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Affect dynamics reflect individual differences in how emotional information is processed, and may provide in
sights into how depressive episodes develop. To extend prior studies that examined affect dynamics in currently
depressed individuals, the present study tested in 68 non-depressed young adults whether three well-established
risk factors for major depressive disorder (MDD) – (a) past episodes of MDD, (b) family history of MDD, and (c)
reduced neurophysiological responses to reward – predicted mean levels, instability, or inertia (i.e., inflexibility)
of positive affect (PA) and/or negative affect (NA). Momentary PA and NA were assessed up to 6 times per day
for 14 days (mean number of surveys completed = 45.89). MDD history and family history of MDD were assessed
via semi-structured interview, and neurophysiological responses to reward were indexed using the Reward
Positivity, an event-related potential related to depression. After adjusting for current depressive symptoms,
results indicated that (a) past episodes of MDD predicted higher mean levels of NA, (b) family history of MDD
predicted greater PA inertia, and (c) blunted reactivity to reward predicted greater NA inertia. Collectively, these
results suggest that elevated mean levels of NA and inflexibility of PA and NA may be potential mechanisms that
confer risk for depression.

1. Introduction
Major Depressive Disorder (MDD) is one of the most prevalent and
disabling mental disorders (Friedrich, 2017; Kessler et al., 2005). Efforts
to identify indicators of MDD risk have highlighted several factors that
are strongly and consistently associated with MDD. First, a personal
history of MDD is associated with a 69% increase in risk for future
depressive episodes (Buckman et al., 2018). Second, individuals with a
family history of MDD are three to five times more likely to develop MDD
(Klein et al., 2004; Weissman et al., 2006). Third, deficits in how in
dividuals process reward are consistently linked to MDD morbidity and
risk. Specifically, a blunted Reward Positivity (RewP), an event-related
potential (ERP) reflecting reduced reward responsiveness, predicted (a)
a greater likelihood of developing MDD in the future (Nelson et al.,
2016), (b) greater familial MDD risk (Weinberg et al., 2015), and (c)
poorer treatment response (Burkhouse et al., 2016). In sum, MDD

history, family history of MDD, and reward processing deficits are
robust, widely studied indicators of risk for depression onset or
recurrence.
An increasingly popular ontological perspective posits that MDD
represents a dynamic system reflecting the continuous interplay of
moment-to-moment emotions, cognitions, and behaviors (Wichers,
2014). Studies adopting this view have often used experience sampling
methodology (ESM), which involves the repeated collection of data over
time to assess real-time, ecologically valid momentary experiences
(Solhan et al., 2009). Low positive affect (PA) and high negative affect
(NA) are theorized to be central features of MDD (Clark and Watson,
1991), and ESM studies have consistently shown that individuals with
MDD experience lower mean levels of PA and higher mean levels of NA
than healthy controls (Aan het Rot et al., 2012). In addition to exam
ining mean PA and NA, depression studies have increasingly examined
dynamics in affective experience. Affect dynamics refer to a set of
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processes involving the temporal dynamics of emotional states (Trull
et al., 2015). Two indicators of affect dynamics likely to be particularly
relevant to MDD are instability, or the magnitude of moment-to-moment
fluctuations in affect,1 and inertia, or the extent to which affect is
resistant to change or persists over time. A meta-analysis suggested that
depressive symptoms are associated with increased instability and
inertia of both PA and NA (Houben et al., 2015), and there is preliminary
evidence showing that instability and inertia of PA and NA may be
disrupted prior to MDD onset (Kuppens et al., 2012) and in remission
(Schoevers et al., 2020). Changes in affect dynamics may reflect early
warning signs that precede transitions between normal and depressed
mood states (van de Leemput et al., 2014; Wichers, 2014), further
supporting the potential utility of affect dynamics in predicting treat
ment response (Husen et al., 2016) and personalizing interventions
(Fisher and Boswell, 2016).
Although affect dynamics may reflect important processes involved
in the exacerbation of depressive symptoms, few studies have examined
associations between affect dynamics and depression risk factors.
Comparisons of depressed and non-depressed individuals are unable to
distinguish between risk factors that precede depressive episodes and
concomitants of a depressive episode (Kraemer et al., 1997). Examining
individual differences in non-depressed individuals at various levels of
risk rules out the possibility that an observed association is merely a
concomitant of a depressive episode, which is important for clarifying
predictors of depression onset or recurrence, identifying potential
mechanisms implicated in the pathophysiology of depression, and pre
venting depressive episodes. Therefore, the present study tested whether
three well-established risk factors for MDD–lifetime history, family
history, and reduced neurophysiological reward sensitivity–predicted
mean levels, instability, or inertia of PA and NA in a non-depressed
sample. Based on the theorized relationship between depression and
mean levels of PA and NA (Clark and Watson, 1991; Shankman and
Klein, 2003), as well as findings from previous ESM studies in depressed
individuals (Aan het Rot et al., 2012; Houben et al., 2015), it was hy
pothesized that the three risk factors would predict greater mean NA,
lower mean PA, and greater PA and NA instability and inertia.

