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Abstract

Background: Dimensional frameworks of psychopathology call for multivariate approaches to
map co-occurring disorders to index what symptoms emerge whenand for whom. Ecological
momentary assessment (EMA) offers a method for assessing and differentiating the dynamics of
co-occurring symptoms with greater temporal granularity and naturalistic context. The present
study used multivariate mixed effects location-scale modeling to characterize the time-varying
dynamics of depressed mood and anxiety for women diagnosed with social anxiety disorder
(SAD) and major depression (MDD).

Methods: Women completed five daily EMA surveys over 30 days (150 EMA surveys/woman,
7~ 5,250 total observations) and two clinical diagnostic and retrospective self-report measures
administered approximately two months apart.

Results: There was evidence of same-symptom lagged effects (6s=.08-.09), but not cross-
symptom lagged effects (s < .01) during EMA. Symptoms co-varied such that momentary spikes
from one’s typical level of anxiety were associated with increases in momentary depressed mood
(6=".19) and greater variability of depressed mood (4= .06). Similarly, spikes from one’s

typical levels of depressed mood were associated with increases in momentary anxiety (6= ".19).
Furthermore, the presence and magnitude of effects demonstrated person-specific heterogeneity.

Limitations: Our findings are constrained to the dynamics of depressed and anxious mood
among cisgender women with primary SAD and current or past MDD.
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Conclusions: Findings from this work help to characterize how daily experiences of co-
occurring mood and anxiety fluctuate and offer insight to aid the development of momentary,
person-specific interventions designed to regulate symptom fluctuations.

Keywords
Internalizing; HiTOP; affective dynamics; ecological momentary assessment; heterogeneity

Increasing scientific investment in theoretical models of psychopathology can more
thoroughly characterize why and how psychological disorders co-occur (see Hierarchical
Topographical Organization of Psychopathology, HiTOP; Kotov et al., 2017). For example,
social anxiety disorder (SAD) and major depressive disorder (MDD) are two of the most
commonly reported adult psychiatric disorders (Kessler et al., 2005) and women are at
increased risk for developing both disorders (Breslau et al., 1995; Kessler et al., 2012).
Results from longitudinal research suggest that SAD often precedes the onset of MDD
(Kessler et al., 1999; Parker et al., 1999). Furthermore, individuals who go on to develop
MDD experience more frequent and more severe episodes of depression (Kessler et al.,
1999; Stein et al., 2001) and women are at increased risk for negative consequences resulting
from internalizing symptoms (Foster et al., 2015, 2016; Miranda-Mendizabal et al., 2019).

SAD and MDD have traditionally been conceptualized separately (Abramson et al., 1989;
Heimberg et al., 2014). Transdiagnostic frameworks (e.g., HiTOP, Kotov et al., 2017)

help explain the high co-occurrence rates between single disorders by classifying DSM-5
psychiatric disorders into different spectra, unified by shared cognitive, affective, and
behavioral processes. Within the ‘internalizing’ spectra, SAD and MDD are disorders
consisting of symptoms characterized by fear and distress (Kotov et al., 2017). Overlap

in symptoms and co-occurrence of disorders within the broader internalizing spectra

may signal meaningful links in underlying etiology and maintenance processes that
undermines the distinctiveness and relevance of DSM-5 diagnostic categories. Consequently,
characterizing covariation among symptoms improves our understanding of how disorders
within the internalizing spectra are maintained.

Transdiagnostic frameworks of psychopathology reflect an important shift in efforts to
model why certain disorders co-vary. However, the HiITOP framework remain largely
focused on modeling #rait-level (i.e., singular metric, static in time) vulnerabilities

with limited examination of state-level relationships between momentary experiences

of internalizing symptoms. Intensive longitudinal methods (e.g., ecological momentary
assessment; EMA) can be used to examine how co-occurring SAD and MDD symptoms
fluctuate with closer proximity to the time-scale with which they are experienced

and regulated. Thus, modeling the dynamics of co-occurring symptoms can strengthen
characterization of transdiagnostic processes. Analyses of real-time (i.e., dynamic) data
can demonstrate the degree to which symptoms predict themselves over time (i.e., /nertia)
or exhibit instability over time (e.g., momentary deviations from one’s typical level of a
given symptom) (Jahng et al., 2008). Results from dynamic models can characterize fow
symptoms within a given disorder are maintained over time (e.g., how depressed mood
maintains itself), as well as how symptoms across disorders co-occur or are co-maintained
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over time (e.g., how depressed mood maintains anxiety). Overall, collecting and analyzing
EMA data can strengthen the current HiTOP framework by providing evidence of within-
disorder patterns, as well as cross-disorder patterns that result from naturalistic interactions
between co-occurring symptoms in everyday life.

