional between-person
association between social media use and life satisfaction was r = -0.13. This effect
size was in line with results of previous reviews, which predominantly synthesised
cross-sectional evidence. Such evidence however cannot provide an indication about
whether a person increasing or decreasing their social media use will experience
changes in well-being in the long-term. Chapter 4 provided evidence that such
within-person longitudinal effects are much smaller than their between-person cross-
sectional counterparts. An increase in a participant’s social media use in one year,
compared to their own average, predicted a small decrease in their life satisfaction
one year later (5 = -0.05). A decrease in a person’s life satisfaction in one year,
compared to their own average, predicted an increase in social media use one year
later (8 = -0.02). Yet the effects are small, and the inclusion of control variables
decreased the effect sizes found. The study also highlighted a possible gender

difference, with girls showing more significant specifications than boys.

5.2 Overestimation

This thesis’ research therefore provided evidence that previous studies possibly
overestimated the association between digital technology use and well-being. Firstly,
the cross-sectional relations found when averaging the results of Specification Curve
Analyses were smaller than those summarised by previous review papers. While
review paper estimates of the association were routinely in the range of r = -0.15
to r = -0.10, my studies found effect sizes around about r = -0.10 to r = -0.05.
In other words, the strength of the association I found linking technology use to
well-being outcomes using rigorous methodological approaches was roughly one
third smaller than the size suggested by the literature. These differences could
be due to the more transparent analytical practices used; especially as previous
papers have been shown to implement certain analytical decisions that result in a
larger than average effect of interest (Twenge, Joiner, et al. [2017). Such exhibits
of biased practices also discredit the argument that the effect sizes found using

Specification Curve Analysis were only less negative because ‘worse’ analytical
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practices were used. The results found in my thesis therefore question whether
systematic reviews and meta-analyses really provide the best quality evidence in

the area: they are only as good as the sum of their parts.

Secondly, Chapter 3 showed that retrospective measures of digital technology
use are more negatively correlated with well-being than other measures devised
from time-use diaries. The vast majority of the current research relies solely on
such retrospective self-report measures, and if they do overestimate associations,
this would create a systematic bias in the literature. It is necessary to note here,
however, that time-use diaries have not undergone validation as a measure of digital
technology use. This should however not quiet concerns about the field’s current
over-reliance on a single type of digital technology measure that has routinely
been shown to be biased (Wilcockson et al. [2018]). As these measures might also
be overestimating the negative associations between digital technology use and
well-being, my thesis highlighted the immediate need for the research field to

improve its measurement approaches.

Finally, in Chapter 4, I found that the between-person cross-sectional relations
between social media use and life satisfaction were more negative than the within-
person longitudinal effects of social media use on life satisfaction and vice versa.
Again, as most evidence in the area is based on cross-sectional data, this indicates
that past work could have overestimated the link between social media use and
well-being outcomes. Furthermore, taking into account the bidirectionality of
effects in psychological research is crucial (Kievit et al. 2013), especially as the
use of observational data does not allow for a clear differentiation of cause and
effect (Rosenbaum 2017)). Current cross-sectional results, which can only tell us
about between-person relations, are often incorrectly interpreted in a longitudinal
framework, misleading large proportions of the literature and the public. With
psychology increasingly moving towards the use of random-intercept models that
can differentiate within- and between-person effects, research on technologies should

adopt such methodological innovations rapidly to improve its inferences.
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5.3 Interpretation

Taken as a whole, the results derived from the investigations detailed in this thesis
suggest that previous systematic reviews overestimated the negative association
between digital technology use and adolescent well-being. The associations found in
this thesis hint at a smaller negative correlation, which nears zero insofar as high-
quality control variables are included or when within-person effects are examined.
This raises two questions: 1) is this small association obtaining an outsized share of
public attention? and 2) is the size of the association proof that we do not have to

worry about new technologies like social media affecting teenagers?