pairs). An additional seven participants were excluded from analyses of
affect inertia due to having too few (<10) pairs of consecutive
completed ESM surveys. These exclusion criteria were chosen to maxi
mize the reliability of parameter estimates while retaining a sufficiently
large sample for analyses. Study procedures were approved by the uni
versity institutional review board, and informed consent was obtained
from all participants. Demographic and clinical characteristics are
summarized in Table 1.
2.2. Instruments
Structured Clinical Interview for DSM-5. Lifetime and current
MDD and other diagnoses were assessed using the Structured Clinical
Interview for DSM-5 (SCID; First et al., 2015). Lifetime MDD diagnosis
had moderate test-retest reliability (k = 0.69) in a subsample of the
larger parent study (Shankman et al., 2018). As part of the parent study,
as many first-degree relatives as possible (M = 2.83 relatives per
participant, SD = 0.87) completed the SCID in person or via phone to
assess lifetime MDD and other disorders. MDD family history was
defined dichotomously as having one or more interviewed relatives with
lifetime MDD.
Inventory of Depression and Anxiety Symptoms-II. The twentyitem General Depression scale from the Inventory of Depression and
Anxiety Symptoms-II (IDAS; Watson et al., 2012) was used to measure
depressive symptom severity over the past two weeks. The General
Depression scale had excellent internal consistency in the present study
(α = 0.88), and has demonstrated strong psychometric properties
(Watson et al, 2008, 2012).
2.3. Reward Positivity task
The RewP was elicited using the Doors Task (Foti and Hajcak, 2010),
a simple gambling task in which participants can either gain or lose
money. The Doors Task was modified in the present study to include a
neutral feedback option in which no money was gained or lost (i.e.,
‘breaking even’). At the beginning of each trial, participants were pre
sented with an image of three doors and were instructed to choose one
door by pressing the corresponding button on a keyboard. The doors

2. Materials and methods
2.1. Participants

Table 1
Demographic and clinical characteristics of the sample.

Participants were non-depressed young adults, all of whom had
previously participated in a parent study investigating familial risk for
internalizing psychopathology (Stevens et al., 2019; Weinberg et al.,
2016). The parent sample primarily consisted of sibling pairs aged
18–30 (to ensure they were in the peak risk window for internalizing
psychopathology; Kessler et al., 2005) recruited from the community.
Individuals in the parent sample who had consented to receive com
munications regarding additional study participation opportunities
were contacted via phone and/or email. To maximize sample size, po
tential participants were recruited for the present study regardless of
whether their sibling could participate. Potential participants then
completed a phone screen to assess inclusion and exclusion criteria.
Although the parent study had no diagnosis-based inclusion or exclusion
criteria, the present study excluded potential participants if they met
diagnostic criteria for current MDD due to the focus on risk for depres
sion. Sixty-eight individuals participated in the present study, but nine
participants with fewer than ten completed ESM surveys were excluded
from all analyses, leaving 59 individuals (49 singletons and five sibling

1

Some studies have also examined affect variability (i.e., the within-person
standard deviation). Instability captures dynamic affective processes better
than variability because the latter does not consider temporal dependency (i.e.,
affect at time t occurring before affect at time t+1) and only reflects dispersion
from one’s mean level.

