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INTRODUCTION

Harmonization of Theory, Methods, and Inferences in Addictions Research

Kevin M. King and Jonas Dora
Department of Psychology, University of Washington

The articles in the present special section highlight four ways in which our applications of methods, and their
harmonization with theory, can hold us back, and each offers an avenue for improvement that brings us
closer to our goal of building a cumulative scientific record of the study of addiction. It brings together four
articles that are intended to provide new ideas and directions for research on addictive behaviors. It is
important for researchers to consider how their study designs, measurements, and statistical tests are specific
expressions of the theories they wish to test. Each article illustrates a dimension of the gaps between theory
and methods, provides an illustrated example of how to bridge those gaps, and provides easy to follow
advice for how to apply these ideas in our own work. By designing for replication (Pearson et al., 2021),
considering model-theory harmonization (Littlefield et al., 2021), moving toward plain language interpre-
tation of effects (Halvorson et al., 2021), and thinking of models across levels of analysis (Soyster et al.,
2021), we can move toward a more robust, replicable, and impactful science of addictive behaviors.
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For scientific progress in addictions research to help the commu-
nities we aim to serve, we need to be able to trust, understand, and
evaluate the body of work that we build our future studies on.
Although psychologists have made tremendous progress, there is
still a long way to go. Methodological failures in psychological
sciences have received a great deal of attention, focus, and efforts at
reform. Prominent theories have either failed to replicate or seen
their replication effect sizes dwindle (e.g., ego depletion; Hagger
et al., 2016; Vohs et al., 2021), entire lines of inquiry have been
shown to be misleading or downright false (e.g., candidate gene
studies; Border et al., 2019), measurement modalities have been
shown to capture little more than noise (e.g., inhibition tasks; Enkavi
etal., 2019), and some literatures have been shown to be constructed
largely of false positives (Open Science Collaboration, 2015). Much
of the effort and attention paid toward rectifying these problems has
been directed at improving the transparency of the research process,
such as implementing preregistration, registered reports, or open
sharing of data (Tackett et al., 2017, 2019). Other reform efforts
have turned attention to methodological improvements, such as how
to improve the implementation of quantitative methods in applied
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settings (King et al., 2019), providing tutorials on specific methods
(McCabe et al., 2018, 2021a), or providing improved tools to use
existing methods (McCabe et al., 2021b). Some methodological
reviews have focused on the importance of harmonizing theory and
methods (Collins, 2006). Even more recently, some have argued that
improvements in theories themselves are critical to improving
progress in science. For example, Devezer et al. (2021) have argued
that, in the same way that highly reliable measures can still be poor
measures of a latent construct, highly replicable findings may
nonetheless be poor tests of a proposed theory. Many authors
have noted that most theories in psychological science are vague,
verbal theories that rarely translate into specific, testable hypotheses
(Robinaugh et al., 2021). Each of these methodological, statistical,
and theoretical issues are critical to address if we hope to build a
reliable and cumulative science of addictive behaviors.

The articles in the present special section highlight four ways in
which our applications of methods, and their harmonization with
theory, can hold us back, and each offers an avenue for improvement
that brings us closer to our goal of building a cumulative scientific
record of the study of addiction.

Pearson et al. (2021). Examining Replicability in
Addictions Research: How to Assess and Ways Forward