The first question is more difficult to answer. While I used various methods to
examine whether a statistically significant effect was practically significant, judging
what effect sizes are important is still fraught with difficulty. While comparison
specifications (Chapter 2), Smallest Effect Sizes of Interest (Lakens, Scheel, et al.
2018, Chapter 3) and traditionally used cut-offs (J. Cohen 1992, Chapter 4) supplied
three windows into interpreting the importance of various effects, they could not
provide the whole picture. Furthermore, the picture was not overarchingly clear
(Funder and Ozer 2019)). While I found that wearing glasses was more negatively
associated with well-being than digital technology use in Chapter 2, the same
data found that activities like smoking marijuana were only 1.14 times more
negatively associated with well-being than digital technology use as well. It is
inherently difficult to specify what effect sizes are important, and there is still
no universally agreed method to approach this issue. If a whole population is
affected, should we care about a tiny effect (Rose |2008)? Policy and behavioural
change are costly and time consuming, so should we not focus on those effects

that are most substantial (Ferguson 2009)7

As little work has been done in the area, my approaches are open to criticism
and conflicting interpretations. Further research could help provide the necessary
guidance to judge the effect sizes found. For example, one method to determine a

smallest effect size of interest might be to examine the smallest possible difference in
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the outcome that participants would notice (Bauer-Staeb et al. 2019). For example,
I could implement such a method for the median effects found analysing the MCS
dataset in Chapter 3, assuming that well-being needs to decrease by 0.50 standard
deviations for participants to take note. Adolescents who reported using technology
would need to report 63 hours and 31 minutes more technology use a day in their
time-use diaries to perceive such a decrease. The above calculation is based on the
median of calculated effect sizes, however, if we only consider the specification with
the maximum effect size, the time an adolescent needs to spend on technology to
experience the relevant decline in well-being decreases to 11 hours and 14 minutes.
The 0.50 standard deviation in change is often referenced as a cutoff for those effects
that participants would become subjectively aware of (G. A. Miller [1956; Norman
et al. 2003). Yet it has not been directly tested on the questionnaires and populations
used in this study. Furthermore, it is still up for debate whether smaller effects,
even when not noticeable, are still important because digital technology is used by a
large majority of the population (Rose 2008). Such problems are evident throughout
psychology, as multiple efforts are currently being made to help researchers when
choosing smallest effect sizes of interest (Anvari and Lakens 2019)), interpreting

effects sizes (Funder and Ozer 2019)) and visualizing their effects (Ho et al. [2019).

Whether the effect sizes found are practically significant or not, this thesis does
not provide evidence that adolescents are not affected by digital technology or
social media use. Instead, it highlights that when all uses of digital technology
and all adolescent users are averaged across a large population there is little to no
relation between digital technology use, social media use and long-term well-being
outcomes. Yet, as seen in Chapter 4, that does not preclude that there isn’t a
certain subset of adolescents that are affected — either positively or negatively —
by digital technology and social media use. The research area therefore needs to
invest more time into researching individual differences, highlighting those that
are most affected by digital technologies, instead of trying to average across a very
diverse pool of adolescents. Preliminary research has highlighted, for example, that

the negative effects of digital technology use on psychological well-being might be
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greatest for those adolescents least privileged in society (Odgers 2018) or adolescent
girls (Twenge, Joiner, et al. 2017). Furthermore, there might be certain uses of
technology that are more harmful than others (Burke, Marlow, et al. |2010)), so
averaging across all types of digital technology or social media use might hide such
effects. This can only be addressed once detailed trace data stored by technology
companies become accessible to academics, something discussed further in the
next section. This thesis therefore provides the necessary transparent and robust
evidence to show that the relation between time spent using digital technologies and
adolescent well-being is smaller than previously expected, and that the research field
needs to redirect its research questions to find more coherent results. In particular,
research should start taking into account the complex interplay of risk factors,

technology uses and individual differences that makes each adolescent unique.