Methods for measuring and analyzing symptom dynamics also align with measurement-
based care initiatives that call for repeated symptom monitoring to increase standards

of care (e.g., within national healthcare systems; Lemke et al., 2017) and can inform

the design of momentary interventions for co-occurring symptoms. For example, charting
symptom dynamics for a client with SAD-MDD may help guide a therapist to use behavioral
activation to help disrupt inertia in their client’s mood, behavioral exposure to reduce
instability in their client’s anxiety, or emotion regulation skills to reduce covariation

in depressed mood and anxiety over time. Furthermore, symptom dynamics may offer
predictive utility for identifying risk for future psychopathology. For example, some research
has demonstrated that inertia (i.e., stability) of depressed mood predicts future depression
(Elmer et al., 2020), even after accounting for depressogenic factors and baseline depression
(Koval et al., 2012; Kuppens et al., 2012). Preliminary evidence has demonstrated that
changes in emotional inertia may also precede relapse into major depressive episodes (Tonge
et al., 2024; van de Leemput et al., 2014a; Wichers & Groot, 2016). Finally, a recent study
examining symptom dynamics during psychotherapy demonstrated that greater symptom
variability was associated with reduced treatment gains (Brose et al., 2024).

In this study, we aimed to test how hallmark affective symptoms of MDD and SAD

(i.e., “depressed mood’ and ‘anxiety’) fluctuated in association with one another. We
hypothesized that there would be meaningful variation within disorder (i.e., levels of anxiety
varying over time) and across disorders (i.e., levels of anxiety at one timepoint varying

with levels of depression). Additionally, we hypothesized that there would be significant
individual-level variation in symptom dynamics given previous work demonstrating person-
specific heterogeneity within internalizing symptoms (Piccirillo & Rodebaugh, 2022) and
affect (Bosley & Fisher, 2020; Foster & Beltz, 2021). Finally, we aimed to further
characterize the nature of SAD and MDD symptom (co-) variation by examining the

extent to which between-person differences in symptoms assessed using retrospective
symptom self-report are associated with within-person differences in momentary symptom
co-variation. Results test the potential clinical utility of using within-person dynamic metrics
to identify individuals with greater clinical severity or more stable symptom patterns over
time.

To test these aims, we constructed two multivariate mixed-effects location-scale models
(MELSM,; see Table 1). MELSM is a statistical approach that allows researchers to
simultaneously estimate predictors of the momentary ratings of a symptom for a given
person in an average moment (i.e., location), as well as the average degree of variability

of a given symptom from one moment to the next (i.e., scale) releasing assumptions
regarding homogeneity in variance (Hedeker et al., 2008). We also extracted personalized
estimates of SAD and MDD dynamic indices and examined the association with traditional,
retrospective, self-report measures of SAD and MDD symptoms assessed at baseline, as
well as pre-/post- change (i.e., before and after dynamic assessment). Taken together, results
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characterize how daily experiences of co-occurring mood and anxiety fluctuate and offer
insight to aid the development of momentary, person-specific interventions designed to
regulate symptom fluctuations.

Cisgender women (/= 35) diagnosed with SAD and history of MDD completed

intensive longitudinal assessments five times a day for approximately 30 days (7=

5,250 observations; M; = 125 observations). Women were recruited from the university
community into a larger study examining cognitive-affective predictors of mood over

time (Piccirillo & Rodebaugh, 2022). Our sample size and decision to recruit cisgender
women was constrained by resources available, which were insufficient to examine the
effects of sex or gender with adequate statistical power. Women mostly identified as White
(51.43%); however, 28.57% identified as East Asian, 17.14% identified as Black, and 5.71%
identified as Hispanic or Latinx. The average age was 21.37 years (range 18-37 years).
Most women (n7=19, 54.29%) identified as straight or heterosexual, although 12 women
(34.29%) identified as bisexual and four women (11.43%) reported questioning their sexual
orientation. A majority of women (7= 28, 80%) reported that English was their native
language.

A structured clinical interview (Mini International Neuropsychiatric Interview 6.0 (MINI;
(Lecrubier et al., 1997) was used to assess psychiatric symptoms for SAD and MDD at
baseline. MDD was assessed again approximately two months later. Blinded independent
assessors rated randomly assigned interviews from the larger study, which included 18
interviews from this sample (51.4%). Inter-rater reliability was assessed for MDD (K = .83)
and SAD (K =.73).

Depression, social anxiety, and social avoidance symptoms were assessed at baseline
interview prior to starting EMA and approximately one month after completing EMA.
Self-reported depressive symptoms during the past two weeks were assessed using the
Beck Depression Inventory (BDI-1I; (Beck et al., 1996). The BDI-II is a routinely used
self-report measure with excellent internal reliability and good validity (Beck et al., 1996).
Clinician-rated social anxiety and social avoidance symptoms during the past week were
assessed using the Liebowitz Social Anxiety Scale (LSAS; (Liebowitz, 1987). The LSAS is
a clinician-rated interview with excellent internal reliability and good validity (Heimberg et
al., 1999).

