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We recently introduced a new, unified approach to investigate the effects of social me-
dia use on well-being. Using experience sampling methods among sizeable samples of
respondents, our unified approach combines the strengths of nomothetic methods of
analysis (e.g., mean comparisons, regression models), which are suited to understand
group averages and generalize to populations, with idiographic methods of analysis
(e.g., N=1 time series analyses), which are suitable to assess the effects of social me-
dia use on each single person (i.e., person-specific effects). Our approach challenges
existing knowledge of media effects based on the nomothetic-only approach. As with
many innovations, our approach has raised questions. In this article, we discuss our
experience with our unified media effects approach that we have been building since
2018. We will explain what our approach exactly entails and what it requires. For
example, how many observations are needed per person? Which methods did we em-
ploy to assess the meaningfulness of variation around average effects? How can we
generalize our findings to our target populations? And how can our person-specific
results aid policy decisions? Finally, we hope to answer questions of colleagues who

are interested in replicating, extending, or building on our work.
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In (social) media effects research, different categories
of questions are sought to be answered. Some stud-
ies investigate how frequent media users differ from
less frequent users in certain outcomes (e.g., using
mean comparisons, regression models), with the goal
to generalize their results to a target population. This
approach has been named a “nomothetic approach”
(Robinson, 2011). Other studies, based on an “idio-
graphic approach” try to uncover if and how media use
leads to changes within single individuals. While early
idiographic approaches typically relied on qualitative
observations or interviews, contemporary idiographic
studies also employ quantitative designs, in which they
rely on multiple data points within individuals across
time, collected with, for example experience sampling
methodology (ESM) studies, daily diaries, or within-
subject experiments (Bolger et al., 2019; Conner et al.,
2007, 2009).

In the past decade, a growing group of methodolo-
gists has proposed to unite the subtlety and specificity of
idiographic analyses with the goal of nomothetic infer-
ence (Bolger et al., 2019; McNeish & Hamaker, 2020;
Molenaar, 2004; Molenaar & Campbell, 2009; Nessel-
roade & Molenaar, 2010; Voelkle et al., 2014). Inspired
by this methodological work, we saw opportunities to

adopt their unified approach to study media effects,
in particular, the effects of social media use on well-
being, or indicators of well-being, such as self-esteem
and friendship closeness (Beyens et al., 2021; Pouwels
et al., 2021; Valkenburg, Beyens, Pouwels, et al., 2022;
Valkenburg, Pouwels, et al., 2021). Our new approach
thus combines the strengths of a nomothetic approach
(e.g., representative samples, generalization to target
populations) with those of an idiographic or person-
specific approach (focus on unique within-person pro-
cesses of single participants).

As of 2018, we have investigated to what extent the
small average effects of social media use on well-being
that are typically found in empirical studies (Jensen et
al., 2019; Orben & Przybylski, 2019) and meta-analyses
(Liu et al., 2019; Yin et al., 2019) apply to different
adolescents. Based on the differential susceptibility to
media effects model (Valkenburg & Peter, 2013) and
anecdotal evidence that points at large media effects for
some individuals (Lang, 2011; McGuire, 1986; Valken-
burg et al., 2016), we investigated for how many ado-
lescents the average small effects of social media use
on well-being actually apply and for how many not. In
addition, we aimed to explain why such potential differ-
ences in susceptibility to these effects exist by including
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moderators in our analytical models.

In a series of ESM studies with 100+ within-person
assessments per person among representative samples
of adolescents, we found striking differences in the
person-specific effects of social media use on well-
being, self-esteem, distraction, and friendship closeness.
And although for most adolescents the within-person
effects of social media use on well-being were non-
existent to small, for a small subgroup these effects were
moderately to strongly negative (e.g., 8§ < -.30) and
for another small subgroup these were moderately to
strongly positive (e.g., 8 > .30). These differences in
person-specific effect sizes applied to both self-reports
and digital trace data of social media use (Verbeij et
al.,, 2022) and could be partly explained by modera-
tors, such as self-esteem instability, peer approval con-
tingency, and social media use-induced envy and en-
joyment (Valkenburg, Beyens, Pouwels, et al., 2022;
Valkenburg, Pouwels, et al., 2021).