5.4 Other Limitations

It is important to acknowledge some further limitations of the work presented in this
thesis before examining potential next steps. While most substantial limitations were

noted throughout the last chapters, I would like to refocus attention on measurement.

How to quantify concepts represents an enduring problem to the psychological
discipline. This thesis utilized high-quality secondary datasets that enabled me to
make more robust inferences without having to find the millions of pounds required
to collect the necessary data (Understanding Society [2018). Yet the nature of
secondary data meant that some measures were not harmonized across datasets,
even when impressive amounts of harmonization were achieved in cases like the
time use diaries analysed in Chapter 3. The digital technology use measures were
the most diverse. They queried different technology uses, over different time frames,
and in different years, while technology could have developed or changed in the
meantime. Previous reviews have however used similar data to make overarching
observations about emergent technologies (Dickson et al. 2018), and the aim of

this thesis was to do the same. I therefore decided to strike a balance by using the
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best quality secondary data available but acknowledging the need to exert care in

generalizing between the variety of technology measures present.

The nature of measurements available was also a limiting factor in my research.
While Chapter 3 introduced more diverse procedures to address the low-quality of
technology use measures available in the area, this thesis still predominantly relied
on self-report questionnaires to measure digital technology use. Such measures are
known to have inherent limitations and biases (Andrews et al. 2015; Wilcockson
et al. 2018). Furthermore, they constrain the research questions that I was able to
ask; limiting my investigation to examining time spent using digital technologies.
This puts questions about specific uses of digital technologies out of the scope of this
thesis, even though they represent promising avenues for research. My colleagues
and I have therefore called for more collaboration between researchers, policy makers
and technology companies throughout my doctorate. Such collaborations would
need to be preceded by an in-depth discussion with diverse stakeholders about
the ethics and transparency of digital technology trace data sharing. Once agreed
and accessed, however, such resources would allow academics to answer crucial

research questions still untouched by the scientific field.

Lastly, I note throughout this thesis that high quality control variables are
important and lessen the negative associations found between digital technology
use and well-being. The inclusion of such control variables allowed me to account
for an adolescent’s environment, to ultimately determine a more direct relationship
between digital technology use and well-being. This is because environmental
factors can affect both variables of interest. Research has shown that disadvantaged
teenagers use more digital technology (Pew Research Centre 2018) and also that
they score worse on well-being questionnaires (The Children’s Society [2018). We
would therefore expect a negative correlation between digital technology use and
well-being even without any underlying causal structure linking the two (Odgers
2018). Moving forward, improved experimental and causal modelling approaches
will be necessary to further understand this relationship (Pearl and Mackenzie

2018). While backed up by evidence, some of the control variables I used can be
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disagreed upon, for example adolescents’ closeness to the primary caretaker or
the time the primary caretaker spends with the adolescent. With little theory to
inform control variable inclusion, such variables can either be seen as important
third-factors that are necessary to control for or outcomes that if controlled for
will confound results. Currently my solution is transparency: I report both the
results with and without controls and provide the code and materials necessary
for researchers to repeat and alter my analyses. My methods and approaches
therefore try to address the limitations I have detailed throughout this thesis, but
many of those limitations represent problems in the psychological discipline that

still need to be addressed more broadly.

5.5 Next Steps

While this thesis does much to increase the efficiency and transparency of research
into emergent technologies, it does not provide a solution, in and of itself, to fully
disrupt the continuous Sisyphean cycle of technology panics. The cycle is fuelled by
more than researcher degrees of freedom and publication biases. For this reason,
the solution requires more than improved methodological frameworks. Academics
have little power to change the governmental or scientific system, so ideas around
reforming political and academic incentives are out of the scope of this thesis. The
development of better theories and theoretical approaches could also lessen the
impact of the Sisyphean cycle of technology panics. A strong theoretical base
would make it possible to integrate research on older technologies into more current
research considering recent technological developments. New technologies would
challenge previous theories, requiring them to be revised but not replaced with
a whole new theoretical framework. It would be a momentous task, however, to
reverse-engineer a complete theoretical framework for an established research area.
Furthermore, as research into technological innovations is mainly funded to solve
a concrete practical problem, such a long-term theoretical task will be difficult to