A brief battery of 14 EMA items were created for this study to assess symptoms of MDD
and SAD (American Psychiatric Association, 2013) in the present moment. In this study, we
analyzed two items that corresponded to hallmark symptoms of MDD (i.e., feeling dowr)
and SAD (i.e., feeling anxious). Notably, we believed that experiences of anxiety were
likely to fluctuate every few hours (i.e., similar to depressed mood); whereas fluctuations

in ‘social-related anxiety” were more likely to be influenced by external factors, such
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as engagement to social interactions or avoidance. Thus, we selected the broader term,
‘anxiety’, instead of ‘social-related anxiety’ to ensure adequate observational power. Items
were rated using a scale from 0 (Not at all) to 10 (A /o).

Participants completed a brief phone screen to determine preliminary study eligibility,
followed by a lab-based diagnostic interview. Women completed five EMA surveys during a
self-selected 12-hour time for approximately 30 days. Participants returned to the laboratory
for a second diagnostic interview approximately one month after completing EMA (i.e., two
months after the baseline interview).

Scientific transparency and openness

The university’s Institutional Review Board approved this research (IRB #201710016,
201712134) and all participants provided informed consent before beginning study
procedures. The study methods and measures are described further in previous work
(Piccirillo & Rodebaugh, 2022). Hypotheses and analyses presented here were pre-registered
(https://osf.io/s8jzb) and analyzed using R, version 4.3.1 (R Core Team, 2023) and packages
dplyr (Wickham et al., 2023), brms (Biirkner, 2017), and ggplot (Wickham, 2016). Code is
included in the supplementary material. Data are not currently openly available and may be
requested by emailing the corresponding author.

Data Analytic Plan

To model the dynamics of depressed mood, anxiety, and their co-occurrence, we constructed
two multivariate mixed-effects location-scale models (MELSM) using the terms described
in Table 1 and specified further in our pre-registration (https://osf.io/s8jzb). Location and
scale sub-models were estimated simultaneously using Stan, a probabilistic programming
language accessed through the brms R package (Btrkner, 2017). We measured individual-
level variation around the average-level estimate of a given model parameter using

random effect terms for all time-varying parameters and further characterized the nature

of individual-level variation within model effects using a descriptive approach presented

in Williams et al. (2020). Specifically, we calculated personalized estimates for each
parameter by adding the predicted random effect for each person (i.e., each person’s
predicted deviation from the fixed effect) to the fixed effect estimate for that parameter.

We assessed individual-level variation around each fixed effect by counting the number of
individuals who demonstrated a personalized estimate with a 90% CI that did not include

0 (suggestive of a non-zero estimate for that parameter) (see Table 3, Figures 1, 2). For
example, if the fixed effect for a model parameter was statistically significant but only a
few individuals demonstrated personalized estimates that were statistically significant, we
concluded that the fixed effect described only a minority of individuals within the group. We
also compared the magnitude of personalized estimates to the magnitude of the fixed effect
by counting the number of individuals who exhibited a 90% CI around their personalized
estimate that did not include the fixed effect estimate. This allowed us to assess the number
of individuals who demonstrated an estimate that was significantly stronger or weaker in
magnitude compared to the fixed effect (see Table 3, Figures 1, 2).
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MELSM models were fit with non-informative priors that included four chains with at
least 1,000 iterations (and an equally sized warm-up period). We evaluated each model
for convergence by examining the R-hat metric, which is an estimate of convergence

of between- and within-chain estimates for model parameters. We assessed model fit by
examining whether each parameter was associated with a R-hat value < 1.01. We also
examined whether parameters were associated with bulk and tail effective sample sizes
of at least 400 (Gelman, 2006). Bulk and tail effective sample sizes reflect the level of
sampling efficiency in the bulk and tails of the distribution, respectively and are used to
assess reliability. All parameters exhibited R-hat values of 1.00 and bulk and tail effective
sample sizes > 400.1 We examined posterior distributions for each parameter and reported
the mean, standard deviation, and a 90% equal tailed credible interval (90% CI), which
corresponds to upper and lower bounds at the 5 and 95t percentiles, respectively.

To model the associations between baseline levels of SAD and MDD symptoms and
dynamic indices, we calculated the zero-order correlations between personalized estimates
and scores from clinical measures of depression, social anxiety, and social avoidance
symptoms assessed at baseline (Table 4). We also calculated the zero-order correlations
between personalized estimates and change in SAD or MDD symptoms over a 2-month
period (i.e., symptom score assessed 1-2 months after ending EMA minus symptom

score assessed at baseline) to determine whether symptom dynamics were associated with
symptom change over time (Table 4).

On average, participants completed 78.13% of the 150 administered assessments (M;= 125,
Range;= 59 — 147).

Model 1la. Examining predictors of momentary ratings of depressed mood

Estimates from the model examining predictors of momentary depressed mood are included
in Table 1. On average (i.e., across people), depressed mood was relatively stable from one
timepoint to the next such that, previous levels of depressed mood predicted future levels

of depressed mood. Additionally, momentary spikes in anxiety (i.e., deviations from one’s
typical level of anxiety) were associated with higher momentary levels of depressed mood
on average.