Characteristic

Frequency (%) or Mean (SD)

Age (M, SD)
Sex = Female (%)
Ethnicity (%)
Caucasian
African American
Hispanic
Asian
Mixed Race or Other
Education (%)
Some high school
Graduated high school or equivalent
Some college
Graduated 2-year college
Graduated 4-year college
Personal MDD History (%)
Family MDD History (%)
Current Diagnoses (%)
Alcohol Use Disorder
Substance Use Disorder
Posttraumatic Stress Disorder
Panic Disorder
Agoraphobia
Social Anxiety Disorder
Specific Phobia
Generalized Anxiety Disorder
Obsessive Compulsive Disorder

22.08 (3.20)
43 (72.9)

Note. MDD = Major Depressive Disorder.
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22 (37.3)
9 (15.3)
15 (25.4)
9 (15.3)
4 (6.8)
1 (1.7)
6 (10.2)
27 (45.8)
5 (8.5)
20 (33.9)
30 (50.8)
26 (44.8)
0 (0.0)
0 (0.0)
2 (3.4)
0 (0.0)
0 (0.0)
0 (0.0)
2 (3.4)
0 (0.0)
0 (0.0)
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remained on the screen until the participant responded. After the
response, a fixation cross appeared for 1000 ms and feedback was pre
sented on the screen for 2000 ms. Feedback consisted of either a green
“↑” (indicating a gain of $.80), a red “↓” (indicating a loss of $.40), or a
yellow “—” (indicating no money was gained or lost). The amounts of
monetary gain and loss were selected to give gain and loss equally
subjective values (Tversky and Kahneman, 1992). Next, a fixation mark
appeared for 1500 ms and was followed by the message “Click for the
next round,” which remained on the screen until the participant
responded, thus beginning the next trial. The task consisted of 30 gain,
loss, and neutral trials (90 trials total) presented in a pseudorandom
order.
Continuous electroencephalography (EEG) data were recorded using
an elastic cap and the ActiveTwo BioSemi system (BioSemi, Amsterdam,
Netherlands). Sixty-four Ag/AgCl electrodes were used, based on the
10–20 system, as well as two electrodes on the right and left mastoids.
The electrooculogram (EOG) generated from eye movements was
recorded using four facial electrodes. Horizontal eye movements were
measured using two electrodes located approximately 1 cm outside the
outer edge of the right and left eyes, and vertical eye movements and
eyeblinks were measured via one electrode placed approximately 1 cm
below the left eye and electrode FP1. The data were digitized at a
sampling rate of 1024 Hz, using a low-pass fifth order sinc filter with − 3
dB cutoff point at 208 Hz. Each active electrode was measured online
with respect to a common mode sense (CMS) active electrode, located
between PO3 and POz, producing a monopolar (nondifferential) chan
nel. CMS forms a feedback loop with a paired driven right leg (DRL)
electrode located between POz and PO4, reducing the potential and
increasing the common mode rejection rate.
Offline, all data were analyzed in BrainVision Analyzer 2.1.0 (Brain
Products, Munich, Germany), and were referenced to the average of the
left and right mastoids and band-pass filtered with low and high cutoffs
of 0.1 and 30 Hz, respectively. Eye blink and ocular corrections were
conducted using established standards (Gratton et al., 1983). EEG
channels with a high number of channel-specific artifacts were removed
and interpolated (spline interpolation; Perrin et al., 1989). The mean
number of interpolated channels was 1.71 (maximum = 7). EEG data
were segmented into epochs beginning 200 ms before feedback onset
and ending 1000 ms after feedback onset. The 200 ms prior to feedback
onset was used for baseline correction. Epochs for individual channels
were rejected using a semi-automated procedure, with artifacts identi
fied using the following criteria: a voltage step of more than 50 μV be
tween sample points, a voltage difference of 300 μV within a trial, and a
maximum voltage difference of less than 50 μV within 100 ms intervals.
These intervals were rejected from individual channels in each trial.
Visual inspection of the data was then conducted to detect and reject
remaining artifacts. After interpolation and artifact rejection, the
average number of trials retained for averaging was 29.6, 29.5, and 29.6
for the gain, loss, and neutral conditions, respectively. The RewP was
scored as the mean amplitude from 250 to 350 ms following feedback at
a pooling of FCz and Cz, where the difference between gain and non-gain
amplitudes was maximal (see Fig. 1). Consistent with recommendations
for isolating ERPs to activity specific to one condition (Meyer et al.,
2017), responses to loss and neutral trials were regressed on responses to
gain trials, thus creating a residual score for the RewP. Split-half re
liabilities for each condition were calculated using the correlation be
tween the averages of odd- and even-numbered trials corrected using the
Spearman-Brown prophecy formula (Nunnally and Bernstein, 1994),
and were 0.94, 0.91, and 0.89 for the gain, loss, and neutral conditions,
respectively.