Our focus on how media effects operate within in-
dividuals, and how this varies across these individu-
als has linkages to developments in several other dis-
ciplines. For instance, in the experimental research tra-
dition in psychology, our unified idiographic/nomoth-
etic approach has been named an effect heterogeneity
approach (Bolger et al., 2019; Bryan et al., 2021). An
effect heterogeneity approach aims to uncover and ex-
plain how within-person responses to stimuli or exper-
imental treatments differ across individuals. The effect
heterogeneity approach is rapidly gaining prominence
in many disciplines, ranging from personality psychol-
ogy, health psychology, and developmental psychology
to neuroscience and communication science (Aalbers
et al., 2021; Bolger et al., 2019; Bryan et al., 2021;
Howard & Hoffman, 2018; Rose et al., 2013).

Aims of the Article

One aim of the current article is to answer potential
questions of colleagues who consider adopting, extend-
ing, or building on our approach. Another aim is to take
away the concerns about our approach raised by Jo-
hannes et al. (2024) in this volume of Meta-Psychology.
In the remainder of this article, we describe our expe-
riences with a unified media effects approach that we
have built as of 2018. We will explain what such a uni-
fied approach exactly entails and what it requires. For
example, how many observations are needed per per-
son? Which methods did we use to assess the meaning-
fulness of variation around average effects? How can
we generalize our findings to our target populations?
And how can person-specific results aid policy decisions
or inform practitioners?

Nomothetic, Group-Differential, and Idiographic
Approaches in Media Effects

Our unified media effects approach unifies three
common research approaches: nomothetic, group-
differential, and idiographic (Lerner & Lerner, 2019).
Since the second half of the 20th century, media effects
research has been dominated by a nomothetic approach
(Valkenburg et al., 2023). This approach is tradition-
ally associated with between-person methods of analy-
ses, such as mean comparisons, correlations, and regres-
sion models. Between-person methods try to establish,
for example, whether individuals who use social media
more often are worse off compared to others who use
social media less often.

However, in the past years, media effects research
has progressively embraced another type of nomothetic
research that is based on average within-person media
effects (Hamaker, 2012). Within-person methods try
to uncover, for example, whether the well-being of per-
sons change when they use social media more than they
usually do. Within-person methods are progressively
considered more valid than between-person methods to
investigate media effects, because a media effect is an
intraindividual change due to media use (Valkenburg
et al., 2016).

A nomothetic approach, whether based on between-
or within-person methods of analysis, assumes that
characteristics of humans are shared by all people
(Lerner & Lerner, 2019). As Table 1 shows, nomothetic
media effects approaches at the between- and within-
person level have comparable goals, hypotheses, levels
of analysis, sampling procedures, and inference levels.
Both approaches focus on aggregate or average statis-
tics. And both aim to generalize from samples to popu-
lations.

As Table 1 shows, a group-differential media effects
approach acknowledges that some characteristics of hu-
mans are not shared by all but only by some people
(Lerner & Lerner, 2019). This type of research tries to
understand which subgroups in a sample are more (or
less) susceptible to the effects of (social) media. Such
subgroups are typically compared by using group-level
moderators, such as gender, age, or personality. How-
ever, group-level moderators may invariably gloss over
more subtle individual differences in susceptibilities to
media effects (Pearce & Field, 2016; Valkenburg et al.,
2016). As Lerner and Lerner (2019, p.27) observe,
“in addition to their nomothetic and group-differential
characteristics, every person has idiographic character-
istics that define him or her as unique.” Such more sub-
tle individual differences in susceptibility to media ef-
fects are the focus of an idiographic media effects ap-
proach (see third column of Table 1).



