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Major depressive disorder (MDD) is conceptualized by individual symptoms occurring most of the day
for at least two weeks. Despite this operationalization, MDD is highly variable with persons showing
greater variation within and across days. Moreover, MDD is highly heterogeneous, varying consider-
ably across people in both function and form. Recent efforts have examined MDD heterogeneity byin-
vestigating how symptoms influence one another over time across individuals in a system; however,
these efforts have assumed that symptom dynamics are static and do not dynamically change over
time. Nevertheless, it is possible that individual MDD system dynamics change continuously across
time. Participants (N = 105) completed ratings of MDD symptoms three times a day for 90 days, and
we conducted time varying vector autoregressive models to investigate the idiographic symptom
networks. We then illustrated this finding with a case series of five persons with MDD. Supporting
prior research, results indicate there is high heterogeneity across persons as individual network com-
position is unique from person to person. In addition, for most persons, individual symptom networks
change dramatically across the 90 days, as evidenced by 86% of individuals experiencing at least one
change in their most influential symptom and the median number of shifts being 3 over the 90 days.
Additionally, most individuals had at least one symptom that acted as both the most and least influential
symptom at any given point over the 90-day period. Our findings offer further insight into short-
term symptom dynamics, suggesting that MDD is heterogeneous both across and within persons
over time.
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General Scientific Summary
In the current study, we conducted a case series on five individuals with current major depressive dis-
order (MDD) who responded to a depression questionnaire three times a day and used a time-series
methodology to determine, for each person, how each of the symptoms changed and influenced each
other over the course of 90 days. Our findings indicate that MDD is not only heterogeneous in its man-
ifestation between persons but can also be highly variable in presentation within an individual over time.
As such, individuals with MDD who experience a more variable symptom presentation may benefit
from personalized, time-sensitive clinical interventions.

Keywords: major depressive disorder, ecological momentary assessment, time series, network analysis,
symptom dynamics

Supplemental materials: https://doi.org/10.1037/abn0000884.supp

Major depressive disorder (MDD) is one of the most common
mental disorders and the leading cause of global disease burden
(Smith, 2014). Unfortunately, current diagnostic conceptualizations
are faced with several difficulties. First, while MDD is a complex,
heterogeneous system with over 1,000 unique symptom presenta-
tions (Cramer et al., 2016; Fried & Nesse, 2015a), current diagnostic
conceptualizations of MDD treat different MDD symptoms as inter-
changeable (e.g., meeting five of nine diagnostic criteria or using
sum scores of individual symptoms of MDD occurring most of the
day, nearly every day for at least 2 weeks to create a total score,
reflecting overall depression severity). This conceptualization falls
short of accurately capturing an individual’sMDD given that presen-
tations can vary substantially from person to person (Fried & Nesse,
2015a, 2015b), and viewing MDD as a sum score leaves out crucial
information as to which symptoms are the most important and influ-
ential in a person’s overall diagnostic presentation (Beard et al.,
2016). A second problem with diagnostic conceptualizations is the
assumption that within a major depressive episode,MDD is assumed
to be chronic and unwavering (e.g., occurring “most of the day
nearly every day for 2 weeks”). However, when persons with
MDD are measured intensively within persons’ daily lives, their
symptoms are far from stable across days or weeks and in fact
vary more substantially across hours within a day rather than across
either weeks or months (Ebrahimi et al., 2021; Fried et al., 2022;
Lorenz et al., 2020; Wichers et al., 2016, 2020).
Rather than using traditional diagnostic conceptualizations, MDD

may be better conceptualized as a constantly evolving, complex sys-
tem for individual persons. As such, MDD symptoms dynamically
interact with each other such that one symptom can influence the
development and maintenance of other MDD symptoms, thus con-
tributing to the overall complex system of how MDD presents
(Beard et al., 2016; Cramer et al., 2016). Moreover, symptom
dynamics not only vary from person to person but can also vary
widely within a single day for a given individual and on an hourly
basis because of both internal (e.g., negative cognitions) and exter-
nal factors (e.g., stressful life events; Bringmann et al., 2018). Thus,
it is important to utilize methodological and statistical approaches to
accurately capture the dynamic system of MDD.