Model 1b. Examining predictors of momentary variability of depressed mood

A negative intercept was observed, suggesting that — on average and given an individual’s
typical level of anxiety — the expected residual degree of variability of depressed mood
was lower when starting EMA, and degree of variability significantly increased within the
day. Additionally, lagged levels of depressed mood predicted greater degree of variability
of future depressed mood. Finally, momentary spikes in anxiety (i.e., deviation from one’s
typical levels of anxiety) were associated with greater degree of variability of depressed
mood from one time point to the next.

1Random effects for intercept and day parameters from Model 2, location sub-model demonstrated R-hat = 1.01.
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Examination of random effects and individual-level variation across Models 1a, 1b

Some dynamic predictors of depressed mood demonstrated significant individual-level
variation (Table 2). We examined individual-level variation further by reviewing the
statistical significance and magnitude of personalized estimates (Table 3, Figure 1). We
describe heterogeneity in two statistically significant effects from the location sub-model
below. First, although depressed mood on average demonstrated significant lagged effects
from one timepoint to the next, there were 12 individuals (34.3%) for whom lagged levels of
depressed mood were ot significant predictors of their future depressed mood. Furthermore,
among individuals for whom this effect was statistically significant, there was heterogeneity
in the magnitude of personalized effects, such that three individuals (8.6%) demonstrated
personalized estimates of lagged mood that were significantly strongerthan the fixed effect.
Consequently, depressed mood appears to change in an especially predictable manner for
three individuals. Secondly, the effect between momentary spikes in anxiety and momentary
levels of depressed mood was statistically significant for all individuals in the sample.
However, six individuals (17.1%) demonstrated personalized effects that were significantly
weaker in magnitude than the fixed effect and five individuals (14.3%) who demonstrated
personalized effects that were significantly strongerin magnitude than the fixed effect.
These results suggest that co-occurring increases in momentary levels of depressed mood
and anxiety appear to be particularly strong for some individuals, but not others.

Predictors of variability of depressed mood also varied on the individual-level (Table 2).
We reviewed the personalized estimates for each parameter in the scale sub-model (Table

3, Figure 1). Among the parameters associated with a statistically significant fixed effect,
we found that a majority of individuals did not demonstrate corresponding personalized
estimates that were statistically significant. Therefore, we concluded that the strength of the
fixed effects for the scale sub-model was likely driven by the magnitude of the personalized
estimates from a minority of individuals in the sample.

Overall, results from Model 1 suggested that depressed mood demonstrated consistent
patterns over time for the majority — but not all — individuals, and, for a small subset

of individuals, lagged effects between previous levels of depressed mood and degree of
variability of future depressed mood were especially pronounced. Additionally, momentary
spikes in anxiety were often associated with higher momentary levels of depressed mood,
as well as a greater degree of variability of depressed mood, although there was individual-
level variation in the presence and direction of these associations.

Model 2a. Examining predictors of momentary levels of anxiety

Estimates from the model examining predictors of momentary anxiety are included in Table
2. Similar to Model 1, on average, anxiety demonstrated significant lagged effects from one
timepoint to the next. Additionally, on average, momentary spikes in depressed mood (i.e.,
deviations from one’s typical level of depressed mood) were associated with higher levels of
anxiety.
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Model 2b. Examining predictors of momentary variability of anxiety

A negative intercept was observed, suggesting that — on average and given an individual’s
typical level of depressed mood — the expected residual degree of variability of anxiety was
lower when starting EMA.

Examination of random effects and individual-level variation across Models 2a, 2b

Some dynamic predictors of anxiety demonstrated significant individual-level variation
(Table 2) and review of personalized estimates revealed further heterogeneity (Table 3,
Figure 2). For example, we reviewed personalized estimates for the association between
momentary deviations in depressed mood and momentary levels of anxiety. Although this
effect was statistically significant for all individuals in the sample, there were six individuals
(17.1%) who demonstrated a personalized estimate that was significantly larger than the
fixed effect and six individuals (17.1%) who exhibited a personalized estimate that was
significantly weaker than the fixed (i.e., average-level) effect. Consequently, the presence of
this effect appears homogenous, although its magnitude tends to vary from one person to
another.

Furthermore, nearly all predictors of variability of anxiety demonstrated significant random
effects (i.e., individual-level variation around the fixed effect; Table 2) and there was some
evidence of individual-level variation in model effects. First, although the fixed effect for
the intercept from the scale sub-model was statistically significant on average, we found
that 62.9% of individuals did 7ot demonstrate a personalized estimate that was statistically
significant. Therefore, we conclude that the strength of the fixed effect is likely driven by
the magnitude of the personalized estimates from a minority of individuals in the sample.
Second, we found that a small minority of individuals (7= 8, 22.9%) demonstrated a
statistically significant association between momentary deviations in depressed mood and
degree of variability of anxiety, even though the fixed effect was not statistically significant
on average. Furthermore, within this subgroup, five individuals (14.3%) demonstrated

a personalized estimate that was considerably Ajgher-than-average and three individuals
(8.6%) demonstrated a personalized estimate that was considerably /ower-than-average.
Consequently, we conclude that a small minority of individuals exhibited significant
associations between momentary deviations in depressed mood and degree of variability

of anxiety; however, the magnitude and valence of this effect varies from person to person.

