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Abstract

Over the years, increasing attention has been paid to the relation between emotion
dynamics and psychological well-being. Because our emotional life is inherently time
dynamic, it has been argued that, next to how positive or negative we feel on average, patterns
of emotional change too, may convey important information about our mental health. This
growing interest came with a surge in new affect dynamic measures, each claiming to capture
a unigue dynamical aspect of our emotional life that is crucial for understanding well-being.
Although this accumulation of new measures may suggest scientific progress, researchers
have not always evaluated (a) how different affect dynamic measures empirically interrelate,
and (b) what their incremental value is in the prediction of psychological well-being. Here, we
address these central questions by analyzing combined affective time series data from 15
different studies (N = 1,777). The results (a) map the considerable empirical
interdependencies that exist between 16 commonly studied affect dynamic measures,
indicating that single measures often do not convey unique information, and (b) show that
dynamic measures have little incremental value over average levels of positive and negative
affect (and variance in these affective states), when predicting individual differences in three
prominent indicators of human well-being (life satisfaction, depressive and borderline
symptoms). Although affect dynamic measures may adequately summarize individual
differences in emotional time series, our findings indicate that caution is warranted in the
optimism on the incremental value of these dynamics regarding their explanatory power for

well-being or psychopathology.

Keywords: emotion dynamics, psychological well-being, average levels of affect, variability

in affect, affective time series, Ockham’s razor
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Feelings change. In fact, one of the primary reasons we experience emotions is
thought to lie in their time dynamic nature®. That is, affective experiences alert us about
personally relevant changes in our environment that pose a threat or opportunity to our well-
being, and prepare us to cope with these changes effectively®®. Because this functionality of
our emotional life is built on its fundamentally dynamic nature, we and others have argued
that the patterns with which our emotions change over time provide unique information for
our psychological well-being®*2. Next to how positive or negative we feel on average,
investigating the temporal features of our emotional experiences is deemed crucial to explain
individual differences in mental health or psychopathology*®.

A Plethora of Dynamic Measures

Over the last decade, the rising interest in the relation between emotion dynamics and
psychological well-being came with a surge in new affect dynamic measures, each claiming
to evaluate a unique dynamical aspect of our emotional lives (see Table 1 for a non-
exhaustive overview). Despite the enthusiastic accumulation of new dynamical measures (also
in our own research), the question remains to what extent all proposed measures truly add to
the prediction' of individual differences in psychological well-being. Indeed, with the
proposal of novel concepts and measures, it has often not been evaluated (a) how they
empirically relate to other dynamic measures, and (b) what the incremental value of new
affect dynamic measures is over other existing measures in the relation with psychological

well-being (although for both claims exceptions exist*4°).

' Throughout this article, the term prediction is used to refer to the explanation of new unseen data points as
happens when a subset of the data are set apart for validation purposes. However, it is not understood in a
prospective or forecasting manner, because we only consider concurrent associations between emotion
dynamics and well-being. Similarly, the term explanatory power should be understood in terms of explained

variance and does not imply causality.
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Empirical interdependencies among dynamic measures. Not assessing how
different affect dynamic measures mutually relate leaves uncertainty about the added value of
newly proposed measures®1’2%, If a new dynamic measure simply approaches the same data
from a different angle, the danger exists that we may be merely reinventing the wheel. Put
differently, disregarding any overlap with existing measures fails to evaluate the potential
redundancy of new measures, which may not only lead to a disperse and scattered research
field, but also creates a false sense of scientific progress in the long run.

Unique explanatory power in the prediction of psychological well-being. In a
similar vein, based on Ockham’s principle of parsimony, a good dynamic measure should be
able to add to the prediction of well-being above and beyond other existing measures?. Here,
we argue that affect dynamic measures should have unique explanatory power above and
beyond average levels of positive (PA) and negative affect (NA). After all, research on
emotion dynamics originated from the idea that psychological adjustment involves more than
merely experiencing high average levels of PA and low levels of NAL. Mean levels of positive
and negative emotionality are known to be centrally involved in human well-being and
psychopathology??, and have been historically investigated first in relation to psychological
well-being®. Remarkably, however, the incremental value of affect dynamic measures over
average levels of PA and NA has not always been assessed.

Furthermore, mathematical arguments exist to why average levels of affect are
important covariates to find incremental value over. From a mathematical point of view, the
mean (M) is considered the first (raw) moment to describe a distribution of scores?3, defined
as the weighted sum of the values (where the weights are determined by the distribution). This
implies that, in order to compute more complicated affect dynamic measures one needs to
know the mean of a person’s affect ratings.

The Current Research



EMOTION DYNAMICS AND WELL-BEING 5

The goal of the present paper is twofold. First, we aim to examine how 16 frequently
studied (old and newer) dynamical measures (including the mean; see Table 1) empirically
interrelate". Second, we will investigate which affect dynamic measures display primary
relations to outcomes of psychological well-being (i.e., show relations with psychological
well-being independent of other measures), and which measures only show secondary
associations with psychological well-being (i.e., merely show a relation by virtue of their
association with measures that have a primary relation). Because average levels of positive
and negative affect make the most prominent indicators of psychological well-being®*%°, we
will evaluate the predictive power of all dynamical measures, with and without controlling for
mean levels of positive and negative affect. In a second step, we will also add the observed
variance (or standard deviation; SD) in PA and NA as controlling variables (see results for a
justification).

To this end, we will analyze data from 15 different studies that have repeatedly tracked
people’s emotion(al changes) throughout daily life (see Table 2; N = 1,777). Across datasets,
participants’ levels of well-being ranged from being psychologically well adjusted, to
experiencing pathological symptoms, to fulfilling the criteria of a formal clinical diagnosis.
To capture the nuance that psychological well-being comprises both the presence of positive
outcomes, as well as the absence of negative markers of psychological maladjustment®, we
will evaluate the unique explanatory power of emotion dynamics in both a positive indicator
of psychological well-being, people’s perceived life satisfaction, as well as two negative
outcomes, people’s levels of depressive and borderline symptoms. To assess
psychopathological symptoms, we rely both on continuous measures, as well as clinical

diagnoses.

I Other affect dynamic measures that have been proposed in the past are emotional switching®, flux, pulse?’, and
spin?8.Yet, due to their infrequent application, an in-depth analysis of these dynamic measures is beyond the

scope of this article.



EMOTION DYNAMICS AND WELL-BEING 6

[Figure 1 around here]
[Table 1 around here]

Affect dynamic measures. Studying emotion dynamics implies measuring affective
states at multiple points in time. Prominent methods to examine emotional fluctuations in
daily life are experience sampling (ESM)? and daily diary studies® (see Table 2). In these
protocols, participants typically carry a mobile device in their daily lives and complete
momentary or daily questionnaires about their (emotional) experiences. Such methods do not
only provide researchers with a particularly natural assessment of participants’ emotional
trajectories (i.e., highly ecologically valid), evaluating people’s affective experiences close to
real time also weakens the potential impact of memory biases.