each prompt, participants received the 10-item Positive and Negative
Affect Schedule-Short Form (PANAS-SF; Kercher, 1992). Positive affect
(PA; excited, enthusiastic, alert, inspired, and determined) and negative
affect (NA; distressed, upset, scared, nervous, and afraid) items were
rated on a 5-point Likert scale ranging from 1 (very slightly or not at all) to
5 (extremely), and item order was randomized each day. Participants had
20 min to complete the ESM protocol, after which it was no longer
available. Participants completed an average of 45.89 surveys over the
ESM period, corresponding to a compliance rate of 54.6%. As affect
dynamics indices may differ depending on the time lag examined
(Gollob and Reichardt, 1987), we excluded longer time lags in analyses
of instability and inertia. Instability analyses excluded lags greater than
1.5 standard deviations above the sample mean (resulting in an average
lag of 172.33 min; range = 54.88–354.12), and inertia analyses focused
on surveys completed within successive windows (mean lag = 149.46
min; range = 54.88–247.55). The 52 participants included in analyses of
affective inertia had an average of 28.46 pairs of consecutive completed
surveys (SD = 12.23; range = 11–58).
2.5. Procedures
At a baseline assessment, participants were administered the SCID by
trained study staff, completed the self-reported IDAS, and completed the
Doors Task while EEG data were recorded. Following EEG acquisition,
the Metricwire (Metricwire Inc., Kitchener, Canada) app was installed
on participants’ smartphone, and participants were instructed on how to
complete the ESM items. Participants also were reminded that EMS
prompts would occur 6 times per day over the course of 14 days, and
participants were called with reminders to complete surveys during that
time.
2.6. Data analysis
As ESM observations (level 1) are nested within individuals (level
2),2 multilevel modeling was used to estimate relationships between
each MDD risk factor and mean, instability, and inertia of PA or NA. All
models included a random intercept to allow mean levels of PA or NA to
vary freely across individuals. Models also covaried for current depres
sive symptom severity (IDAS General Depression scale), as subthreshold
depression has been shown to be associated with mean levels, insta
bility, and inertia of affect (Houben et al., 2015). This additionally
allowed tests of the predictive power of the three risk factors indepen
dent of residual current depressive symptoms. To examine relationships
between MDD risk factors and mean levels of momentary PA and NA,
separate multilevel models were estimated for each risk factor as a fixed
effect predictor of PA or NA. Significant relationships between a risk
factor and mean PA or NA were followed up with a model testing
whether affect valence moderated the relationship between the risk
factor and mean affect levels. Significant moderating effects of affect
valence would indicate that the risk factor is differentially associated
with mean levels of PA versus NA.
Affect instability was operationalized using adjusted square of suc
cessive differences (ASSDs) following Jahng et al. (2008). Successive
differences (i.e., affectt+1 – affectt) were first calculated separately for
PA and NA, and were then adjusted by dividing each successive differ
ence by [(ti+1 − ti)/median(ti+1 − ti)]λ. Lambda (λ) was calculated
separately for PA and NA, and was chosen to make the successive dif
ference as constant as possible across participants. Adjusted successive
differences were then squared. Separate multilevel models predicting
ASSDs (i.e., affect instability) were estimated for each MDD risk factor

2.4. Experience sampling methodology
2
The present study included five sibling pairs (3 individuals with remitted
MDD, 7 healthy controls). As 91% of families contained one participant, family
effects could not be distinguished from person-level effects and thus were not
included.