Taken together, results from Model 2 suggest that anxiety demonstrated consistent patterns
over time (although we demonstrated individual-level variation in the magnitude of this
effect) and that momentary spikes in depressed mood (i.e., deviations from one’s typical
level of depressed mood) were associated with higher momentary levels of anxiety (again,
individual-level variation was evident in the magnitude of this effect). Additionally, the
association between momentary deviations in depressed mood and degree of variability of
anxiety was statistically significant for a minority of individuals in the sample.

Examining associations between dynamic indices and baseline SAD and MDD symptoms

We calculated the associations between clinical scores of depressive and social anxiety
symptoms at baseline and personalized estimates to better characterize person- or trait-level
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differences in symptom dynamics (Table 4). We found that individuals with higher baseline
BDI-11 scores were more likely to exhibit a stronger lagged effect in levels of depressed
mood during EMA. Likewise, individuals with higher baseline LSAS social anxiety scores
were more likely to exhibit a stronger association between lagged levels of depressed mood
and degree of variability of future anxiety during EMA.

Examining associations between dynamic indices and change in SAD and MDD symptoms

We examined the correlations between personalized estimates and change in depression,
social anxiety, and social avoidance symptoms to examine how symptom dynamics were
associated with symptom change over time (see Table 4). We demonstrated that individuals
who experienced higher depressed mood in the evenings reported greater change in LSAS
social anxiety symptoms during EMA. Additionally, those with stronger same-moment
associations between depressed mood and anxiety reported greater change in LSAS social
anxiety and avoidance symptoms across the 2-month period.

Overall, those with higher baseline SAD and MDD symptom severity exhibited stronger
lagged effects of depressed mood on future levels of depressed mood, as well as stronger
associations between lagged levels of depressed mood and degree of variability of future
anxiety. There was some evidence to suggest that symptom dynamics were significantly
associated with change in social anxiety and avoidance symptoms over the 2-month period.

Discussion

Examining (co-)variation in symptoms using dynamic data can improve our understanding
of how psychopathology is maintained over time and strengthen transdiagnostic frameworks
that have largely modeled psychopathology using trait-level measures. We applied an
innovative modeling approach to examine dynamics of depressed mood and anxiety and
person-specific heterogeneity within dynamic indicators of SAD and MDD. We found
evidence of within-disorder, but not cross-disorder, inertia during EMA. We also found
evidence of significant co-variation such that spikes from one’s typical level of depressed
mood or anxiety were associated with increased levels of the respective symptom; although
there was individual-level variation within the presence and magnitude of these effects.
Efforts to characterize fluctuations and co-variation within daily experiences of mood and
anxiety strengthens our understanding of dynamic patterns of psychopathology, individual-
level variation within these dynamic patterns and may help to direct the use of clinical
strategies to regulate momentary symptom fluctuations for vulnerable women.

Previous research has consistently demonstrated inertia in mood (i.e., lagged effects of
mood; van de Leemput et al., 2014; Wichers et al., 2020) within individuals diagnosed

with depression; however, there is limited evidence to detail how one affective experience
(e.g., depressed mood) impacts the level (or degree of variability) around a co-occurring
experience (e.g., anxiety). We demonstrated that lagged effects of depressed mood (or
anxiety) were significantly associated with higher levels of (and, to some extent, greater
variability of) the same symptom on average at the following timepoint. Additionally,
women with higher levels of depressive symptoms at baseline demonstrated stronger lagged
(i.e., autoregressive) effects of depressed mood during EMA. However, there was no
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evidence of cross-symptom lagged effects. That is, previous levels of anxiety were not
significantly associated with future levels of (or variability of) depressed mood, nor were
previous levels of depressed mood associated with future levels of (or degree of variability
of) anxiety. Results from this sample of women with co-occurring SAD-MDD help to
advance our theoretical understanding of how internalizing symptoms are maintained across
moments in time. Specifically, these symptoms appear distinct over time, with little evidence
of cross-disorder variation, Future work is needed to articulate the timescale over which
these symptoms influence each other (e.g., weeks, months, or years).

Additionally, we found minimal evidence of trait-level differences in dynamics of depressed
mood or anxiety during EMA.. Specifically, a person’s average level of depressed mood or
anxiety during EMA was not significantly associated with the level or degree of variability
of their anxiety or depressed mood, respectively. Furthermore, baseline levels of depression
or social anxiety symptoms were not significantly associated with personalized estimates of
dynamic indices. That is, on average, differences in dynamic experiences of depressed mood
or anxiety were not clearly a function of one’s baseline or typical level of symptoms. These
findings contrast with previous literature which has demonstrated trait-level differences
among symptom dynamics from the same disorder (e.g., individuals with MDD; Thompson
et al., 2012). Results suggest that baseline or average-levels of depressed mood or anxiety
show little correspondence with momentary levels of depressed mood and anxiety. These
results strengthen our conceptualization of trait-versus state-level metrics as potentially
distinct, with limited linkages within or between symptoms of fear and distress.