Based on the same affective time series these protocols typically produce, researchers
may compute different dynamic measures. Table 1 presents an overview of the most
commonly studied affect dynamics in relation to psychological well-being, and the short-
codes we will use to describe each measure. Figure 1 visualizes simulated data, showing how
low and high values for each measure would manifest in a person’s affective time series.
Importantly, to compute most affect dynamic measures, it is common practice to first create a
composite measure for PA and NA by averaging same-valenced emotion items at each
measurement occasion. In contrast, other affect dynamic measures rely on the scores of
individual emotion items. Furthermore, note that some dynamic measures are truly time-
dependent (i.e., their values change when measurement occasions are permuted), while others
do not carry a temporal dependency (see Table 1).

Psychological well-being. Human well-being is a broad and multifaceted construct.
Here, we will examine the explanatory power of emotion dynamics in three outcomes related

to psychological well-being, one positive marker (life satisfaction), and two negative ones
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(depressive and borderline symptoms), known to be intrinsically related to a host of emotion
dynamics measures®.

Life satisfaction is a positive indicator of psychological functioning®,involving a
global cognitive and eudaimonic evaluation of one’s life®2. Houben and colleagues concluded
in their meta-analysis® that higher levels of life satisfaction are associated with emotional lives
that are less variable and inert, and more stable. Satisfaction with life has also been linked to
higher levels of emodiversity*3, and a more independent experience of positive and negative
affect®.

In contrast, the experience of depressive and borderline symptoms indicates
maladaptive psychological functioning. Both symptom types have been linked to a more
variable, inert and instable emotional life®. Yet, when controlling for overlap between these
affect dynamics, depressive symptoms are independently associated with higher emotional
inertia and variability, but not instability®’. In turn, borderline patients show more affective
instability than people with a diagnosis of Major Depressive Disorder (MDD)% and healthy
controls®®. Both borderline and depressive symptoms are also characterized by a stronger
bipolar experience of positive and negative affect'>’, and a reduced ability to differentiate
between various same-valenced emotions®=°. Finally, depression has also been linked to a
denser, more change-resistant, and less diversified emotional life®4L,

Results

Empirical interdependencies among dynamic measures. In these analyses, we
aimed to investigate the overlap that exists between all affect dynamic measures. Because the
correlation matrix of all dynamic measures was highly comparable across the different
datasets (ICC = .98), we z-transformed all measures per dataset and visualized these in a

network".

" A correlational network without z-transforming all affect dynamic measures produced highly identical results.
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[Figure 2 around here]

Correlational network of all affect dynamic measures. Figure 2 visualizes the
correlations between all 16 affect dynamic measures and reveals several things. First, M
positive and negative affect are moderately negatively related (r = -.39), with both G
measures showing a considerable negative association with their respective means (r PA = -
43; r NA =-.64). Second, dynamic measures capturing variability in each valence (i.e., SD,
SD*, and MSSD) are strongly interconnected (r’s PA >.79; r’s NA > .49), but also between
valences associations among these measures appear. Third, AR measures for each valence are
interrelated moderately (r = .43), and show little association with other dynamical measures
(JrP’s < .33), except for D (r’s > .40). Similarly, p is quite isolated in this network, only
showing small (negative) relations with other affect dynamic measures (|r|’s < .36).

In terms of uniqueness, both AR measures have the least variance explained by mean
levels of, and SDs in, PA and NA (R?’s <.08), followed by p (Rz =.19). In contrast, affect
dynamic measures with the most variance explained by mean levels of, and SDs in, PA and
NA are both MSSD (R?’s >.78) and SD* measures (R?’s > .42).

[Figure 3 around here]

Principal Component Analysis (PCA) on all affect dynamic measures. Figure 3
presents the results of a rotated PCA solution with six components (Panel A). Using an
orthogonal Varimax rotation, we retained six components, primarily based on arguments of
intuitive interpretation. In total, this solution explained 82% of the variance in all affect
dynamic measures, with each original component explaining at least 5%. Panel B visualizes
an empirical example that displays the affective time series of an individual in the highest

percentile of each component.
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Component 1 covers measures related to average levels of positive affect. M positive
affect loads highest on this component (r =.79), while its G measure (r = -.85), and M
negative affect (r = -.24) show negative loadings.

Component 2 captures affect dynamic measures related to variability in (positive)
affect, with high component loadings for SD (r =.94), SD* (r =.91), and MSSD (r =.87) in
PA. The same dynamic measures related to NA also exhibit small positive loadings on this
component (r’s < .43).

While measures related to average levels of, and variability in, positive affect are
represented by two independent components, these same measures for negative affect are
reflected by a single third component. This is due to the fact that the majority of participants
in each dataset was psychologically relatively well-adjusted (i.e., most people typically
experienced low levels of negative affect), which leads mean and SD in NA to show stronger
interrelations?. Related to average emotionality, M negative affect loads high on this
component (r =.85), while its G measure (r = -.88), and to a lesser extent M positive affect (r
= -.28) exhibit negative loadings on this component. Related to variability in NA, we observe
high component loadings for SD (r =.67) and MSSD (r =.63) in NA.

Component 4 reflects measures that capture unique variability in negative affect,
independent of mean levels of NA. SD* in NA shows the highest loading on this component
(r = .85), followed by SD and MSSD in NA (r’s > .44).

Component 5 includes time-related measures. The AR measures for each valence (r’s
> .82), and D measure (which is a combination of auto- and cross-regressive effects; r =.60)
show a strong positive loading on this component. In contrast, the MSSD for PA loads
negatively on this component (r = -.20). Emotional instability and inertia are known to be

inversely related (for constant levels of variance)?.
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Finally, component 6 reflects the relation between positive and negative affect. The p
measure show the highest loading on this component (r = -.87), followed by small yet
opposite loadings for both ICC measures (r’s >.20). Strong affective bipolarity is associated
with poor differentiation between various same-valenced emotions* V.

Unique explanatory power in the prediction of psychological well-being. In these
analyses, we investigated the added value of all affect dynamic measures in the prediction of
various outcomes related to psychological well-being.