Replicability is a core feature of scientific progress—barring some
exceptions (e.g., studying the effects of a unique event on a psycho-
logical outcome of interest), replication should considerably increase
our confidence in the original findings. Given that research is incre-
mental, without an understanding of the replicability of key findings it
is impossible to know whether we are building our theoretical castles
on a solid foundation, or merely on a pile of low powered p-hacked
effects. Recently, several articles have been published that should
make us optimistic that high replicability is achievable if we improve
the rigor of our methods (Protzko et al., 2020; Soderberg et al., 2021).
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In their thought-provoking article, Pearson and colleagues take a
critical look at our field on a meta-level, noting that addiction
researchers have not attempted to estimate the replicability of seminal
findings in our field to the same extent as other fields of psychology,
such as social, experimental, and personality psychology (Camerer et
al., 2018; Soto, 2019). Some evidence may suggest that at least some
addictions research may have poor replicability. For example, re-
views of clinical psychological science have noted that samples are
often underpowered to detect small effects (Reardon et al., 2019),
which in all likelihood translates to many of the seminal findings in
addiction research based on smaller, select samples of individuals
with addictive behaviors. Other reviews have suggested that the
evidence supporting even “evidence-based treatments” is often very
weak and based on small samples with low replicability (Sakaluk
et al., 2019). On the other hand, the replicability in psychological
science has been shown to vary broadly across many subdisci-
plines that addictions research draws upon (Fraley & Vazire,
2014). Regardless, it is hard to gage to what extent influential
findings in addiction research are replicable because of a lack of
attention to the matter (Heirene, 2021).

While it may be easy to decide that replicating important findings in
the field is a good idea, it is less straightforward to conduct high-
quality replication research and to evaluate whether or not a finding
replicated (Nosek et al., 2022). Pearson and colleagues provide
researchers with an excellent overview of different replicability
metrics, as well as their respective advantages and disadvantages.
Often, replications may be difficult or expensive because of the unique
nature of a sample. In their article, they illustrate one way of testing the
replicability of a finding: by treating data collection sites of a large-
scale collaborative study as replications of one another, the authors
illustrate that meta-analyzing and focusing on raw effect sizes give us a
better picture of replicability compared to a focus on statistical
significance. Their findings also show that replication studies are
unlikely to be informative unless they are higher-powered (and
thus more precise) than the original. Other approaches to understand-
ing the replicability of a finding include individual participant data
meta-analysis, which allow the application of a harmonized data
analysis protocol (e.g., Dora et al., 2022). Another recent development
is the mini meta-analysis (Goh et al., 2016), which is possible when
researchers incorporate similar instruments across multiple studies,
essentially building replication of multiple findings into the regular
research process (e.g., King et al., 2018, 2022). Hopefully, reading this
article will (a) motivate you to value and incorporate replication
studies in your research agenda and (b) provide you with hands-on
advice with regard to maximizing the informativeness of your repli-
cation attempts. Given the comparatively high cost of replication in our
field, work like this is much needed to provide us with the tools of
assessing the progress (i.e., replication rate) of our efforts to increase
our confidence in findings that we build our lines of research on.

Littlefield et al. (2021). Limitations of Cross-Lagged
Panel Models in Addiction Research and Alternative
Models: An Empirical Example Using Project MATCH

Littlefield and colleagues’ work illustrates the importance of tying
our statistical models to specific versions of our verbal theories. There
is often a broad “inference gap” in psychological studies, which reflects
the difference between statistical models and the theories they test