Current Network Approaches to Symptom Variability

Ecological momentary assessments (EMAs) allow for researchers
to collect several assessments throughout a single day for a longitu-
dinal period and can be used to investigate short-term changes in

symptom variability. Vector autoregressive (VAR) modeling is a stat-
istical analysis that uses repeated measures regression to examine the
temporal relationships between symptoms in psychopathology, includ-
ing MDD (Jordan et al., 2020), and often includes data from EMAs.
More recently, VAR modeling has been applied to network science
to examineMDD as a symptom and investigate how symptoms change
and influence each other over time (Epskamp et al., 2018; Jordan et al.,
2020). When applied to network analysis, a statistical analysis used to
examine interactive relationships between symptoms and how these
relationships change over time (Borsboom & Cramer, 2013), VAR
models are able to detect whether certain symptoms at one time
point (e.g., insomnia) directly lead to increases or decreases of other
symptoms (e.g., anhedonia) or the same symptom (e.g., insomnia) at
the next time point.

Prior research using VAR models to investigate MDD symptom
network dynamics has commonly made use of graphical (N= 1)
or multilevel (N. 1) methods. Employment of these particular
VAR models, however, may not provide an accurate picture of
how symptoms dynamically fluctuate over time. First, the multilevel
VAR model takes a group-level approach to examine network struc-
tures over time and cannot provide information as to how symptoms
change at an individual level. Alternatively, graphical VAR takes an
idiographic approach; however, relatively few studies have utilized
this modeling for depression (de Vos et al., 2017; Kaiser &
Laireiter, 2018; Wichers et al., 2016, 2020, 2021), and further
research is needed to validate its ability to detect symptoms changes
over time within a single individual. Second, both graphical and
multilevel VAR models assume that the relationships between vari-
ables (e.g., insomnia and anhedonia) are static across time and that
dynamic changes do not occur between variables across time
(Bringmann et al., 2015; Haslbeck et al., 2021; Jordan et al.,
2020; Lütkepohl, 2005), neglecting the possibility that MDD symp-
tom networks themselves change over time. Thus, prior work has not
yet been able to accurately capture the complex, dynamic system of
MDD and has instead investigatedMDD as a complex, static system.

Time-Varying VAR Modeling

In order to help address this inability to fully capture the dynamic
nature of MDD symptoms across time, a time-varying auto- and
cross-regressive modeling framework can be utilized. The major
benefit of this approach is that it allows for both autoregressive
(e.g., X at T1 impacts X at T2) and cross-regressive relationships
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(e.g., X at T1 impacts Y at T2) to change with time (i.e., model non-
stationary processes), and better reflects the reality of MDD in that it
is still capable of capturing static symptom dynamics over time
(which may be the case for some individuals) but can also model
fluctuating dynamics as both internal and external factors arise.
Generalized additive models (GAMs) are uniquely poised to han-

dle this modeling framework as they allow for nonlinear smooths to
estimate changing coefficients over time (Hastie & Tibshirani,
1995). Specifically, GAMs do not have the assumption that all
time points are equally spaced, allowing for the time in between
each EMA to vary and not be fixed. When applied in a single-lag
auto- and cross-regressive approach, this methodology allows us to
estimate the changing relationship between each symptom of
MDD, as measured by the Patient Health Questionnaire-9 (PHQ-9;
Kroenke & Spitzer, 2002), and every other symptom (including
the symptom of interest) at the following time point. For example,
the relationship between anhedonia and itself (autoregressive) at
the prior time point can be different on Day 2 than it is on Day 9,
and there is a smoothed trajectory for this changing association
over time. This same idea can also be applied to any cross-regressive
association. For example, the association between concentration dif-
ficulties and psychomotor difficulties can be quite large at Time
Point 15 and quite small at Time Point 30, and while this changing
association may be because of changing external or internal factors,
most importantly, this approach allows for capturing these changing
dynamics.