Table 1

Our Unified (Nomothetic + Group-Differential + Idiographic) Media Effects Approach

Nomothetic
(Between- and Within-Person)

Group-Differential

Idiographic
(Person-Specific)

Goal Establishing universal media ef-
fects

Example of Social media use undermines the

hypothesis  well-being of individuals

Level Whole sample

of analysis

Estimate Aggregated estimates for the
sample

Sampling Large representative samples

Inference From sample to population

level

Establishing media effects
for subgroups (e.g., males
vs. females)

Social media use under-
mines the well-being of fe-
males more than of males
Subsamples

Aggregated estimates for
subgroups

Large representative sub-
samples

From subsample to sub-
population

Establishing media effects for in-
dividual X

Social media use undermines the
well-being of individual X

Individual
Person-specific estimates

Multiple representative observa-
tions within individual X (e.g., >
50)

From individual X’s measured
results to individual X’s overall

functioning

Modelling Techniques for a Unified Media Effects
Approach

To analyse data on the united nomothetic, group-
differential and person-specific approach, several mod-
elling techniques are available, such as Group Iterative
Multiple Model Estimation (GIMME, Gates and Mole-
naar, 2012) or Dynamic Structural Equation Modelling
(DSEM, McNeish and Hamaker, 2020). In our studies
we used DSEM. DSEM is a Bayesian modelling tech-
nique that combines the strengths of multilevel analy-
sis and Structural Equation Modeling with N=1 time-
series analysis. DSEM allows researchers to investigate
the between-person and average within-person effect
of (social) media use (i.e., nomothetic analyses), while
also allowing for the inclusion of trait and time-varying
moderators (i.e., group-differential analyses).

Finally, the N=1 time-series analysis enables re-
searchers to establish the longitudinal (lagged) effects
of media use within each single participant (i.e., person-
specific analysis). DSEM is a modelling technique for in-
tensive longitudinal data. Such data typically require a
large number of within-person observations per partici-
pant. After all, similar to the samples to detect nomoth-
etic media effects, the number of within-person observa-
tions per person determines the power to detect a signif-
icant person-specific media effect (Howard & Hoffman,
2018). Therefore, researchers have collected as many
as 80, 90, or even more than 100 within-person mea-
surements per participant (for examples, see Howard

and Hoffman, 2018). In our DSEM-based ESM studies
we included 126 measurements per participant. But ev-
ery ESM study includes participants with fewer observa-
tions, due to person-specific differences in compliance.
It is our experience that when participants have fewer
than 50 observations, their person-specific effects are
only significant at g > .20.

The Added Value of a Unified Media Effects
Approach

Our unified media effects approach unites the
strengths of nomothetic and group-differential methods
with those of person-specific methods. For example, in
one of our studies we hypothesized that the experience
of envy during social media browsing would moderate
the effect of this browsing on well-being (Valkenburg,
Beyens, Pouwels, et al., 2022). We indeed found a
small moderating effect of envy (8 =.13). By combin-
ing our N=1 time series results with a nomothetic and
a group-differential approach (with browsing-induced
envy as one of the group-level moderators), we could
exactly specify for how many (and which) participants
our moderation hypothesis could be confirmed. Our
N=1 moderation analysis indicated that 25% of ado-
lescents who felt browsing-induced envy experienced a
negative effect of browsing on their well-being, while
13% of adolescents who did not feel browsing-induced
envy experienced such a negative effect.

Our unified media-effect approach has three ad-
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ditional advantages. First, it allows us to compare
the between-person and average within-person results.
Many researchers have long assumed that results at the
between-person level are generalizable to the within-
person level. But, as has been convincingly demon-
strated mathematically by Molenaar and Campbell
(2009), this assumption is untenable in the social sci-
ences. In our ESM studies, we indeed found consid-
erable differences between the between-person associ-
ations and the average within-person effects of social
media use. In some studies, the within-person effect
was weaker than the between-person associations. For
example, Beyens et al. (2021) found a significant nega-
tive between-person association of social media brows-
ing with well-being (8 = -.12), but no average within-
person effect (8 = .00). In addition, Siebers et al.
(2023)found a strong between-person association be-
tween social media use and distraction (8 = .48), but a
small to moderate within-person effect (8 = .18).