In a first step, we aimed to evaluate the incremental value of all dynamic measures
above and beyond mean levels of positive and negative affect. In a second step, we
additionally controlled for the observed variance in these affective states. Since our
correlational results indicated that many affect dynamic measures are directly related to SDs
in PA and NA, we hypothesized that all measures would show little uniqueness once their
shared variance with the SDs in PA and NA is taken into account. Although an SD carries
dynamic information in itself (and may therefore be considered tantamount to other dynamic
measures), one could regard this measure as the next covariate to find incremental value over.
The SD is the (square root of the) second central moment to summarize a group of
measurements, and therefore next in line after the mean in terms of in mathematical
complexity?®. Theoretically, the SD is also the most primitive index of all affect dynamic

measures, without taking into account time8. It could therefore be considered a prerequisite to

V' To examine the unique explanatory power of these measures in the prediction of psychological well-being, we
decided to use the original affect dynamic measures, not the different principal components. Our aim with PCA
was to get insight in the empirical commonalities between the different measures, not to create more stable
constructs (which is often the purpose of PCA). Given that these different dynamic measures are calculated
from the same affective time series, we believe that combining these measures in one component makes little
sense in the context of prediction. To illustrate this concern with an analogy, we believe it is illogical to
average a person’s observed variance and SD of positive affect to create a more stable measure for his or her

affective variability, as both measures are mathematically related.
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investigate, before turning to more complex affect dynamics that may play a role in
psychological well-being. By additionally controlling for SDs in PA and NA, we aimed to
further decrease the number of measures needed to explain individual differences in
psychological well-being.

Hierarchical multiple regression. Figure 4 presents the average R2 for each affect
dynamic measure across studies, in the linear prediction of psychological well-being, with and
without controlling for average levels of, and SDs in, positive and negative affect. We
summarize the most important findings below.

[Figure 4 around here]

First, in each assessed outcome, most variance is explained by M positive and negative
affect (R*’s > .11), except for the prediction of borderline symptoms, where the SD in
negative affect is the best predictor (R2 = .24). For life satisfaction and depressive symptoms,
SD in negative affect is the second best predictor (R?’s > .08). Together, these findings
support the claim that the mean and SD are the first most important statistics to summarize a
group of scores?®, and buttress the argument that dynamics that claim to go beyond these
summaries should show predictive power over them.

Second, when comparing the predictive capacity of other affect dynamic measures
alone, we observe considerable differences, with relatively high R?’s for, for example, MSSD
and G in NA, and D (R*’s > .05), and low R?’s for AR in PA and NA (R*’s <.03).

Yet, third, when controlling for average levels of positive and negative affect, these
notable differences disappear. That is, all affect dynamic measures add little to the prediction
of psychological well-being when the explanatory power of average levels of PA and NA are
taken into account (depressive symptoms: R?’s <.02; borderline symptoms: R*’s <.07; life

satisfaction: R?’s < .03).
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Finally, when additionally controlling for SDs in PA and NA, the predictive capacity
of all affect dynamic measures decreases even further (depressive symptoms: R?’s <.02;
borderline symptoms: R?’s <.02; life satisfaction: R*’s <.02).

[Figure 5 around here]

Meta-analysis. Figure 5 visualizes the meta-analytic p-values of each affect dynamic
measure in the prediction of psychological well-being. The most important findings are
summarized below.

Individually, the majority of dynamic measures significantly predicts differences in
depressive and borderline symptoms, and people’s life satisfaction®. For depressive symptoms
and life satisfaction, M positive and negative affect typically show the strongest significant
contributions (p’s < 6x10712). For borderline symptoms, the strongest contributor is SD in
negative affect (p = 2x107?Y). In contrast, a meaningful contribution is unlikely for SD* in
negative affect in the prediction of depressive symptoms (p =.061), G in positive affect for
borderline symptoms (p = .113), and the AR in positive affect for life satisfaction (p =.077).

Next, when controlling for mean levels of positive and negative affect, considerable
differences in significance appear between affective dynamic measures. For depressive
symptoms, the contribution of all measures decreases (with drastic non-significance for both
AR and G measures in PA and NA; p’s >.084) , except for SD in NA, SD* in PA, and p (p’s
< 2x10™%). For borderline symptoms, the significance of all variability-related measures
largely remains unaffected (p’s < 6x10°%), together with the D and p measures (p’s < 1x10-
98), Again, both G measures show the most drastic drop in significance (p’s > .184). For life
satisfaction, the significance of all measures decreases remarkably, except for p (p = 3x1078).

Finally, when additionally controlling for SDs in PA and NA, most affect dynamic
measures do not surpass the o = .05 significance threshold in all outcomes. For depressive

symptoms, SD* in positive affect (p =.021), and p are the only significant predictors (p =
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.009). For borderline symptoms and life satisfaction, the only significant predictors are the
ICC in positive affect (p = .041), and p (p = 9x10°%), respectively.

Optimal combination of predictors using Lasso variable selection. To determine the
optimal set of affect dynamic measures to predict participants’ depressive and borderline
symptoms, and their life satisfaction, we tested the predictive accuracy of three Lasso-based
models. The first model comprised the set of optimal predictors out of all 16 affect dynamic
measures (i.e., Lasso aLL). The second model contained the optimal predictor selection out of
4 measures, mean levels and SDs of PA and NA (i.e., Lasso mean+sp). Finally, the third model
included the most favorable selection out of 2 measures, mean levels of PA and NA (i.e.,
Lasso mean). Leave-one-out cross-validation yielded a predicted R? for each of the three
Lasso-based models in the prediction of psychological well-being, with higher values
indicating better predictive accuracy (i.e., penalized for overfitting).

First, for people’s depressive symptoms and their life satisfaction, all three Lasso-
based models showed an equal average predictive accuracy across all datasets (depressive
symptoms: Lasso mean R? = .22, Lasso mean +sp R? = .21, Lasso aLL R? = .20; life satisfaction:
Lasso mean R2 = .18, Lasso mean +sp R2=.18, Lasso aLL R2 = .17). These results illustrate that
mean levels of PA and NA often suffice to predict individual differences in depressive
symptomatology and life satisfaction, and that the added value of (other) affect dynamic
measures is little.

Second, for people’s borderline symptoms, Lasso mean + sp had the highest average
predictive accuracy across all datasets (R2 = .28), closely followed by Lasso aLL (R? = .27).
Lasso mean had an R? of .21. These results indicate that affect dynamic measures show some
incremental value over mean levels of PA and NA in the prediction of participants’ borderline
symptoms, but also that more complex (variability-related) dynamic measures (e.g., SD* and

MSSD) do not outperform a simple SD in PA and NA.
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Finally, we also investigated how many times each measure comprised the optimal set
of predictors in the Lasso model based on all 16 affect dynamic measures. Across all
psychological well-being outcomes, mean levels of PA and NA were consistently the most
frequently selected measures, including the optimal set in 98% and 87% of the cases,
respectively. The third most selected dynamic measure was p (64%). All other affect dynamic
measures were only selected occasionally (< 38%)V.