Rationale

As previously noted, prior research has investigated MDD symp-
toms over time using a stationary approach (e.g., graphical and mul-
tilevel VAR), thus potentially leaving out important information
about the heterogeneity of MDD symptoms and how they can
dynamically change and influence each other over time. Moreover,
relatively few studies have examined MDD symptoms with an idio-
graphic network analysis approach.
There is one existing study that has examined the dynamic

changes of MDD with a time-varying VAR approach (Siepe et al.,
2022). Their findings indicate thatMDD symptoms can substantially
vary both across and within persons over time, providing further evi-
dence highlighting the importance of investigating MDD as a non-
stationary, dynamic system. While Siepe et al. (2022) uncovered
important information about MDD symptom dynamics, they only
assessed two depressive symptoms per day for 20 individuals. In
addition, while they were able to examine variability across days,
it is also important to examine variability within days given that
symptoms can change over the course of hours (Ebrahimi et al.,
2021; Fried et al., 2022; Lorenz et al., 2020; Wichers et al., 2016,
2020). In addition, using time-varying VAR modeling to examine
the dynamics of all MDD symptoms may provide added insight
into how symptoms influence each other over time. Siepe et al.’s
(2022) analyses also utilized block bootstrapping methods to assess
the stability of their estimates, which suggested that the parameter
estimates were unstable; however, this method may not be suitable
to use with time-varying coefficient models.
Thus, the purpose of the current case series is to examine the

dynamics of MDD symptoms within individual persons using a
time-varying VAR approach from EMA data. We first evaluate over-
all MDD symptom variability across the entire sample (N= 105),

and then we provide a more detailed investigation of these dynamics
in a smaller case series of selected participants (n= 5). Given that
traditional bootstrapping methods, which are often used to validate
network models, are not suitable for use with time-varying VAR,
we have also included a qualitative analysis of the five individuals’
daily diary entries to both better capture their lived experiences and
to see how these entries map onto their MDD symptoms throughout
the 90 days.

Method

Procedure

As a part of the Tracking Depression Study, an R01 study funded
by the National Institute of Mental Health and the National Institute
of General Medical Sciences, individuals over 18 years of age with
current MDD were recruited remotely across the United States via
Google Ads. Participants were required to use an Android-based
phone as their primary mobile device. They were screened for cur-
rent MDD and exclusion criteria through online surveys and virtual
interviews, allowing for mental health assessments and for collec-
tion of demographic information. The mental health assessment
included a Structured Clinical Interview for Diagnostic and
Statistical Manual of Mental Disorders, fifth edition, which was
administered by a board-certified psychiatrist.1 Individuals were
excluded from participation if, at any point during the screening pro-
cess, they endorsed active suicidality, current or past psychotic
symptoms or bipolar disorder, or if they did not meet criteria for
a major depressive episode within the past 30 days. This study
was approved by the Dartmouth College Institutional Review
Board (the Committee for the Protection of Human Subjects
[STUDY00032081]), and participants were asked to provide both
written and verbal consent prior to taking part in study.

Following screening, qualifying participants were asked to install
the smartphone application, MLife, on their Android device. MLife
is a mobile sensing application developed to collect passive sensing
and EMA data (R. Wang et al., 2014). Participants were instructed to
keep MLife running throughout the 90-day study period and were
prompted three times a day by the application to answer an EMA
(i.e., a short survey), which included questions about depressive
symptoms and a diary entry. EMA notifications were delivered start-
ing 4 hr after participant self-reported wake time (morning EMA)
and at 4-hr intervals thereafter (afternoon and evening EMAs),
with a total of 270 EMA prompts per participant over the 90 days.
Upon study completion, participants were compensated $1 per
EMA completed.