In other instances, we even found opposite between-
person associations and within-person effects, a phe-
nomenon that has been named a Simpson’s paradox
(Kievit et al., 2013). For example, (Valkenburg, Beyens,
Pouwels, et al., 2022) found a positive between-person
association of browsing with inspiration (3 = .08), but
a negative within-person effect (3 = -.04). Finally,
Pouwels et al. (2021) demonstrated that Instagram use
with close friends was positively associated with friend-
ship closeness at the between-person level (8 = .17)
but negatively at the within-person level (8 = -.07).
Together these findings demonstrate that a between-
person association of (social) media use with well-being
or related outcomes does not adequately describe a me-
dia effect, defined as an intraindividual (change) pro-
cess.

A second advantage of our unified media effects ap-
proach is that it allows researchers to investigate to
what extent the person-specific effects (i.e., the within-
person effects for each single person) are consistent
with the average within-person effect. In other words,
to what extent can we translate the average within-
person effect of social media use on well-being to each
person in the sample? In our studies, we found signif-
icant discrepancies between the average within-person
effects and the person-specific effects. The histogram in
Figure 1 shows the distribution of the person-specific ef-
fect sizes of the effect of browsing on well-being found
in Beyens et al. (2021). The X-axis of the histogram
shows the different person-specific effect sizes, which
ranged from moderately negative (8 = -.30) to moder-
ately positive (8 = +.35). The Y-axis shows the num-
ber of participants experiencing the specific effect sizes
listed on the X-axis. The vertical black line represents

Figure 1

Distribution of the person-specific effect sizes of the ef-
fects of social-media scrolling on well-being (adapted from
Beyens et al., 2021)
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Note. Results are based on an ESM study among 387
adolescents with 126 within-person assessments across
three weeks. The vertical black line represents the
average within-person effect of § = .00. Figure taken
from Beyens et al. (2021).

the average within-person effect of scrolling on well-
being (i.e., B = .00). We found that only 9% of the
person-specific effect sizes fell within the 95% credi-
ble interval [-.022, -.014] around the average within-
person effect. Together, these discrepant results be-
tween the average and person-specific effects of social
media use suggest that the average person is rare (Rose
et al., 2013).

A final advantage of our approach is that it allows re-
searchers to reveal for how many participants a media
effects hypothesis is confirmed and for how many it is
rejected. Recently, we investigated a recurrent hypoth-
esis in the literature, the Passive Social Media Use Hy-
pothesis (Verduyn et al., 2017). This hypothesis states
that passive social media use (browsing/scrolling) re-
sults in lower well-being because it leads to upward
social comparison and envy, which in turn negatively
affects one’s well-being. We found that the Passive So-
cial Media Hypothesis was confirmed for 20% of partic-
ipants (the red bars in Figure 1), while it was uncon-
firmed for 80% of participants (the grey and green bars
in Figure 1). We found that 20% of participants even
experienced an effect opposite to the hypothesis (the
green bars in Figure 1). Thus, to speak in Popperian
terms, our approach enabled us to falsify the Passive
Social Media Hypothesis.



Approaches to Detect the Meaningfulness of Hetero-
geneity in Media Effects

A potential concern regarding our unified media ef-
fects paradigm is that there is always variation around
averages and that such variation is the foundation of
nomothetic statistics based on averages. We agree that
there is always noise around average media effects. But
the modelling technique that we use is pre-eminently
suited to distinguish between true variation and noise.
In our early multilevel models, we used a model com-
parison approach (Beyens et al., 2020; Siebers et al.,
2022). In such an approach, a fixed effects model is
compared with a random slopes model. When the fit
of the model significantly improves by adding random
slopes, evidence exists for heterogeneity in the effect at
the sample level. However, model comparison is a sub-
optimal method to distinguish true variation from noise,
because adding random slopes almost always improves
model fit. Moreover, model comparison does not work
with Bayesian modelling techniques such as DSEM (Mc-
Neish & Hamaker, 2020).