Instead, results provided clear evidence for momentary co-variation between hallmark
symptoms of MDD and SAD and help to characterize the dynamic relationships within

the internalizing spectra. For example, momentary spikes from one’s typical level of
anxiety were associated with higher concurrent ratings of depressed mood and variability
of depressed mood. Likewise, momentary spikes from one’s typical level of depressed mood
were associated with higher concurrent ratings of anxiety. These results provide evidence
of cross-disorder co-variation in depressed mood and anxiety that seem most likely to
occur during periods of high symptom intensity. Additionally, individuals who exhibited
stronger associations between momentary co-variation in their depressed mood and anxiety
(i.e., personalized estimates that were larger in magnitude) reported lower change in social
anxiety symptoms across EMA. Thus, tracking the momentary fluctuations in depressed
mood (or anxiety) may help detect concurrent increases in anxiety (or depressed mood),
suggestive of a lower emotion differentiation or a more persistent pattern of social anxiety
and avoidance.

We examined individual-level variation within co-occurring symptom dynamics by
modeling random effects and reviewing personalized estimates for each parameter. We
found that although fixed effect estimates demonstrated that previous levels of depressed
mood were significantly associated with future levels of depressed mood, approximately
one-third of women did not demonstrate a significant lagged effect. Additionally, careful
examination of personalized estimates demonstrated that significant fixed effects regarding
the association between previous levels of depressed mood and degree of variability of
future depressed mood were likely driven by a small subset of women (e.g., as over 75%
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of women in the sample did not demonstrate a significant effect). Examining heterogeneity
provides helpful insight into person-specific differences. For example, designing momentary
interventions based solely on review of fixed effects may result in limited efficacy for
specific individuals within the sample. Future research is needed to examine whether

these person-specific differences are associated with differential responses to relevant
interventions (e.g., are women who /ack strong temporal associations in depressed mood
less responsive to interventions that target inert mood, such as intense physical activity)?

Likewise, there was evidence of person-specific heterogeneity around the magnitude and
valence of model effects (despite homogeneity in the presence of an effect). For example,
the association between momentary spikes in anxiety and levels of momentary co-occurring
depressed mood was significant for all women in the sample; however, approximately

15% of women in the sample exhibited an association that was significantly stronger

than the fixed effect and approximately 15% of women demonstrated an association that
was significantly weaker than the fixed effect. Similarly, nearly one-quarter of women
demonstrated a significant association between momentary spikes in depressed mood and
degree of variability of co-occurring anxiety; however, within this subsample of women,
some women’s degree of variability of anxiety was higher during periods of above-average
mood; whereas, other women’s degree of variability of anxiety was higher during periods of
below-average mood.

Several limitations are evident in this work. First, our findings are constrained to cisgender
women with primary SAD and current or past MDD and so dynamic indices may yield
different information or predictive value when modeling symptom dynamics for other
affective disorders or in non-cisgender female populations. At the same time, individual-
level generalizability in affective science may be broadly limited overall (see Foster & Beltz,
2021). Second, we used single-items to measure depressed mood and anxiety to increase

the ease of completing EMA and maximize the number of person-specific observations,
which is critical for maximizing stability in personalized estimates (Mansueto et al., 2022).
However, single-item measurement decreases construct validity by restricting our definitions
of depressed mood and anxiety and increases measurement error (see Dejonckheere et

al., 2022 for design-related solution to assess measurement error for single-items). Future
work is needed to model dynamics of additional symptoms associated with mood and
anxiety disorders, as well as symptom-symptom interactions that define disorder given the
significant symptom-level heterogeneity within internalizing disorders (e.g., Fried et al.,
2016).

There are relevant clinical implications stemming from this work, particularly linked to
measurement-based care initiatives that call for increased symptom monitoring to increase
standards of care (e.g., within national healthcare systems; Lemke et al., 2017). Findings
from our work underscore the utility of tracking momentary affective experiences to
understand co-variation within daily experiences of mood and anxiety disorders and to
account for person-specific heterogeneity when modeling changes in momentary mood
and anxiety. Measuring the momentary links between co-occurring depressed mood and
anxiety may improve our assessment of clinical severity for an individual with comorbid
SAD-MDD. Moreover, findings highlight the utility of strategies to help women regulate
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symptoms on the momentary level (versus interventions based on broad diagnostic profiles).
For example, using psychoeducation to build awareness around coping with momentary
spikes in depressed mood (or anxiety) may better support women’s use of emotion
regulation strategies, as these occasions are likely to also reflect momentary spikes in
anxiety (or depressed mood). Alternatively, symptom-specific emotion regulation strategies
(e.g., increasing pleasant experiences or approaching anxious situations) may be more
useful in decreasing the inertia in depressed mood (or anxiety), as opposed to broader,
cross-disorder, emotion-regulation strategies (e.g., cognitive restructuring).