PHQ-9

At each EMA, participants completed a modified version of the
PHQ-9, a validated measure used to assess depression severity
(Kroenke & Spitzer, 2002; Torous et al., 2015). In the current
study, we utilized a modified PHQ-9 to make the EMA questions

1 A board-certified psychiatrist completed the SCID-5 with each partici-
pant; however, inter-rater reliability was not assessed in the current study.
Although the same individual administered the SCID-5 with all participants,
which likely resulted in consistent clinical decisions, we were not able to
assess whether these decisions would be consistent across independent
clinicians.
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more mobile-friendly (see the online supplemental materials).
Participants were asked to use a sliding scale (rather than the original
four-item Likert scale) to select a value ranging from 0 to 100 that
best reflected how they felt, as done in prior work (Torous et al.,
2015). Participants were asked to think of the sliding scale as ranging
from a day in their past when the relevant question was not an issue at
all (i.e., 0 or not at all) to a day in their past when the relevant ques-
tion was the most applicable (i.e., 100 or constantly) and to assess
how they had felt over the past 4 hr within this range.

Diary Entry Question

Participants were presented with an optional diary entry question
at the end of each EMA, which prompted participants to describe
how they had felt over the past 4 hr and why. Thus, participants
were given the opportunity to provide diary entries up to 3 times
per day, and they were provided the option of responding through
either video, audio, or text (maximum of 2,500 characters).
Participants were encouraged to use this space to either write
about their emotions or provide any other relevant information,
including changes in medication or therapy.

Participants

At the time of this analysis, the Tracking Depression Study had a
total of 105 participants who had completed the EMA portion of the
larger trial and were included in the present analyses (86% women,
10% men, 2% nonbinary, and 2% other; 82%White, 5% Asian, 8%
Black, 2% American Indian or Alaskan Native, and 3% other; 92%
non-Hispanic and 8% Hispanic). The five participants included in
the current analysis were selected based on their number of diary
entries, and those with the greatest number of diary entries were cho-
sen to allow for a more robust qualitative validation of model find-
ings. The five illustrative participants met the criteria for MDD via
the structured clinical interview for Diagnostic and Statistical
Manual of Mental Disorders, fifth edition and were between the
ages of 20–40 years old, with the majority of participants identifying
as women (80%women, n= 4) and non-HispanicWhite (80%, n= 4;
see Table 1 for individual demographic data).

Data Preparation

Data used for this analysis consisted of all PHQ-9 EMA data col-
lected over the course of the 90-day study except for the question
related to sleep difficulties, which we excluded based on it only
being presented to participants once a day rather than three times
per day. EMA entries were either fully completed or did not exist,
and thus there were no EMAs that contained partial data. In this
study, we evaluated symptom variability across all 105 participants
as well as conducted a more nuanced investigation of five of these
participants, selected based on their having contributed the greatest
number of daily diary entries to allow for thorough qualitative vali-
dation of the modeling outputs. Across these five participants, they
each answered 277, 266, 273, 216, and 168 EMAs, respectively,2

and no participant went more than 3 days without answering a survey
across the 90 days of the study. From this EMAdata, eight data tables
were generated per person, with each data table representing one
MDD symptom as the outcome and all eight symptoms at a lag of
one EMA as the predictors. These data tables had (t−1) rows with

one row for each EMA excluding the first because there are no lag
one predictors at t= 1.

Modeling Approach

Following the data preparation, eight GAMs, representing each of
the eight MDD symptoms as an outcome, were fit per person (N= 5)
and included in the case series, resulting in 40 total GAMs. An
example GAM formula looks as follows for the prediction of
PHQ-9 Question 1 (Q1; having little interest or pleasure), where
the remaining PHQ-9 questions Q1–Q8 (excluding the sleep ques-
tion) at the time prior to the outcome (t−1) are the predictors.