Smallest Effect Size of Interest

DSEM allows for more sophisticated approaches to
investigate the validity of heterogeneity in media ef-
fects. DSEM vyields the standardized effect sizes for the
sample as a whole and for each single person. As a
result, it allows researchers to assess how the average
within-person effect and person-specific effects compare
to their set smallest effect size of interest (SESOI, Anvari
and Lakens, 2021). We relied on the SESOI in our later
studies (e.g., Beyens et al., 2021; Valkenburg, Beyens,
Pouwels, et al., 2021, 2022). Based on our preregis-
tered SESOI, we were able to classify individuals ac-
cording to the principles of Grice et al. (2020) as sup-
porting theory or rejecting theory. For example, in our
test of the Passive Social Media Use Hypothesis (Ver-
duyn et al., 2017), we classified 20% of participants as
supporting theory and 80% as rejecting theory (Valken-
burg, Beyens, Pouwels, et al., 2022).

However, in the media effects literature there is still
no agreed-upon standard to interpret between-person
and within-person media effect sizes. This lack can
be inferred from the fierce academic debates on the
small aggregate effects of video game violence on ag-
gression (e.g., Bushman et al., 2010; Ferguson and Kil-
burn, 2010) and that on the small aggregate effects of
social media use on well-being (see Valkenburg, Meier,
and Beyens, 2022, for such differences in interpreta-
tions). Likewise, there are no set standards for the
SESOI. Therefore, in our studies, we preregistered our
SESOI. We used a SESOI of 8 = .10 for between-person

associations and 8=.05 for within-person effects. These
decisions were based on recommendations by Gignac
and Szodorai (2016) and a recent meta-review of media
effects (Meier & Reinecke, 2021).

Significance Levels for Person-Specific Effects

What makes DSEM even more powerful is that it can
assess whether a person-specific effect is statistically sig-
nificant. Figure 2 shows the significance levels of the
person-specific effects of browsing on well-being (left
forest plot) and the effects of social media use on dis-
traction (right forest plot). Each of the two forest plots
shows a unique distribution of person-specific effects.
The left plot shows that most person-specific effects
of browsing on well-being center around the average
within-person effect of 8 = .00 (60%). In addition, 20%
of participants experience a negative effect of browsing
on well-being (red dots), of which 5% was significantly
negative (dark red dots). Conversely, about an equal
percentage of 20% of participants experience a positive
effect of browsing on well-being (green dots), of which
3% was significantly positive (dark green dots).

The right plot in Figure 2 shows the effects of so-
cial media use on distraction. Here the average within-
person effect is significantly positive (8 = .18). Al-
though, again, there is heterogeneity in the effects of
social media use on distraction, we found positive ef-
fects for 76% of participants, of which 38% were signif-
icantly positive. As our comparison of the two distribu-
tions show, our unified media-effects approach can be
used to determine whether a media effect is more id-
iographic (left distribution) or more nomothetic (right
distribution).

Generalizing to Target Populations

Like in a nomothetic-only approach, generalization to
target populations is a matter of sample size and sam-
pling technique in our unified approach. In our stud-
ies, we paid substantive attention to both. First, we
based our sample sizes on preregistered power analyses.
Second, as for our sampling technique, we started with
conducting a national survey among middle adolescents
(van Driel et al., 2019), which we used as a benchmark
against which we compared our school-based samples
of the same age group. Our school-based samples con-
tained all educational levels and did not deviate from
the national survey and from key indicators in the target
population.

Non-representative samples, which are common in
(social) media effects research (Odgers and Jensen,
2020) may contain participants who deviate in a host of
characteristics from the target population but also from
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Figure 2

Distribution of the Person-Specific Effects of Social Media Browsing on Well-Being (left panel) and the Person-Specific

Effects of Social Media Use on Distraction (right panel).
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other non-representative samples. Therefore, when re-
lying on non-representative samples, it is highly likely
that the average statistics derived from these samples
(a) are incomparable to those in other samples, and
(b) cannot be generalized to the target population. As
a result, finding consistent average effect sizes for the
association of social media with well-being across non-
representative samples is a nearly impossible odyssey.
Fortunately, the combined problem of non-
representative samples and inconsistent effect sizes
can be salvaged. Our unified media effects approach
allows researchers to identify what percentage of
participants respond according to the hypothesized
effects and what percentage does not (Grice et al.,
2020). Such an approach allows researchers (a) to
generalize to subgroups based on these percentages,
(b) discover how and why these subgroups differ from
each other, and (c) compare these percentages across
samples. Especially in the case of non-representative
samples, our approach may hold great promise. It has
even been suggested that our unified approach may
resolve the replication crisis in psychology (Bryan et al.,
2021). However, an important question that remains

is whether and to what extent researchers can validly
generalize the inconsistent average statistics obtained
via non-representative samples and “heterogeneity-
naive” designs to target populations (Bryan et al., 2021,
p- 32).