(Yarkoni, 2022). Although statistical models are very precise in how
they describe relations among variables, they typically are used to draw
inferences about much less precise psychological theories. For exam-
ple, the affect regulation theory of alcohol use, which posits that
alcohol use is regulated by emotional experiences (e.g., Baker et al.,
2004; Cox & Klinger, 1988), has been tested by examining the
associations between internalizing symptoms and alcohol use and
disorder symptoms across young adulthood (King et al., 2020), the
associations between coping motives and alcohol use both between-
(Littlefield et al., 2012) and within-persons (Stevenson et al., 2019),
and the within-day associations between affect and alcohol use (Dora
et al., 2022). Each of these, however, tests a specific different version of
affect regulation. For example, King et al. (2020) tested a between-
persons (or a “people who”) hypothesis: Do people who reported more
symptoms of internalizing disorders also report higher levels and larger
changes in alcohol use and alcohol use disorder (AUD). On the other
hand, Dora et al. (2022) tested a within-persons (or “when people”)
hypothesis: When people experiences higher negative or positive affect
than usual, were they more likely to drink or to drink more?
Littlefield et al. (2021) focus on the inference gap in the cross-
lagged panel model (CLPM), which has long been a workhorse
model in developmental research. In short, CLPMs offer to test the
plausibility of hypotheses about reciprocal causation between con-
structs over time, such as “Does depression lead to AUD, or does
AUD lead to depression, or both?” However, there is a fundamental
mismatch between what the CLPM can test, and the theories that
researchers wish to test. In short, researchers frequently wish to use
CLPMs to test “when people” theories, like “when people are
depressed, they are likely to later develop an AUD, but not vice
versa.” Almost by definition, researchers who use CLPMs are not
interested in testing “people who” hypotheses, like “people who
tend to be depressed also tend to meet criteria for AUD.”
Littlefield and colleagues offer a clear demonstration of the kinds
of restrictive assumptions made by CLPM that essentially make
them implausible in most cases, especially when there is a “when
people” hypothesis. In short, for variables that are measured repeat-
edly over time, variance at any one time point is likely attributable to
both between- and within-person variance. Although sometimes
described as “traits” and “states,” these simply describe a disaggre-
gation of variance to two levels of time: that which is stable across
the time observed, and that which isn’t. For example, even stressful
life events that are uncontrollable and external to the individual can
be shown to occur at different average frequencies for different
people over time (King et al., 2008). Recently, several methodo-
logical critiques of the CLPM have been forwarded, arguing that
CLPMs conflate within- and between-person variance, which makes
it impossible to attribute cross-lagged effects in a standard CLPM to
within-person processes (Curran et al., 2014; Hamaker et al., 2015).
Littlefield extends this research and provides illustrated examples of
the inferences that can be drawn from a traditional CLPM versus
more recent alternatives which are designed to explicitly separate
within- and between-person variance. Littlefield and colleagues also
highlight fundamental problems with the logic of the CLPM. First,
they highlight the restrictive assumptions of the CLPM, which by
definition is identical to a random-intercept CLPM that forces
between-person variance to be zero. Although researchers fre-
quently believe that controlling for an outcome at a prior time point
provides a test of “stability,” of the outcome, Littlefield demon-
strates how this is not the case. For example, by doing the path
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tracing, they demonstrate that the standard CLPM is identical to both
a series of two predictor regressions. In other words, CLPMs are no
more than a series of regressions in a trench coat. Although
researchers frequently wish to interpret predictors in CLPMs as
though they were residualized on prior time points (e.g., controlling
for earlier measurements of the predictor), without explicitly includ-
ing those lags as predictors, this is not the case. The issues
highlighted by Littlefield’s work on the CLPM reflect a broader
problem that the field must grapple with: we must do a better job of
being clear exactly what our statistical models can and cannot test
about a theory, and what specific form of a theory our models are
testing. In the same way that multiple well-fitting alternative struc-
tural models can equally explain data well (Tomarken & Waller,
2003), researchers should keep in mind that the same theory might
be tested in many different ways, and to keep in mind the importance
of the scientific goal of modeling rather than just the statistical goal
of fitting the data well (Navarro, 2019). As Littlefield and colleagues
demonstrate, many of these ways may provide a different, nuanced
information about a theory, while others (such as the CLPM) may
provide muddled, incomplete, and misleading information that does
little to advance our knowledge about a theory. This article teaches
us about the importance of translating our verbal hypotheses into the
specific “language” of the statistical tests we use in any given study,
which places those tests in a larger body of evidence about a
hypotheses in a more precise way.