Discussion

Because emotions are inherently time dynamic, it has been argued that, next to how
positive or negative we feel on average, investigating the dynamics of our emotions is
essential to explain individual differences in psychological well-being. Crucially, however,
the incremental value of affect dynamics over average levels of positive and negative affect
has not always been evaluated. As a plethora of new affect dynamic measures have been
introduced to the field, this raises questions about the uniqueness of these measures in
understanding mental health or psychopathology.

The present paper aimed to determine the potential ramifications of both issues.
Specifically, we investigated (a) how 16 commonly studied affect dynamic measures
empirically relate, and (b) what their added value in the prediction of psychological well-
being is, above and beyond average levels of positive and negative affect (and variability in
these affective states). To reach robust conclusions, we combined affective time series data
from 15 different studies, in which participants reported various levels of psychological well-

being, ranging from psychologically well-adjusted, to experiencing debilitating

V' SDs of PA and NA were only selected in 38% and 16% of the cases, respectively. This is due to overlap with
other variability-related measures (e.g., SDs* and MSSDs), which evenly spreads the chance of being selected
over the different measures. For the same reasons, p was frequently selected. This affect dynamic measure is

relatively unique, sharing little overlap with other measures.
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psychopathological symptoms. In the next paragraphs, we discuss the implications of our
findings and provide guidelines for future research in the field of emotion dynamics.

To qualify as an adequate predictor of psychological well-being, our results suggest
that an affect dynamic measure should fulfill two necessary (but individually, insufficient)
conditions. First, it should summarize affective time series in a unique way, not overlapping
too much with other measures. Second, it should have incremental explanatory power in the
prediction of psychological well-being.

Overall, our PCA results reveal that all 16 affect dynamic measures can be adequately
summarized by six independent components. This reduction indicates that considerable
commonalities between measures exist, which illustrates that many dynamic measures may
not convey unique information. Interestingly, four of the underlying components directly
relate to average levels of, and/or variability in both affective states, which suggests that all
dynamic measures are more or less function of these primary summaries?. For instance, both
positive and negative emodiversity show considerable empirical overlap with their respective
mean level of that affective state®®, which may challenge the added value of this measure in
explaining differences in people’s emotional experiences?. Similarly, differences in
emotional instability empirically largely coincide with differences in emotional variability,
which shows that the temporal order of affect ratings plays a minor role in determining this
dynamic.

Other emotion dynamics, however, summarize affective time series relatively
independent of other measures, a claim we see supported by two unique components in our
PCA. Emotional inertia, for example, shows little empirical relations with other dynamics,
except for emotion-network density. Yet, this overlap is to be expected, as emotion-network
density directly includes information about a person’s auto-regressive slopes®’. Similarly, the

PA-NA correlation informs us relatively little about other dynamics. This measure only



EMOTION DYNAMICS AND WELL-BEING 16

exhibits small associations with emotion differentiation. That is, stronger affective bipolarity
(weakly) correlates with less fine-grained distinctions between same-valenced emotions®°.

Finally, the overlap between different emotion dynamics is substantially stronger in
negative affect, compared to positive affect. The high interconnectedness between all NA
dynamics is the result of people typically experiencing low levels of negative affect. In the
context of bounded affect ratings, low levels of NA heavily restrict the amount of variability
one can observe in that affective state, which leads many emotion dynamics to be more
confounded with the mean?°2°, This finding may also explain why effect sizes of dynamical
measures in the prediction of well-being are generally stronger for NA dynamics than for PA
dynamics®: NA measures share more information with their mean. This brings us to the
second criterion.

Affect dynamic measures should have adequate and incremental explanatory power in
the prediction of psychological well-being. With reference to adequacy, we indeed replicate
the finding in our meta-analysis that most affect dynamics, individually, show a significant
relation with various indicators of psychological well-being®. However, in terms of effect
sizes, most measures explain remarkably little variance in well-being, compared to average
levels of positive and negative affect. This not only illustrates that mean levels of affect are
indeed the most prominent indicators of psychological well-being?* 2, it also puts the added
value of more complex emotion dynamic measures in perspective.

Not surprisingly then, when controlling for average levels of affect, all emotion
dynamic measures show little incremental value in the prediction of psychological well-being.
This finding suggests that many emotion dynamics merely predict differences in well-being
by virtue of their association with mean levels of positive and negative affect. Emodiversity
and emotion differentiation in negative affect, for example, explain differences in depressive

symptoms reasonably well®3, Yet, once their shared overlap with average levels of negative
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affect is taken into account, their added value is no longer significant. Similarly, emotional
instability in negative affect is strongly linked to the experience of borderline symptoms®2,
However, controlling for differences in average emotionality drastically impacts the
explanatory power of this dynamic.

In a second step, we additionally controlled for SDs in positive and negative affect.
Adding these covariates reduced the predictive capacity of all other affect dynamic measures
even further, rendering almost all effect sizes non-significant. One may argue, however, that
an SD conveys dynamic information in itself, and is therefore on par with other affect
dynamic measures, questioning its nomination as the next most relevant covariate to find
incremental value over. Nevertheless, several arguments exist to select variance in positive
and negative affect as the second most important covariates in the prediction of well-being.
Mathematically, an SD is a one-to-one function of the second central moment to summarize a
group of scores next to the mean®. Empirically, this claim is supported by the fact that an SD
in (negative) affect typically shows the highest explanatory power in well-being after mean
levels of PA and NA (except in borderline symptoms, where it is the best predictor). Finally,
given it is also the most parsimonious measure of all affect dynamic measures, we believe
these arguments justify its selection as the next covariate to control for in the prediction of
well-being.

One could argue that merely explaining variance in individual differences in
psychological well-being informs us little about the possible (dynamic) processes underlying
psychological (mal)adjustment. That is, although affective dynamics may have little
predictive capacity, they do provide insight in the potential mechanisms involved in mental
health and psychopathology; we call this a theoretical or process explanation.

Although statistical and process explanation are related, they are also distinct

phenomena®®. Merely establishing an association between affect dynamic measures and well-
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being does not necessarily mean that these affect dynamics contribute to well-being or are
causally related to it. We believe that, in the current context of affect dynamics, researchers
should adopt a similar parsimonious approach when it comes to theoretical explanation. That
is, if two emotion dynamic measures are equally good at explaining individual differences in
well-being, emotion researchers should go with the simpler one. We illustrate our case with
two examples.

Emotional inertia, for example, has been investigated extensively in people with
depressive symptoms®21741 This dynamic is believed to explain how a depressed
individual’s emotional system has slowed down and is resistant to change. Although this
theory seems plausible and is intuitively appealing, once average levels of positive and
negative affect are taken into account (which are, nota bene, equivalent to MDD’s two main
criteria, anhedonia and depressed mood??), emotional inertia no longer meaningfully describes
a depressed person’s affective life.