find the necessary political and academic backing for (Grimes et al. 2008).
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Another more viable approach is to streamline and focus current psychological
research from the outset, so that the work done to investigate emergent technologies
has enough nuance to provide cohesive and replicable outcomes. Such a framework
for technology research would ensure that work is produced at the highest possible
standard and that the research area learns from the issues that have plagued it
in the past. It would allow research to provide the robust raw empirical insights
needed to develop meaningful theory and build a more cohesive field, focusing on the
depth and not the breadth of claims (Kaelin Jr 2017). With a more detailed focus,
it would also open up opportunities to develop new methodological approaches to
promote triangulation, a process that could substantially improve inferences in the
area (Munafo and Davey Smith 2018). The creation of such a framework would
be an initiative worthy of large-scale collaboration, and could in time attract the

attention of funders, media organisations and governments.

I have spent the last year of my DPhil reflecting on what form such a frame-
work could take. I will detail a preliminary version of such a framework below.
My UnITED framework for technology research outlines aspects that should be
considered in all future research and funding applications investigating emergent
technologies. It therefore also provides an outline for what research should be

conducted next to address the concerns about digital technologies and social media.

5.5.1 The UnITED Framework of Technology Research

Research on emergent technologies should consider the following factors:

1. Unique use: Research should not investigate the effects of a technology as
a whole (e.g. digital technology use or social media use) but should focus
instead on a unique use that sets the specific technology of interest apart.
It should also consider the mechanisms necessary for this unique use to
affect the outcome of interest. For example, if interested in social media
use’s effect on well-being, research should focus on an aspect or feature of

social media use that makes it unique (for example, the non-direct nature of
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communication, Altman and Taylor 1973). Furthermore, if using a theory like
the displacement hypothesis to explain a possible mechanism linking social
media use and decreased well-being, research needs to consider what activity

social media use can be displacing.

2. Individual: Research should specify a specific population when making claims
about emergent technology effects. Furthermore, the work should clearly
demarcate whether it is examining within-person or between-person effects.
In the process, the researcher should highlight how they attempted to control
for other individual factors that could affect both the technology use measure

and the outcome of interest.

3. Time frame: In a longitudinal study, the time frame of the effects measured
should be specified and the theoretical impact should be discussed. A study
should clearly communicate whether, for example, it examined the changes
predicted by social media one minute after use, rather than one year after use,

and why such a time scale is theoretically plausible.

4. Effect size: The study should report the size of the effect or association
that it investigated and provide an interpretation of what the size means for
stakeholders. The key question is: statistical significance aside, why should
I believe this effect is important? While this thesis used frameworks like
comparison specifications or smallest effect sizes of interest, there are multiple

other approaches to providing such information.

5. Direction: Cross-sectional studies on emergent technologies should acknowl-
edge that media effects are inherently bidirectional, and that correlational work
is unable to decipher which direction the effects of interest are in. Longitudinal
work should interpret and highlight the bidirectional paths of the effects of

interest.

If implemented, this framework could improve the quality of research and

substantiate the depth of understanding about social media and digital technology
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effects. The UnITED framework sets out areas that need to be addressed to
ultimately promote the production of robust evidence capable of influencing and
informing academia, the public and policy. The framework is not the only component
that needs to change to stop the Sisyphean cycle of technology panics, but its
implementation would add another dimension to research done in the area. Paired
with a widespread adoption of the methodological framework presented in this
thesis, it has the potential to support a more critical and scientific probing of
technology effects in the psychological discipline. This would move psychology
away from being an accomplice of technology panics and allow it to become an
integral scientific actor that provides debates about emerging technologies with

robust and improved scientific evidence.