Halvorson et al. (2021). Making Sense of Some Odd
Ratios: A Tutorial and Improvements to Present
Practices in Reporting and Visualizing Quantities of
Interest for Binary and Count Outcome Models

Even once we’ve settled on a model as a specific test of some
theory, we need to provide an interpretation of that test in a way that
effectively communicates our findings to our target audiences.
Although there is a strong case to be made that psychological
science undervalues prediction (e.g., explaining variation in some
target outcome; Yarkoni & Westfall, 2017), most research focuses
on explanation. In other words, researchers wish to come to some
mechanistic understanding of the world, and hypothesis tests are
represented by estimating specific parameters of interest. For exam-
ple, if two people differ in their depression symptoms by one
standard deviation, how does their likelihood of developing an
AUD differ? If a person has a day where their negative emotions
are one standard deviation higher than what is normal for them, how
much more likely are they to drink? The importance of focusing on
effect sizes and uncertainty (e.g., confidence or credible intervals)
has long been noted (Cohen, 1992; Cumming, 2014; Pek & Flora,
2018), and despite APA guidelines to report effect sizes and
confidence intervals, many empirical articles manuscripts fall short
of these ideals. This is especially true when researchers interpret
their results in a discussion section, where we commonly see
descriptions of which effects were or were not significant, with
no attention to the magnitude of effects or the uncertainty around
them. Translating effects to plain, understandable language, rather
than expecting readers to refer to tables, is important for effectively
communicating our results to other researchers and to key stake-
holders (Flora, 2020). For example, a recent study reported that
longer item batteries were related to lower compliance in an EMA

study (Eisele et al., 2022). Does that information alone help
researchers make a decision to use a longer versus a shorter item
battery, or would it help to know that doubling the number of items
from 30 to 60 was associated in a 5% (+2%) decrease in compliance,
from 89% to 84%?

Reporting and interpreting effect sizes is even more challenging
when outcomes are nonlinear, such as models predicting the pres-
ence or absence of diagnosis, or the number of drinks a participant
consumed in an evening. Halvorson et al. (2021) offer a tutorial on
how to interpret and understand the odds and risk ratios that arise
from these nonlinear models. Building on work by King et al.
(2000), the authors expand on the importance of thinking of effect
sizes in terms of quantities of interest (Qols) in reporting findings
from general linear models (GLMs): What are the empirical quanti-
ties that map directly on to the research question at hand? For linear
GLMs and their extensions (such as an ordinary least squares
regression or a factor loading), the Qols are straightforward and
constant across the whole range of a predictor. However, when
predicting nonlinear outcomes, such as binary diagnoses or count
outcomes (e.g., number of drinks), model coefficients reflect the
association of a predictor and a transformed version of the Qol (such
as alogit). Even common transformations of these coefficients, such
as an odds or risk ratio do not reflect quantities that are readily
interpretable, even by experts. Moreover, because of the nonlinear-
ity of the Qol, coefficients from nonlinear GLMs are conditional on
the level of other covariates, even when a product term (a common
test of moderation) is not included. Unfortunately, Halvorson and
colleagues show in a random sample of 52 articles reporting results
from nonlinear GLMs that 95% fail to interpret results in terms of a
Qol, and the vast majority (69%) only report coefficients in terms of
significance and direction. This represents a clear failure of re-
searchers to interpret effects in ways that researchers and other
stakeholders can understand and act upon. Halvorson and collea-
gues provide clear, concrete, and actionable recommendations for
how to interpret and present results from these models which are
very common in addictions research. They recommend including
graphical presentation of key models in terms of Qols, in a way that
readers can intuitively understand, and to plot those models across
key values of predictors to illustrate how key associations vary as a
function of meaningful covariates. Moreover, they provide exam-
ples of how to present tables of predicted results (such as predicted
probabilities and counts) to provide numerical references to supple-
mental figures, as well as code examples to facilitate adoption of
these practices. Halvorson et al. (2021) provide a way to facilitate
comparison across studies and to increase the impact of research
articles without increasing burden on readers. This work and its
applications have immediate and important implications for research
as well as intervention. For example, imagine finding that a one
standard deviation within-person change in positive mood doubles
the odds of engaging in binge drinking. Should a just-in-time
adaptive intervention be delivered when a one standard deviation
change in positive mood is detected? Halvorson’s work highlights
that without knowing the impact of other covariates, we might run
the risk of delivering interventions too often in situations (such as
weekday mornings) when they are not needed, spoiling our chances
to deliver effective interventions when they are (such as weekend
afternoons). Given the complex outcomes that we often deal with in
addictions research, the recommendations of Halvorson and col-
leagues will help us to more clearly and precisely communicate our
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findings, which will in turn help us to clearly understand and build
on each other’s findings.