In a similar vein, emotional instability is considered a core feature of borderline
personality disorder*?. Emotional instability refers to rapid and extreme fluctuations in affect,
with BPD patients, for example, feeling very positive one time, yet deeply depressed the next.
To effectively describe these moment-to-moment affect oscillations in BPD, researchers justly
favor the MSSD over the SD, as this measure acknowledges the temporal dependency
between consecutive affect ratings'®3243. Although this theoretical reasoning nominates the
MSSD indeed as the preferred measure, our empirical results show that an SD (in negative
affect) describes differences in BPD symptomatology equally well, which may suggest that
the temporal order in affect ratings in BPD is empirically not as crucial as previously
hypothesized.

What value should these dynamic measures be attributed then? When it comes to

describing an individual’s emotional trajectory, we believe affect dynamics do have empirical
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value. After all, mere average levels of positive and negative affect often overlook the
meaningful ups and downs of a person’s emotional life that come and go with the ebb and
flow of daily life?.

For example, there may exist considerable individual differences in the auto-regressive
slope of an affective state*’. This indicates that a temporal dimension is certainly important in
modeling emotional processes and understanding individual differences therein. Nevertheless,
when relating this dynamic to individual differences in psychological well-being, this measure
has little incremental explanatory value.

Finally, the question remains whether current measures of psychological well-being
(e.g., typical self-reports or clinician-rated assessments) reflect a valid representation of their
underlying construct. Recently, it has been argued that psychiatric disorders may be complex
dynamical systems too, with various symptoms mutually interacting with each other®. In
contrast, traditional symptom questionnaires approach psychopathology rather static,
conceiving psychiatric disorders as discrete entities, made up by the unweighted sum of their
individual symptoms*®. As many assessments typically cover a broad time span (e.g., request
a retrospective average of a symptom during the last two weeks), this may explain why
average levels of affect predominantly explain individual differences in psychopathology and
well-being.

In summary, although some affect dynamic measures convey unique information
about people’s emotional lives, many dynamics interrelate considerably. Furthermore, once
the explanatory power of mean levels of positive and negative affect (and variability in these
affective states) is taken into account, all affect dynamic measures show little incremental
value in the prediction of various psychological well-being outcomes. In sum, our findings put

the added value of these measures in perspective, and illustrate that caution is warranted for
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optimism in developing novel and complex measures of emotion dynamics for the prediction /
explanation of well-being and emotion disorder.
Methods

To answer our research questions, we combined data from 15 different ESM and daily
diary studies. Table 2 presents a detailed summary for each dataset, including information
about the participants, protocol, predictors and outcomes assessed in each study. All studies
complied with local ethical regulations and were approved by an institutional ethics
committee (UNSW Human Research Ethics Advisory Board’’, Medical Ethics Committee UZ
Leuven’®8 KU Leuven!’26:79808384 ‘Hogspital Network Antwerp®8, Stanford University!®, and
Max Planck Institute®?). All participants provided informed consent.

[Table 2 around here]

Data preprocessing. To prepare the data for analysis, we undertook several steps.
Preprocessing of the data had to guarantee a valid score for all participants on each affect
dynamic measure (which allowed a fair comparison between all measures). We started with
an initial pool of 1,869 participants. First, we excluded participants who showed poor
compliance with the ESM or daily diary protocol (i.e., < 50% measurement occasions
completed), as a low response rate raised doubts about the validity of their affect scores (n =
38). Second, we eliminated individuals who still completed 20 measurement occasions or less,
to ensure a reliable estimation of all affect dynamic measures (n = 39). Next, we removed
participants who displayed no variability in their PA or NA composite scores, to enable a
valid calculation of participants’ intra-class correlations (ICC) and relative variabilities (SD*)
in PA and NA, as well as their PA-NA correlation (p; n = 12). Finally, to compute valid Gini-

coefficient (G) for each individual, we excluded people who never rated the intensity of any
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same-valenced emotion above 10% of the response scale (n = 3). In the end, this left us with a
final sample of 1,777 individuals".

Affect dynamic measures. Several specifics regarding the calculation of each affect
dynamic measure are noteworthy. First, for all auto-regressive (AR), mean squared successive
differences (MSSD) and density (D) measures, we removed overnight lags, to ensure a
relatively equal time window between all measurement occasions®®. Second, we derived
participants’ AR and D scores from multilevel models (i.e., slopes drawn from an estimated
normal distribution), and did not calculate these per person*’%, In contrast, p scores were
computed separately for each individual®®, as the assignment of one valence as predictor and
the other one as outcome in a multilevel regressive context is arbitrary®2. For the computation
of people’s ICCs, we relied on consistency measures, rather than measures based on absolute
agreement, yet both type of ICCs are known to be interrelated strongly®3. Finally, to calculate
G scores for each valence, we concluded an emotion to be present when the intensity was
rated above 10% of the measurement scale“".

Psychological well-being. Across studies, we investigated the explanatory role of
affect dynamics in three indicators of psychological well-being: people’s life satisfaction, and
depressive and borderline symptoms.

Satisfaction with life. In all studies, people’s perceived life satisfaction was assessed
with the Satisfaction With Life scale (SWL; see Table 2)**. This 5-item questionnaire captures

a global judgment of one’s life satisfaction (e.g., The conditions of my life are excellent.).

V! Two other data checks were performed, but did not result in the exclusion of any participants. First, we
verified whether all participants’ ICC scores were positive, as the meaning of negative values in an emotion
differentiation context is debatable®. In total, 79 negative cases were observed, which we set to .00. Second,
we examined the number of people with a positive p score. In total, 185 individuals displayed a positive
correlation between positive and negative affect. For both checks, analyses with and without these distinctive
cases yielded identical conclusions.

VIl Conclusions remained identical when different cut-offs were used (i.e., 5 or 20% of the measurement scale).
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Item scales range from 1 (strongly disagree) to 7 (strongly agree). Internal consistency was
high in all studies (mean o = .85).

Depressive symptoms. Different continuous scales were used to assess participants’
depressive symptom levels. In some studies, a categorical outcome was used in the form of a
clinical MDD diagnosis (see Table 2).

CES-D. The Center for Epidemiologic Studies Depression scale (CES-D)* is a 20-
item questionnaire to evaluate the frequency of a range of depression complaints participants
experienced during the last week (e.g., | felt depressed.), ranging from 0 (rarely or none of the
time) to 3 (most or all of the time). Internal consistency was high in all studies (mean o = .89).

PHQ-9. The Patient Health Questionnaire (PHQ-9)® assesses the frequency of nine
prominent depression symptoms experienced over the last two weeks (e.qg., feeling down,
depressed, or hopeless). Item scales range from 0 (not at all) to 3 (nearly every day). Internal
consistency was acceptable (o = .64).