5.6 Conclusion

Science’s aim is ultimately to find truth. Researchers are expected to do their best
to understand complexity and they are expected to sort the meaningful signals of
nature from the background of statistical noise. Ever too often, the psychological
study of emergent technologies loses sight of this ultimate goal. There are biases and
inclinations that all humans share, which make us cautious about new technologies
and their potential to change society. There are opportunities to sell books, give
talks, be seen and heard, not just by academia but by society as a whole. There is
a need for researchers to sustain themselves in a time of scientific industrialisation
and increasing precariousness. The lack of a methodological framework in this
research area — created on the basis of a societal problem, not a scientific theory
— means there is little support and structure in place. Scientific progress is slow,
and the research output produced is routinely conflicting. This makes providing
clear advice to policy and the public difficult. There is however little impetus for
the field to reflect about its own methodology and the apparent problems with
it. Yet “the first principle [of science] is that you must not fool yourself — and

you are the easiest person to fool” (Feynman [1974).
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To not fool ourselves, and to ensure that psychology does not become an
accomplice to a never-ending Sisyphean cycle of technology panics, the research area
has to recognise the need for change. Psychology’s credibility and reproducibility
revolution has established multiple methodological improvements that are applied
and developed in this thesis to make research more efficient and transparent. This
improved methodological framework can advance the way we investigate emergent
technologies. Through their transparency and openness, the studies presented in this
thesis have progressed our understanding about adolescents and digital technologies,
having already informed and shaped policy proposals (House of Commons Science
and Technology Select Committee 2019; Davies et al. 2019). Yet their focus on
presenting a new gold-standard approach to the research area could prove even
more impactful. If adapted further, a revised methodological framework for the
discipline could empower psychology to steer predictable public concerns about

emergent technologies into a more productive and evidence-based future.
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Figure A.1:

Own Computer A

Hours of Social Media Use 1
Mean Technology 1
Weekday Electronic Games 1
Use Internet at Home 1
Weekday TV 1

SDQ Emotional Symptoms 1
SDQ Hyperactivity 1
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Specification Curve Analysis of MCS examining net effects across

prespecified well-being subscales. The red squares indicate specifications that were
non-significant, while the black squares represent specifications that were significant. The
error bars represent the Standard Error. The dotted line indicates the median regression
coefficient present in the SCA and is included to ease interpretation of the analysis.
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Figure A.2: Number of observations (participants) for each specification analysed in
the YRBS SCA. Red dots indicate when the specification was non-significant, while black
dots show significant specifications.
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Figure A.3: Number of observations (participants) for each specification analysed in
the MTF SCA. Red dots indicate when the specification was non-significant, while black
dots show significant specifications.
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Figure A.4: Number of observations (participants) for each specification analysed in
the MCS SCA. Red dots indicate when the specification was non-significant, while black
dots show significant specifications.
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Figure A.5: Specification Curve Analysis of MTF, also including the few specifications
that included technology use items that were only asked in conjunction with a one-item
happiness question. This subset of questions was excluded from the analyses in the main
text to simplify the graphical representations and enhance comprehensibility. The red
areas indicate specifications that were non-significant, while the black areas represent
specifications that were significant. The error bars show the Standard Error. The dotted
line indicates the median Regression Coefficient present in the SCA, and is included to
ease interpretation of the analysis.
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Table B.1: Significance Tests for Growing up in Ireland: the number of results in the
dominant direction for the original SCAs and the corresponding p value of the significant
test.

Technology Measure # results in dominant p value

direction

Self-Report 4 0.13
Participation 3 0.68
(Weekday)

Participation 4 0.11
(Weekend)

Time Spent 4 0.13
(Weekday)

Time Spent 4 0.13
(Weekend)

< 30 min (Weekday) 4 0.13
< 30 min (Weekend) 4 0.12
< 1 hour (Weekday) 2 1.00
< 1 hour (Weekend) 2 1.00
< 2 hours (Weekday) 2 1.00
< 2 hours (Weekend) 2 1.00
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Table B.2: Significance Tests for the Panel Study of Income Dynamics: the number of
results in the dominant direction for the original SCAs and the corresponding p value of
the significant test.