Following the baseline assessment, participants received ESM
prompts six times daily at random times within stratified 90-min win
dows between 8:30am and 10:30pm for 14 consecutive days. During
70
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Fig. 1. (A) Waveforms representing mean amplitudes to each condition. (B) Topographical maps representing differences in reactivity between conditions.

relative to both loss, t(114) = 4.18, p < .001, semi-partial R2 = 0.03, and
neutral feedback, t(114) = 9.46, p < .001, semi-partial R2 = 0.12. Am
plitudes were more positive following monetary loss than neutral
feedback, t(114) = 5.28, p < .001, semi-partial R2 = 0.04.

and for PA and NA. As recent studies have questioned the incremental
validity of affect instability over mean affect (Dejonckheere et al., 2019),
instability analyses also controlled for mean affect.
Affect inertia was analyzed using multilevel autoregressive models in
which affectt predicted affectt+1. The lagged level 1 predictor (affectt)
was within-person centered for inertia analyses to allow for an inter
pretation of within-person effects (Hamaker and Grasman, 2014), and
the autoregressive relationship was modeled as a random slope to
represent individual differences in inertia. Inertia models controlled for
the linear effect of time because previous studies have reported linear
time trends in ESM data (e.g., Koval et al., 2015a). To determine if
inertia was moderated by any of the MDD risk factors, we estimated
separate models for each risk factor and for PA and NA, each of which
included a cross-level interaction between the level 1 autoregressive
slope and the level 2 risk factor. As a result, the level 1 intercept reflected
each person’s mean level of PA or NA across all observations.
Between-day (i.e., overnight) lags were excluded from computations of
instability and inertia by setting the first affect ratings of the day to
missing when the last ESM survey on the preceding day was
non-missing.
All models were estimated via maximum likelihood, and semi-partial
R2 for fixed effects were calculated using Nakagawa and Schielzeth
(2013) guidelines. Analyses were performed in R (R Core Team, 2019)
using the lme4 (Bates et al., 2015) and lmerTest (Kuznetsova et al.,
2017) packages.

3.2. Depression risk factors and ESM
Correlations between continuous study variables are presented in
Fig. 3. The three MDD risk factors were not associated with each other
(ps > .05). Participants reported an average IDAS General Depression
score of 32.92 (SD = 8.86), which corresponds to the 44th percentile in a
national norming sample (Nelson et al., 2018). Depression severity was
greater in individuals with a history of MDD (M = 37.40, SD = 9.44)
compared to healthy controls (M = 28.28, SD = 5.14), t(45.12) = 4.63, p
< .001, d = 1.22, but did not differ between participants with and
without a family history of MDD, t(40.75) = 1.39, p = .173, d = 0.39,
and was unrelated to the RewP, r = − 0.12, t(57) = 0.91, p = .367. ESM
compliance was unrelated to any of the depression risk factors or current
depressive symptom severity (ps > .05). Multilevel models indicated
that, with the exception of a significant negative association between the
number of completed surveys and PA instability, β = − 0.10, t(53.06) =
2.51, p = .015, semi-partial R2 = 0.01, neither ESM compliance nor
current depressive symptom severity were significantly related to mean,
instability, or inertia of PA or NA (ps > .05). Consistent with theoretical
accounts of PA and NA as relatively orthogonal (e.g., Watson et al.,
1988), PA and NA were unrelated within individuals (p > .05).
Results of multilevel models predicting mean, instability, or inertia
of PA or NA while covarying for current depression symptom severity
are summarized in Table 2. MDD history was significantly related to
mean NA, β = 0.42, t(59.86) = 2.48, p = .016, semi-partial R2 = 0.03, as
individuals with a history of MDD had higher mean levels of NA than
healthy controls. This effect remained significant in a model that
included the other two risk factors as additional predictors, β = 0.40, t
(56.92) = 2.42, p = .019, semi-partial R2 = 0.03. To test whether this

3. Results
3.1. Preliminary analyses
Similar to previous studies (Funkhouser et al., 2019; Weinberg and
Shankman, 2017), ERPs to feedback in the Doors Task differed as a
function of condition, F(2, 114) = 44.94, p < .001, R2 = 0.12, such that
mean amplitudes were significantly greater following monetary gain
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Table 2
Relationships between depression risk factors and mean levels, instability, and inertia of positive and negative affect.
Risk Factor
MDD History
MDD Family History
Reward Positivity

Positive Affect

Negative Affect

Mean

Instability

Inertia

Mean

Instability

Inertia

-.13 [-.49, .26]
.31 [-.07, .59]
-.01 [-.18, .16]

.01 [-.15, .17]
-.01 [-.15, .14]
.00 [-.07, .07]

-.01 [-.16, .11]
.10* [.03, .27]
.02 [-.03, .11]

.42* [.05, .41]
-.07 [-.21, .13]
-.13 [-.15, .01]