Soyster et al. (2021). Pooled and Person-Specific
Machine Learning Models for Predicting Future
Alcohol Consumption, Craving, and Wanting to Drink:
A Demonstration of Parallel Utility

Finally, it is important to ensure that we draw conclusions from
research at the appropriate level of analysis. In the same way that
CLPMs conflate variance between people and variance within
people, many of our models are group-level models (e.g., nomo-
thetic) which make strong assumptions about individual-level vari-
ation. For example, growth mixture models are often (incorrectly)
promoted as “person-centered” models (as opposed to “variable-
centered” models like growth curve models) because they estimate
classes of people with similar patterns of variation in within-person
change over time. However, both types of models estimate a single
(growth curve models) or multiple (growth mixture models) mean
trajectory of change and variation around that mean assuming a
normal distribution (King et al., 2018). In other words, these are
“top-down” models which assume that within-person change in a
population may be represented well by mean and standard deviation.
Idiographic models, on the other hand, start from the “bottom-up,”
and model psychological processes as person-specific (Molenaar,
2004; Wright et al., 2019). Recently, novel methods have been
introduced that attempt to integrate idiographic and nomothetic
approaches (Foster & Beltz, 2018), which allows researchers to
advance our understanding of problematic substance use and related
harmful behaviors on a population level while simultaneously
conducting research that is useful to the prevention and treatment
on the level of the individual. Because of a tendency in the field to
focus on nomothetic models, there is a tension between group-level
findings and what researchers, providers, and patients experience.
For example, our recent finding, using nomothetic methods, that
negative affect is entirely unrelated to daily alcohol use conflicts
with decades of theory and clinical intuition about the affect
regulation of alcohol use (Dora et al., 2022). One explanation for
this null finding is that our work ignored the idiographic processes
that link negative affect and alcohol use. If this association is only
true for some people, and if the shape of that association (such as the
influence of contextual factors, timing of affect, etc.) varies among
those people for whom it is true, a nomothetic approach like the one
we used would not capture a true person-specific effect.

One fruitful solution to this dilemma might be to apply nomo-
thetic and idiographic analyses in parallel to test to what extent our
results generalize from the group-level to the individual-level and
vice versa. Soyster and colleagues provide a nice example of what
such a parallel approach could look like. First, it is important to note
that such complimentary analyses require study concept and design
to be appropriate for an idiographic analysis, which in simple terms
requires more dense and frequent data from each individual partici-
pant. The authors use cross-validation to explore to what extent their
nomothetic and idiographic prediction model of alcohol consump-
tion generalize in a holdout sample. Their results indicated that both
pooled and individual analyses were able to predict alcohol use, and
they note important strengths of both approaches (i.e., the ability of
nomothetic approaches to capture data generating processes that

may generalize to individuals in the broader population and the
ability of idiographic approaches to inform individualized just-in-
time interventions and clinical applications more generally). Given
that we often want to cumulatively build both our understanding of
group-level and individual-level processes in our field, we believe
that this article nicely illustrates the utility in pursuing both nomo-
thetic and idiographic analyses, so that we can draw conclusions at
the population and the individual level.

Conclusion

This special section brings together four articles that are intended to
provide new ideas and directions for research on addictive behaviors.
It is important for researchers to consider how their study designs,
measurements, and statistical tests are specific expressions of the
theories they wish to test. By designing for replication, considering
model-theory harmonization, moving toward plain language inter-
pretation of effects, and thinking of models across levels of analysis,
we can move toward a more robust, replicable, and impactful science
of addictive behaviors.
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