Findings also illustrate the utility of accounting for differences in the valence of an effect.
For example, distress tolerance skills may be more useful for women who exhibited
increased variability of anxiety during periods of above-average levels of depressed mood;
whereas a skill that is more targeted for anxiety specifically may be more effective for
women who exhibited increased variability of anxiety during periods of below-average
levels of depressed mood. However, future research is needed to determine the extent to
which dynamic metrics correspond to future symptoms among individuals with co-occurring
clinical presentations (see criticisms of predicting future psychopathology using affective
dynamics; Bos et al., 2019; Dejonckheere et al., 2019).

Results highlight the utility of repeated symptom monitoring to measure within-day
symptom fluctuations, which can assist treatment planning and prediction of treatment
outcomes (Torous et al., 2020). However, the question of how to best incorporate dynamic
measures into clinical practice requires continued discussion and evaluation. Our findings
advance our conceptualization of the dynamic interplay between internalizing symptoms and
offer insight to those working at the intersection of mental health, measurement-based care,
and digital technology.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Modeling personalized estimates for parameters reflecting the dynamics of depressed

mood

Note. Error bars represent the 90% credible interval around each predicted personalized
estimate (fixed effect plus random effect). 90% CI refers to the credible interval (Cl) around
the posterior distribution. The 90% CI denotes the interval that the associated estimate lies
within, with 90% certainty. If the 90% CI does not include 0, the estimate is likely to be
non-zero, with 95% certainty. The fixed effect is represented with a hashed line.
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Figure 2: Modeling personalized estimates for parameters reflecting the dynamics of anxiety
Note. Error bars represent the 90% credible interval around each predicted personalized

estimate (fixed effect plus random effect). 90% CI refers to the credible interval (CI) around
the posterior distribution. The 90% CI denotes the interval that the associated estimate lies
within, with 90% certainty. If the 90% CI does not include 0, the estimate is likely to be
non-zero, with 95% certainty. The fixed effect is represented with a hashed line.
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Table 2

Modeling dynamic features of depressed mood (Model 1) and anxiety (Model 2)

Depressed mood

Model 1la Model 1b

Location parameter M (SD) [90% CI] Scale parameter M (SD) [90% CI]

Fixed effects estimates

1duosnuey Joyiny

1duosnuen Joyiny

Bo
By Dayjj
B2 Surveyij
B3 DOWN| 41 jj
Ba Anxiety| ag jj
Bs Anxiety;

[36 Anxietyij

-0.09 (0.06) [-0.21, 0.02]
0.00 (0.00) [0.00, 0.01]
0.00 (0.01) [-0.01, 0.02]
0.08 (0.01) [0.06, 0.11]
0.00 (0.01) [-0.02, 0.01]
0.01 (0.01) [-0.01, 0.03]
0.19 (0.01) [0.16, 0.22]

Mo
1 Day;;
M2 Surveyj;

M3 DOwny aq1 jj

M4 ANXiety ag jj

15 Anxiety;

M6 Anxietyij

-0.32 (0.09) [-0.50, ~0.14]
0.00 (0.00) [-0.01, 0.00]
0.02 (0.01) [0.01, 0.04]
0.03 (0.01) [0.01, 0.04]
0.00 (0.01) [-0.02, 0.02]
0.01 (0.02) [-0.02, 0.05]
0.06 (0.02) [0.03, 0.09]

Random effects estimates

Ho
Wy Dayjj
Mz Survey;;
H3 Downy aq jj
g AnXiety ag1ij

Hs Anxiety;;

0.02 (0.01) [0.00, 0.05]
0.00 (0.00) [0.00, 0.00]
0.01 (0.00) [0.00, 0.02]
0.06 (0.01) [0.04, 0.08]
0.01 (0.01) [0.00, 0.04]
0.08 (0.01) [0.06, 0.11]

Ho
Wy Day;j
Hz Surveyi;
M3 Downy qq1 jj
g Anxiety,_aglvi,-

Hs Anxietyi;

0.16 (0.04) [0.09, 0.24]
0.01 (0.00) [0.01, 0.02]
0.02 (0.01) [0.00, 0.04]
0.04 (0.01) [0.02, 0.06]
0.04 (0.01) [0.01, 0.06]
0.08 (0.01) [0.06, 0.11]

1duosnuey Joyiny

1duosnuen Joyiny

Anxiety

Model 2a Model 2b

Location parameter M (SD) [90% CI] Scale parameter M (SD) [90% CI]

Fixed effects estimates

Bo 0.08 (0.06) [-0.05, 0.21] 0 -0.16 (0.08) [-0.31, -0.01]
By Day;; 0.00 (0.00) [0.00, 0.00] n, Day; -0.01 (0.00) [0.01, 0.00]
B2 Survey;; -0.02 (0.01) [0.04, 0.00] 2 Survey; 0.01 (0.01) [-0.01, 0.04]