Q-IDS. The Quick Inventory of Depressive Symptomatology (Q-1DS)°” evaluates the
severity and frequency of 14 depressive symptoms experienced in the last week (e.g., feeling
sad). Item scales range from O (e.g., | do not feel sad.) to 3 (e.g., | feel sad nearly all of the
time.). In both studies, internal consistency was high (mean a = .88).

BDI-II. The Beck Depression Inventory-11 (BDI-11)%® assesses the intensity of 20
depression symptoms experienced in the past two weeks (e.g., sadness). Item scales range
from O (absent) to 3 (very severe). Internal consistency was high (a = .88).

SCID-1 MDD. The Structured Clinical Interview for DSM-IV Axis I disorders (SCID-
1)>° was used in three studies to determine the presence of a formal MDD diagnosis. In this
semi-structured interview, a trained clinician assessed whether participants fulfilled five or

more DSM-IV criteria for depression for at least two weeks.
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Borderline symptoms. Two continuous surveys were used to assess participants’
borderline symptom levels. Two studies had a categorical outcome in the form of a clinical
BPD diagnosis (Borderline Personality Disorder; see Table 2).

ADP-IV BPD. The Assessment of DSM-IV Borderline Personality Disorder subscale
(ADP-1V BPD)® consists of 10 trait items that evaluate the DSM-IV criteria for BPD.
Participants indicate how much each trait applies on a scale ranging from 1 (strongly
disagree) to 7 (strongly agree). Internal consistency was high in all studies (mean a = .82).

PAI-BOR. The Personality Assessment Inventory Borderline scale (PAI-BOR)®-% is a
24-item survey that assesses four important domains of impairment related to BPD (i.e.,
affective instability, identity problems, negative relationships, self-harm). Participants rate
each trait on a scale ranging from 0 (strongly disagree) to 4 (strongly agree). Internal
consistency was high (a = .94).

SCID-II BPD. In two studies, the Structured Clinical Interview for DSM-IV Axis Il
personality disorders (SCID-11)® was used to determine the presence of a clinical BPD
diagnosis. In this semi-structured interview, a qualified clinician assessed whether participants
displayed five or more DSM-1V borderline personality traits.

Statistical Analyses. All tests performed in this article are two-sided. For each study,
scatter-plots that visualize the data distribution and relation between all affect dynamic
measures and psychological well-being outcomes can be found online in Supplemental

Materials (http://osf.io/zm6uw). Additionally, we provide the reader with 5 randomly drawn

affective time series for PA and NA, giving further insight in the raw data structure of each

dataset. Finally, we present all specific correlation coefficients and effect sizes, test-statistics,

degrees of freedom, p-values, confidence intervals and standard errors of our meta-analysis.
Code and data availability. All analyses reported in this paper were conducted in

MATLAB (R2017a), except our meta-analysis and visualisation of the correlational network,
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which were performed in R (3.4.0). A reproducible MATLAB and R-code, as well as two
complementary datasets'”’®, are available online in Supplemental Materials

(http://osf.io/zm6uw). The other datasets used in this article are available upon reasonable request

from the original sources referenced in Table 2, but restrictions apply to the availability of these data,
which were used under license for the current study, and so are not publicly available.

Empirical interdependencies among dynamic measures. In a first step to examine the
empirical relations between all affect dynamic measures, we calculated Pearson correlations.
Next, to get further insight in the communalities between measures, we performed Principal
Component Analysis.

Unique explanatory power in the prediction of psychological well-being. In a first
step to evaluate the predictive value of all affect dynamic measures, we conducted
hierarchical multiple regressionV!". In these analyses, we predefined average levels of
positive and negative affect as the primary covariates to find incremental value over. Thus, for
each dataset, we investigated the explanatory power (a) of each measure alone, (b) when
controlling for mean levels of PA and NA, and (c) when controlling for mean levels of, and
SDs in PA and NA, in the prediction of people’s depressive and borderline symptoms, and
their satisfaction with life (see results for justification).

In the hierarchical multiple regression approach, we evaluated the average R2 for each
measure across datasets to get an indication of the effect size. We also performed a mixed-
model meta-analysis with random slopes and intercepts, to test for significance.

In a series of secondary analyses, we did not define an a priori set of covariates (e.g.,

mean levels of, or SDs in, PA and NA), but used prediction-based variable selection to

VI In this section, we only present the results of our linear regression analyses (i.e., with continuous
psychological well-being outcomes). Results for our logistic regression analyses (i.e., with a categorical
outcome in the form of a clinical MDD or BPD diagnosis) can be found in Appendix A. Linear and logistic

results support the same conclusions.
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determine the optimal combination of affect dynamic measures in the prediction of
psychological well-being®*. In this way, we aimed (a) to establish the best set of affect
dynamic predictors to explain individual differences in people’s life satisfaction, depressive
and borderline symptomatology, and (b) to find converging evidence that mean levels of (and
variance in) PA and NA are indeed the primary covariates to find incremental value over. For
each dataset, we performed a Lasso-analysis (Least Absolute Shrinkage and Selection
Operator)®, in which we selected the most favorable set of affect dynamic predictors of well-
being, penalized for the number of predictors to prevent overfitting. In total, we compared
three different Lassos per dataset. The first Lasso could make an optimal selection out of all
16 dynamic measures. In the second and third Lasso, we forced certain coefficients to be set
to zero, and pursued an optimal combination out of mean levels and SDs of positive and
negative affect (i.e., 4 measures), or out of mean levels only (i.e., 2 measures), respectively.
Next, we evaluated the predictive accuracy of each of these Lasso-selections using leave-one-
out cross-validation (LOO)®. In this cross-validation procedure, we partitioned the sample of
each dataset in a training and validation subset (with n = 1; i.e., leave-one-out). In the training
subset, each of the three optimal Lasso-selected predictors sets were used to predict
psychological well-being. In the validation subset, we determined the predictive accuracy of
each of the three Lasso-based models by evaluating the squared error between the actual and
fitted scores. We repeated this procedure until each participant once served as validation
dataset, and averaged the squared error across all cross-validations. This yielded a mean
squared error (MSE) for each of the three Lasso-based models per dataset. We divided each

MSE by the total variance observed in the outcome, and then subtracted this value from 1.
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This produced a predicted R2 for each of the Lasso-based models, approximately ranging from

0 to 1.00. The model with the highest predicted R2 showed the best predictive accuracy™.

X'We performed similar analyses using random forests®’, a machine learning technique that is equally capable of
dealing with many predictor variables, and inherently corrects for overfitting. This black-box supervised
learning technique additionally models non-linear relations. Yet, these models did not outperform the less

complex linear models with a Lasso-penalty.
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Table 1. Overview of the most commonly studied affect dynamic measures.

Tables

Measure (abbreviation)

Affect dynamic feature

Substantive description

Mathematical description

Composite score?