Practical and Policy Implications of Our
Person-Specific Results

Interviewer: “What is the influence of social media
on you?” Adolescent 1 (16): “Social media changed me
in a positive way because now I am more open-minded
and down to earth.” Adolescent 2 (14): “On social me-
dia you should not compare yourself to others. But that
is easier said than done. It has been a difficult time
for me. I have been seeing a psychologist for a while
now...”

These quotes from Dutch adolescents in one of our fo-
cus group studies (van der Wal et al., 2023) reflect what
media theorists have emphasized for decades: Individu-
als differ strongly in their susceptibility to the effects of
(social) media. But these quotes may also underscore
the societal implications of our unified approach. In
fact, our knowledge could be of vital importance for the



development of prevention and intervention programs.
After all, if practitioners would base their programs on
average results, they may conclude that such programs
are not necessary, because most studies, including our
own, report only very small or even non-existent aver-
age within-person effects of social media.

However, our results clearly show that a consider-
able minority of adolescents does experience meaning-
ful negative effects of social media use. Even if we are
conservative in our interpretations, it may be safe to
assume that 5% of young people experience negative
effects of social media use on their well-being. Know-
ing that the US count 75 million young people, these
negative effects may generalize to nearly four million
US minors. These young people may run the risk to
experience mental health problems due to their social
media use. We cannot deny that we need to take such
percentages seriously. Our results indicate that small or
even non-existent average media effects may have huge
implications for some vulnerable adolescents.

Conclusion

When the terms nomothetic and idiographic were
coined at the end of the 19th century (by Windelband),
“a false tendency to see these two terms as antagonis-
tic rather than complementary” arose (Robinson, 2011,
p. 32). It is quite possible that such a dichotomy
was an unavoidable reality in the first decades of the
20th century, when the methods of analysis were not
yet sophisticated enough to unify both approaches. In
part due to seminal methodologists, such as Nessel-
roade (1991), Molenaar (2004), and Hamaker (2012),
the idiographic approach not only experienced a revival
in the new millennium but it can also be successfully
integrated with nomothetic and group-differential ap-
proaches (Hamaker & Wichers, 2017).

There used to be a time that researchers had to
make a choice between a nomothetic or an idiographic
method. Aided by technological developments, new
study designs have rapidly been gaining prominence,
such as phone-based ESM studies and big data samples
of social media interactions (Bolger et al., 2019; Con-
ner et al., 2007; Grice et al., 2020; van Roekel et al.,
2019). In addition, rising computational power as well
as statistical groundwork have resulted in new mod-
elling tools, such as DSEM (McNeish & Hamaker, 2020),
which allow us to combine the best of two worlds. Our
recent ESM studies on the effects of social media use
on well-being, which have been using these modelling
tools, convincingly demonstrated that we no longer
“have to make a choice” as suggested by Johannes et al.
(2024) in this volume of Meta-Psychology.

Years of methodological work have taught us that

nomothetic group estimates are often invalid to under-
stand processes that operate within individuals. And
as our research team has theorized, this concern also
applies to the study of media effects. Between-person
estimates do not tap into media effects. Moreover, indi-
viduals differ in how they respond to media use — which
may render conclusions based on averages invalid, espe-
cially when they are based on non-representative sam-
ples. Our approach allows us to understand how indi-
viduals function, how they differ from each other, and
how to generalize results to target populations. In our
view, our approach will not only help researchers to ob-
tain more valid estimates of how media affect individ-
uals in their everyday lives, but it will also allow them
to develop theories to understand how, when, and why
individuals differ in their susceptibility to media effects.
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