-.12 [-.22, .02]
-.02 [-.11, .08]
-.01 [-.05, .04]

.08 [-.07, .27]
-.10 [-.29, .06]
-.08* [-.20, .00]

Note. *p < .05.
Coefficients are presented as standardized betas. Brackets contain 95% confidence intervals. All models covary for current depressive symptoms as measured by the
IDAS General Depression scale. Significant effects (p < .05) are bolded.
MDD = Major Depressive Disorder.

effect was specific to (or stronger for) NA, we tested whether affect
valence (PA versus NA) moderated the relationship between MDD his
tory and momentary affect while controlling for depressive symptom
severity and the other two depression risk factors. Affect valence
significantly moderated this relationship, β = .61, t(5356.71) = 15.46, p
< .001, semi-partial R2 = 0.03, such that MDD history was more strongly
related to mean levels of NA than PA. No risk factors were significantly
associated with mean PA.
No risk factors were significantly associated with instability of PA or
NA. However, participants with a family history of MDD had greater PA
inertia independent of current depressive symptom severity, β = 0.10, t
(30.81) = 2.48, p = .019, semi-partial R2 < 0.01, and when the other two
risk factors and their interactions with PA at time t were included as
additional predictors, β = 0.09, t(33.78) = 2.13, p = .041, semi-partial
R2 < 0.01. Additionally, the RewP negatively predicted NA inertia
above and beyond current depression symptoms, β = − .08, t(38.11) =
2.04, p = .048, semi-partial R2 = 0.01, indicating that individuals with
less neural reactivity to reward had greater persistence of NA from one
time point to the next. However, the effect for RewP was weaker and
non-significant when the other two risk factors and their interactions
with NA at time t were added as additional covariates, β = − .04, t
(53.52) = 0.96, p = .343, semi-partial R2 < 0.01. Best linear unbiased
predictions (BLUPs; Robinson, 1991) for each participant’s random

autoregressive slope of NA (i.e., estimated NA inertia) controlling for
current depression symptom severity and the linear effect of time are
plotted in relation to the RewP (Fig. 2).
4. Discussion
The present study tested the relationships between three wellestablished depression risk factors and different aspects of affect dy
namics. Individuals with a past episode of MDD reported greater mean
levels of NA than controls, those with a family history of MDD had
greater PA inertia, and reduced neural reactivity to reward was associ
ated with greater NA inertia. Taken together, these findings suggest that
risk factors for MDD may be distinctly associated with different aspects
of affect dynamics.
The finding that individuals with past episodes of MDD experience
higher mean levels of NA in their daily lives is consistent with prior
research (Aan het Rot et al., 2012; Schoevers et al., 2020) and the
theoretical importance of NA in depression (Clark and Watson, 1991).
This relationship was independent of current depressive symptom
severity and other risk factors, indicating that it was not attributable to
residual depression symptoms (in participants with remitted MDD) or
shared variance with other risk factors. This relationship was also
significantly stronger for NA than PA. In prior studies, elevated mean

Fig. 2. The relationship between the Reward Positivity and best linear unbiased predictions (BLUPs) of the inertia of negative affect (i.e., random autoregressive
slope of negative affect at time t predicting negative affect at time t+1).
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Fig. 3. (A) Correlations between continuous study variables. As instability and inertia were computed at the within-person level, multilevel models were used to
generate best linear unbiased predictions (BLUPs) for each participant’s instability and inertia of positive and negative affect. (B) Within-subject correlations between
affect dynamics indices. Significant correlations (p < .05) are shaded, and the degree of shading corresponds to the strength of the correlation.