Time reliant? Example references

1. Mean PA and NA (M)

N

. Variance or standard deviation PA
and NA (SD)

o

Relative variance or standard
deviation PA and NA (SD*)

4. MSSD PA and NA (MSSD)

o

. Autoregression PA and NA (AR)

f=2]

. Emotion-network density (D)

-

.1CC PA and NA (ICC)

oo

. PA-NA correlation (p)

©

Gini-coefficient PA and NA (G)

Average levels of emotion

Emotional variability

Relative emotional variability

Emotional instability

Emotional inertia

Emotional interdependency across
time

Emotional granularity or

differentiation

Affective bipolarity, valence focus,
or emotional dialecticism

Emodiversity

Captures one’s average level of positive or negative affect.

Captures the average emotional deviation from one’s mean levels

of positive or negative affect.

Captures the average emotional deviation from one’s mean levels
of positive or negative affect, taking into account the maximum
possible variability given the mean of that affective state.

Captures the average change in emotional intensity between two

successive measurement occasions for positive or negative affect.

Captures the degree to which positive or negative affect carries
over from one moment to the next, is self-predictive, and resistant
to change.

Captures the degree to which various positive and negative
emotions predict each other over time, reflecting how one’s entire

emotional system is resistant to change.

Captures one’s ability to differentiate between various positive or

negative discrete emotions.

Captures the degree to which one experiences positive and negative
affect rather independent, or as bipolar opposites.

Captures the variety of one’s emotional repertoire for positive and

negative emotions.

The sum of all affect intensity ratings divided by the total number of completed  Yes

measurement occasions.

The sum of all squared differences between a particular affect intensity rating and Yes
the mean level of that affective state, divided by the total number of completed
measurement occasions. The square root of the variance produces an SD for that

affective state.

The SD of an affective state divided by the maximum possible SD of that affective Yes

state, given a certain mean level of that affective state.

The mean of all squared differences between two successive intensity ratings of an Yes
affective state. The square root of this measure produces the MSSD for that
affective state.

The person-specific (within-person centered) autoregressive slope in a multilevel Yes
AR(1) model, in which the intensity rating of an affective state at time t-1 predicts
the intensity rating of that state at time t.

No

No

No

Yes

Yes

The mean of all absolute person-specific (within-person centered) auto- and cross- No, discrete emotions Yes

regressive slopes in a series of multilevel VAR(1) models. In each model, the
intensity of one emotion rating at time t is predicted once by the intensity ratings
of all other emotions at time t-1, including the intensity rating of that emotion
itself.

The intra-class correlation between various same-valenced emotion intensity
ratings. This measure reflects the degree to which different emotion intensity
ratings converge. A low ICC reflects high emotion differentiation.

The within-person correlation between positive and negative affect. Yes

The weighted sum of the frequencies of various same-valenced emotions (with the No, discrete same-

weight being the order of the emotion frequencies), divided by the product of the  valenced emotions

total frequency of all same-valenced emotions and the total number of emotion

categories. A low Gini-coefficient reflects a high emodiversity.

No, discrete same-

valenced emotions

No

No

No

22,24,68

25,28

20,69,70

16, 35,71

10,12,44

40,51

53,72,73

15,74, 75

21,41,76




Table 2. Overview of the datasets used in the current study.

Outcomes
Sample characteristics Protocol characteristics Predictor characteristics Depressive symptoms Borderline symptoms Life satisfaction
Dataset N participants % Female M age Type Occasions / day N days Max. occasions M compliance  Items PA Items NA ICCPA ICCNA aPAiem 0oPAperson 0 NAiem o NAperson Scale Classification Regression Classification Regression Regression
1. Dejonckheere et al. (2017)77 94 51% 34.12 Daily diary 1 30 30 95.04%  happy, relaxed sad, anxious, depressed, 39.86%  47.81% .56 .95 .64 .96 1-7 CES-D, PHQ-9 SWL
angry, stressed
2. Dejonckheere et al. (in preparation)™ 118 66% 35.69 ESM 10 7 70 87.11%  happy, relaxed, euphoric anxious, depressed, 49.85%  70.87% 31 .98 .59 .99 0-100 SCID-1 MDD Q-IDS SCID-11 BPD  ADP-1V BPD, SWL
angry, stressed PAI-BOR
3. Houben et al. (2016)%® 50 84% 29.96 ESM 10 8 80 79.86%  relaxed, cheerful anxious, depressed, 58.39%  70.12% .61 .99 .53 .99 0-100 ADP-IV BPD
angry, stressed
4. Kalokerinos et al. (in preparation)™ 100 7% 24.12 ESM 7 14 98 88.80%  happy, relaxed sad, angry, stressed 25.18%  29.59% .70 97 42 97 0-100 CES-D, BDI-lI SWL
5. Koval et al. (2013)Y7 95 62% 19.06 ESM 10 7 70 90.34%  happy, relaxed sad, anxious, depressed, 34.19%  48.73% .65 97 .63 .98 1-100 CES-D SWL
angry, stressed
6. Pe et al. (2016)%° — Wave 1 200 55% 18.32 ESM 10 7 70 87.27%  happy, relaxed, cheerful sad, anxious, depressed, 24.99%  38.93% .68 .98 .63 .98 0-100 CES-D ADP-I1V BPD SWL
angry, stressed
7. Pe et al. (2016)%° — Wave 2 190 56% 18.64 ESM 10 7 70 87.87%  happy, relaxed, cheerful sad, anxious, depressed, 32.93%  43.00% .57 97 .65 .98 0-100 CES-D ADP-IV BPD SWL
angry, stressed
8. Pe et al. (2016)%° — Wave 3 176 55% 19.28 ESM 10 7 70 88.57%  happy, relaxed, cheerful sad, anxious, depressed, 32.28%  40.49% .55 97 .63 .98 0-100 CES-D ADP-IV BPD SWL
angry, stressed
9. Provenzano et al. (in preparation)®! 34 59% 23.85 ESM 10 7 70 87.35%  happy, relaxed, excited, sad, anxious, angry, 29.38%  36.34% .82 .96 .39 97 0-100 CES-D, Q-IDS
content stressed
10. Schmiedek et al. (2010)%? 175 50% 48.01 Daily diary 1 +101 +101 not applicable happy, excited, alert, distressed, upset, scared, 79.45%  63.87% 46 1.00 .53 .99 0-7 CES-D SWL
attentive, interested afraid, nervous
11. Sels et al. (2017)% 100 50% 27.75 ESM 10 8 80 80.14% happy, relaxed, cheerful, sad, anxious, depressed, 39.61%  39.95% .81 .98 .65 .98 0-100 CES-D SWL
content angry, stressed
12. Sels et al. (2018)%* 185 50% 26.30 ESM 6-14* 8 64 92.94%  happy, relaxed sad, anxious, angry 29.21% 31.13% .76 .96 .62 .96 0-100 CES-D SWL
13. Thompson et al. (2012)*° 83 ESM +8 +7 +56 not applicable happy, excited, alert, sad, anxious, angry, 45.34%  59.19% .64 97 .67 .98 1-4 SCID-1 MDD
active guilty, frustrated
14. Trull et al. (2008)'6 131 ESM 5 +28 +140 not applicable excited, alert, attentive, distressed, upset, scared, 39.81%  48.45% .75 .99 .75 .99 1-5 SCID-1 MDD SCID-11 BPD
interested, enthusiastic  afraid, nervous
15. Van der Gucht et al. (2017)*® 46 76% 41.96 ESM 10 4 40 87.39%  happy, relaxed, cheerful, sad, anxious, depressed, 46.12%  40.66% .79 .97 .54 .96 0-100 SWL