Technology Measure # results in dominant p value

direction

Self-Report 2 1.00
Participation 3 0.63
(Weekday)

Participation 2 1.00
(Weekend)

Time Spent 4 0.14
(Weekday)

Time Spent 3 0.63
(Weekend)

< 30 min (Weekday) 2 1.00
< 30 min (Weekend) 4 0.12
< 1 hour (Weekday) 2 1.00
< 1 hour (Weekend) 4 0.11
< 2 hours (Weekday) 4 0.13
< 2 hours (Weekend) 4 0.12
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Table B.3: Significance Tests for the Millennium Cohort Study: the number of results
in the dominant direction for the original SCAs and the corresponding p value of the
significant test.

Technology Measure  # results in dominant p value

direction

Self-Report 5 0.24
Participation 6 0.03
(Weekday)

Participation 4 0.73
(Weekend)

Time Spent 6 0.04
(Weekday)

Time Spent 4 0.67
(Weekend)

< 30 min (Weekday) 5 0.23
< 30 min (Weekend) 4 0.73
< 1 hour (Weekday) 5 0.21
< 1 hour (Weekend) 5 0.21
< 2 hours (Weekday) 6 0.03
< 2 hours (Weekend) 5 0.23

Table B.4: Significance Tests for the confirmatory hypotheses: the number of results
in the dominant direction for the original SCAs and the corresponding p value of the
significant test.

Measure # results in dominant p value
direction

Self-Report 5/6 0.24

Time Spent 5/6 0.04

< 30 Minutes on 5/6 0.23

Weekday

< 1 Hour on Weekday 5/6 0.21
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1. Between-Person Correlation
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Figure C.1: Between-Person Correlations: Results of a Random-Intercept Cross Lagged
Panel Model Specification Curve Analysis relating social media use and life satisfaction.
Each point on the x-axis represents a different combination of analytical decisions (i.e.
life satisfaction domain, gender, number of waves, estimator, data imputation and control
variables). The dashboard shows all the analytical decisions.
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2. Predictor: Social Media Use
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Figure C.2: Within-Person Effect of Social Media Use predicting Well-Being: Results
of a Random-Intercept Cross Lagged Panel Model Specification Curve Analysis relating
social media use and life satisfaction. Each point on the x-axis represents a different
combination of analytical decisions (i.e. life satisfaction domain, gender, number of waves,
estimator, data imputation and control variables). The dashboard shows all the analytical
decisions.
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3. Predictor: Life Satisfaction
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Figure C.3: Within-Person Effect of Well-Being predicting Social Media Use: Results
of a Random-Intercept Cross Lagged Panel Model Specification Curve Analysis relating
social media use and life satisfaction. Each point on the x-axis represents a different
combination of analytical decisions (i.e. life satisfaction domain, gender, number of waves,
estimator, data imputation and control variables). The dashboard shows all the analytical
decisions.
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Figure C.4: Number of observations (participants) for each specification analysed in
the Random Intercept Cross Lagged Panel Model. This graph shows the between-person
correlation. Red dots indicate when the specification was non-significant, while black dots
show significant specifications.
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Figure C.5: Number of observations (participants) for each specification analysed in
the Random Intercept Cross Lagged Panel Model. This graph shows the within-person
effect of social media use predicting well-being. Red dots indicate when the specification
was non-significant, while black dots show significant specifications.
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Figure C.6: Number of observations (participants) for each specification analysed in
the Random Intercept Cross Lagged Panel Model. This graph shows the within-person
effect of well-being predicting social media use. Red dots indicate when the specification
was non-significant, while black dots show significant specifications.
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