0.00 (0.01) [-0.02, 0.02] 0.00 (0.01) [-0.01, 0.02]

0.01 (0.01) [0.00, 0.03]

B3 DOWN| 41 jj

Ba AnXiety) ag1 jj

M3 Downyaq1 jj

0.09 (0.01) [0.07,0.10]  my AnXiety agr

Bs Down; 0.00 (0.01) [-0.03, 0.03] 15 Down; 0.01 (0.02) [-0.03, 0.05]

Bs Downy; 0.19 (0.02) [0.16, 0.22] M Down;; 0.00 (0.01) [-0.02, 0.03]
Random effects estimates

Ko 0.06 (0.05) [0.00, 0.19] Ho 0.08 (0.05) [0.01, 0.19]

H; Dayj; 0.01 (0.00) [0.00, 0.01] py Dayjj 0.01 (0.00) [0.01, 0.02]
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Hz Survey;; 0.02 (0.01) [0.00, 0.04]
Ha Downy aq jj 0.02 (0.01) [0.00, 0.04]
Mg AnXiety a1 ij 0.03 (0.01) [0.01, 0.05]
s Down;; 0.08 (0.01) [0.06, 0.11]

Ha Survey;;
3 Downy qq1 i
Hq ANXiety aqq j

Hs Down;;

0.04 (0.01) [0.02, 0.06]
0.02 (0.01) [0.00, 0.04]
0.03 (0.01) [0.01, 0.04]
0.05 (0.01) [0.03, 0.07]

Page 21

Note. 90% ClI refers to the credible interval (Cl) around the posterior distribution. The 90% CI denotes the interval that the associated estimate lies
within, with 90% certainty. If the 90% CI does not include 0, the estimate is likely to be non-zero, with 95% certainty; these estimates are bolded.
Subscript j refers to a person-mean value; jj refers to a person-mean centered variable.
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Table 4

Page 23

Associations (r) between personalized estimates of dynamic features of depressed mood and anxiety and self-
reported mood and anxiety symptoms at baseline and follow-up

Associations at baseline

Model 1a Model 1b
Location parameters Scale parameters
BDI-Il  LSAS, Anx LSAS, Avoid BDI-II LSAS, Anx LSAS, Avoid
Intercept -.29 -.06 -.03 -.15 -.16 -.15
Dayij .25 .20 15 .26 17 14
Survey;; -.25 -.15 -.06 12 .06 .05
Lagl, Down;; a7 15 .05 .24 15 .08
Lagl, Anxiety; — —.20 -.22 -.18 .10 -.20 -.32
Anxiety;; -.22 12 .22 -.29 .03 .06
Model 2a Model 2b
Location parameters Scale parameters
BDI-II  LSAS, Anx LSAS, Avoid BDI-II  LSAS, Anx LSAS, Avoid
Intercept .20 .22 .00 -.16 -.13 =12
Dayij -.02 -.24 .00 .25 13 .06
Survey;; -.27 -.02 -.09 =12 -.10 -.09
Lagl, Down;; -.28 -.15 .05 14 36" .28
Lagl, Anxiety;; -.03 -.10 -11 -.03 .16 13
Downj; -.18 .20 27 A3 19 15
Associations at follow-up
Model 1a Model 1b
Location parameters Scale parameters
BDI-Il  LSAS, Anx LSAS, Avoid BDI-Il  LSAS, Anx LSAS, Avoid
Intercept -.03 -.32 -.15 -.06 -.02 -.02
Dayij -.01 .03 -.10 .06 .35 .07
Survey;; -.04 4™ -.27 -.23 -.30 -.08
Lagl, Down;; -.29 .08 .05 =17 .27 12
Lagl, Anxiety;; .04 -.14 -.04 -.22 -12 A1
Anxiety;; 13 4% ~36% .06 -.02 -.01
Model 2a Model 2b
Location parameters Scale parameters
BDI-Il  LSAS, Anx LSAS, Avoid BDI-II LSAS, Anx LSAS, Avoid
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Intercept -.01 .08 .29 -.14 -.01 .07
Dayij .02 .05 -.26 -.03 .33 .09
Survey;; -.04 -13 .10 -12 -.09 .02
Lagl, Down;; 15 -.17 -.24 -.23 -.23 =27
Lagl, Anxiety;; -.04 15 19 .07 -.28 -.10
Downj; .09 47 —43% -.02 -.25 -.19
Note. Parameters refer to the predicted personalized estimates (fixed effect + random effect). BDI-Il = Score on the Beck Depression Inventory — II;

LSAS = Liebowitz Social Anxiety Scale; Anx = Anxiety subscale; Avoid = Avoidance subscale. BDI-II and LSAS were administered at baseline.
Follow-up assessments were administered approximately 1-2 months after finishing EMA.

*
reflects p< .05

*:

*
reflects p<.001.
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