content, calm angry, stressed

Note. + some participants diverged from the original protocol, leaving a variable number of measurement occasions per individual; * participants were sampled 14 times during the weekend, yet the time interval between two

consecutive occasions remained identical; ICCs reflect the amount of variance explained by between-person differences; Internal consistencies for PA and NA were calculated following®.
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Figure 1. Simulated data for each affect dynamic measure, showing how low and high values for each

measure would manifest in a person’s affective time series.
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Figure 2. Empirical network of all affect dynamic measures based on their pairwise correlations. Blue
lines represent positive relations, red lines indicate negative ones. Edge thickness and transparency
correspond with the degree of association. For clarity, correlations below |.30| are not shown. The grey
color in the ring around each node depicts how much variance PA and NA mean levels and SDs
explain in each affect dynamic measure. See Table 1 for affect dynamic short-codes. Subscripts refer

to positive (P) or negative affect (N).
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Figure 3. The six components retrieved from a PCA on all affect dynamic measure (Panel A). For

clarity, component loadings below |.20| are not shown. Each component is accompanied by an

empirical example that displays the affective time series of an individual in the highest percentile of

that component (Panel B). See Table 1 for affect dynamic short-codes.
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Figure 4. The bars in each plot visualize the average R for all affect dynamic measures across studies in the prediction of a combined
measure of psychological well-being (Panel A), depressive symptoms (Panel B), borderline symptoms (Panel C), or life satisfaction
(Panel D). Blue, red, and yellow bars reflect the average R2 for each measure alone, when controlling for mean levels of PA and NA,
and when controlling for mean levels of, and SDs in PA and NA, respectively. The error bars reflect the standard error around the

average R2. See Table 1 for affect dynamic short-codes.
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Figure 5. The bars in each plot indicate the meta-analytic p-value for each affect dynamic measure in the prediction of a

combined measure of psychological well-being (Panel A), depressive symptoms (Panel B), borderline symptoms (Panel C), or life

satisfaction (Panel D). Blue, red, and yellow bars reflect the level of significance for each measure alone, when controlling for

mean levels of PA and NA, and when controlling for mean levels of, and SDs in PA and NA, respectively. All tests were two-

sided. See Table 1 for affect dynamic short-codes.
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Appendix A

We also aimed to investigate the unique explanatory power of all affect dynamic
measures in the prediction of categorical well-being outcomes, which were operationalized as
the presence or absence of either a clinical MDD or BPD diagnosis. To this end, we
performed similar analyses as described in the main text, but now in a logistic regression
context.

[Appendix Figure 1 around here]

Hierarchical multiple regression. To evaluate the explanatory power of all affect
dynamic measures in the prediction of psychopathological diagnoses, we performed
hierarchical multiple logistic regression. Since outcomes were categorical, we estimated
Receiver Operating Characteristic (ROC)®8 curves for each logistic model with (a) each affect
dynamic measure alone, (b) when controlling for mean levels of PA and NA, and (c) when
controlling for mean levels of, and SDs in, PA and NA. For all affect dynamic measures, we
then evaluated the Area Under the Curve (AUC)®’, which typically ranges between .00 and
1.00, and where values higher than .50 indicate a correct classification better than chance.

Panel A of Figure 1A visualizes the average AUC for each affect dynamic measure
across the different datasets. Individually, most measures are able to correctly differentiate
between the presence and absence of a clinical MDD or BPD diagnosis, with the highest
predictive accuracies for M and SD negative affect (AUC’s > .81), and lowest accuracies for
both AR measures (AUC’s < .53). However, when controlling for average levels of positive
affect, all affect dynamic measures add little to an accurate prediction of both
psychopathological diagnoses (A AUC’s <.06). When additionally taking into account the
explanatory power of both SDs, the added predictive accuracy of all measures even becomes

practically non-existent or worse (A AUC’s <.01).
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Meta-analysis. Panel B of Figure 1A presents the meta-analytic p-values for each
affect dynamic measure in the prediction of a clinical diagnosis. We summarize the most
important findings below.

Individually, considerable differences between measures appear in terms of
significantly predicting the presence of an MDD or BPD diagnosis. Both M positive and
negative affect show a meaningful contribution (p’s <.032). For the SDs, however, we only
observe a significant contribution for the SD in negative (p = .014), but not positive affect (p
=.819). A similar distinction in valence is apparent for other affect dynamic measures, with a
significant contribution for MSSD (p = .021), ICC (p = 4x104), and G measures (p = .001) in
NA, but not in PA (p’s > .243).

Next, when taking into account the explanatory power of mean level of PA and NA,
these differences decrease considerably. Only G in NA (p = .022) shows a significant
contribution above mean levels of affect in the prediction of clinical diagnoses.

Finally, when additionally controlling for SDs in PA and NA, no affect dynamic
measure surpasses the o = .05 significance level (p’s > .143).

Optimal combination of predictors using Lasso variable selection. In a last step, we
determined the best set of affect dynamic measures to predict clinical diagnoses, without an a
priori selection of covariates. We used the same procedure as described in the main text of
this article, comparing the predictive accuracy of three Lasso-based optimal predictor sets.

All three Lasso-based models showed an equal average predictive accuracy across all
datasets (Lasso mean LOO correct = 79%, Lasso mean +sp LOO correct = 83%, Lasso aLL
LOO correct = 84%). This illustrates again that a combination of mean levels of PA and NA
(and variance in these affective states) is sufficient to predict the absence or presence of a

clinical MDD or BPD diagnosis.
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Figure 1 — Appendix A. The bars in each plot visualize the AUC (Panel A), and the meta-analytic p-

value (Panel B) for each affect dynamic measure in the logistic prediction of an MDD or BPD
diagnosis. Blue, red, and yellow bars reflect models with each measure alone, when controlling for
mean levels of PA and NA, and when controlling for mean levels of, and SDs in PA and NA,
respectively. The error bars reflect the standard error around the average R2. All tests were two-sided.

See Table 1 in the main text for affect dynamic short-codes.