levels of NA prospectively predicted depression recurrence (Wichers
et al., 2010) and thus, may represent a target for preventative in
terventions. Importantly, studying individuals with remitted MDD pre
cludes the ability to determine whether elevated mean NA preceded
(reflecting vulnerability) or was caused by the prior depressive episode
(reflecting a ‘scar’; Zeiss and Lewinsohn, 1988).
The present study also found that a family history of MDD was
associated with greater PA inertia above and beyond current depressive
severity, MDD history, and neural reward sensitivity. Stronger affective
inertia is thought to reflect resistance or inflexibility to external (e.g.,
events) or internal (e.g., emotion regulation) influences (Hollenstein,
2015), and greater PA and NA inertia have been associated with current
depression symptoms and future depression onset (Houben et al., 2015;
Kuppens et al., 2012). Component processes of affective inflexibility
such as maladaptive emotion regulation strategies (e.g., suppression;
Koval et al., 2015b) are implicated in depression (Beblo et al., 2012),
and may be mechanisms underlying the relationship between family
history of depression and PA inertia.
Additionally, neural reward sensitivity was associated with inertia of
NA, indicating that individuals who had less neural reactivity to reward
had greater persistence of NA over time. This effect was independent of
current depressive symptoms, but nonsignificant and slightly weaker
when MDD history and family history were included as additional pre
dictors. It is possible that those with blunted reward sensitivity experi
ence a smaller reduction in NA following positive events relative to those
with greater reward sensitivity. Additional work is needed to elucidate
(a) how the reward processing system unfolds in daily life, (b) how this
system is disrupted in individuals at risk for depression, and, (c) broader
associations between laboratory reward measures and real-world affect,
affect dynamics, and behavior (Bakker et al., 2017; Waugh et al., 2017).
The relationships between depression risk factors and emotional
inertia were small in magnitude, which was expected given that
depression itself is only moderately related to affective inertia (Houben
et al., 2015). It also is worth considering whether effects related to
emotional inertia are specific to one affect valence and/or index of affect
dynamics. It is unclear why family history was related to inertia of PA
but not NA, and it is somewhat surprising that neural sensitivity to
reward was related to inertia of NA but not PA (Ironside et al., 2018).
These relationships may reflect distinct mechanisms underlying risk for
depression. If so, this would suggest that the emotion context insensi
tivity hypothesis (Rottenberg, 2005), which asserts that depression is
characterized by blunted reactivity and flexibility of both positive and
negative emotions, may not extend to individuals at risk for depression.
However, further research examining the specificity of these

relationships is needed, as the use of multilevel modeling precluded
analyses testing whether affect valence moderated relationships be
tween risk factors and inertia or whether effects were specific to inertia.
Depression symptom severity was unrelated to mean, instability, or
inertia of PA or NA, which is somewhat inconsistent with results from
previous studies, including some studies of non-clinically ascertained
samples (e.g., Houben et al., 2015; Sperry et al., 2020). There are several
differences that may account for these discrepant results. First, in
dividuals with current MDD were excluded from the present study, but
have generally not been excluded in relevant prior studies of
non-clinically ascertained samples. The exclusion of individuals with
clinical levels of depression symptom severity likely restricted the upper
range of depressive symptom severity, potentially inhibiting the ability
to detect these effects. Second, the present study assessed depressive
symptoms using the IDAS General Depression scale, whereas prior
studies have typically used more widely used measures such as the Beck
Depression Inventory. Although the IDAS General Depression scale has
demonstrated convergent validity with other depression measures
(Watson et al., 2007), differences in item content across measures may
have contributed to discrepant findings regarding associations between
depression symptom severity and affect dynamics (Fried, 2017).
Strengths of this study include the relatively novel focus of studying
risk factors in non-depressed individuals, the inclusion of a neurophys
iological measure of reward processing, the measurement of MDD
family history through direct interviews with first-degree relatives, and
the inclusion of current depression symptom severity as a covariate.
There are also several important limitations in the present study. First,
unmeasured factors such as experiences of and reactivity to positive and
negative events, emotion regulation, and sleep may have impacted
momentary emotions during the ESM period (Aan het Rot et al., 2012;
Pemberton and Fuller Tyszkiewicz, 2016). Second, the sample size and
ESM response rate were somewhat lower than in some other affect dy
namics studies, which may have decreased statistical power. Third, re
sults may not generalize beyond the depression risk factors or time lags
examined in the present study (Hollenstein et al., 2013). Fourth, family
history of MDD was likely underestimated because not all first-degree
relatives were interviewed, and this underestimation may have influ
enced the results of the family history analyses.
5. Conclusion
The present study tested whether three well-established risk factors
for depression were related to momentary affect and affect dynamics.
MDD history was associated with higher mean NA, family history of
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MDD was associated with greater PA inertia, and reduced reward
sensitivity was associated with greater NA inertia. These findings sug
gest that studying real-world affect and affect dynamics can elucidate
potential mechanisms underlying risk for depression.
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