Q1t = b0 + f (t) ∗ Q1t−1 + f (t) ∗ Q2t−1 + · · · + f (t)

∗ Q8t−1 + e, e � N(0, s2).
(1)

In this formula, we evaluate the linear relationship between each
MDD symptom as it predicts every other MDD symptom as a (non)
linear smooth function ( f ) of time. Additionally, we add an L1 pen-
alty term allowing predictors to be penalized to zero (Wood, 2017).
This penalization was put in place to prevent spurious results from
estimates with high variability. From each of these models, we
obtained a coefficient for each lagged predictor at each time point
(each EMA), and these changing coefficients represented the
dynamic, directional relationships between the lagged predictor
and the outcome for any given symptom.

Model Outputs and Evaluation

Given this modeling approach, the per-person outputs consisted
of a coefficient for each symptom as it predicted every other symp-
tom, including itself, at the next time point. These results were then
made into an adjacency matrix of coefficients for each time point
(EMA). From these adjacency matrices, directed networks could
then be generated with nodes representing symptoms and edges rep-
resenting the association for how well the starting node predicted the
receiving node at the next time point. The primary outcome of inter-
est was the changing outdegree for each node in the network. In this
case, outdegree was essentially the sum of the absolute value of the
coefficient for a given lag one predictor across each outcome. This
value represented how influential a given symptom was on all
other symptoms, including on itself at the following time point.
With outdegree, we can evaluate the changing influence over time
of any given symptom on all other PHQ-9 measured components
of MDD.

This approach is similar to what would typically be seen in a
Gaussian graphical model where nodes are represented by symptoms
and edges are represented as partial correlations between symptoms
across individuals (Epskamp et al., 2018; Yuan & Lin, 2007). As
noted above, typically these models are validated via bootstrapping
to assess whether the partial correlations persist over bootstrap iter-
ations. Unfortunately, with the idiographic approach, there is no
appropriate method to bootstrap over time points and thus a quanti-
tative validation becomes implausible.

2 Note that surveys beyond the 270 required were due to participants’ enter-
ing surveys before the official start date or completing more than the required
number of surveys in a given day. The internal consistency for these surveys
across all participants was .765.

NEMESURE ET AL.158

T
hi
s
do
cu
m
en
ti
s
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al
A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le
is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al
us
e
of

th
e
in
di
vi
du
al
us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

https://doi.org/10.1037/abn0000884.supp


To address this issue, we chose to perform a qualitative evaluation
using written diary entries from the participants. All entries were
aggregated into a single data file, which consisted of the participant
number, date, and text from the diary entry. A trained predoctoral
clinical psychology intern read through each participant’s diary
entries in this file and qualitatively evaluated how well they corre-
sponded to the dynamic symptom fluctuations. Specifically, the
intern searched for diary entries that were completed at the time in
which an individual had a symptom shift (e.g., around September
20 for Participant 1). If relevant diary entries were not available at
times in which symptoms shifted, the intern next selected diary
entries that were relevant to when a given symptom demonstrated
high outdegree (i.e., around March 29 for Participant 4). Entries that
corresponded temporally to shifts in symptomatology or elevated
symptom outdegree were noted and mapped back to the model out-
puts to qualify the modeling results. The intern selected an equal num-
ber of diary entries for each individual (i.e., three entries each);
however, we included a fourth entry for Participant 1 given the num-
ber of times their most influential changed. All coauthors involved in
the modeling agreed with the diary entry selections.

Transparency and Openness

The purpose of the current study was to examine how the dynam-
ics of MDD symptoms within individual persons vary across time
and was exploratory in nature; thus, we did not have any explicit
hypotheses for the current study. This study was not preregistered,
and the data is not publicly available because of it being part of an
ongoing data collection. The modified PHQ-9 used in the current
study is publicly available from the original methodological paper
(Torous et al., 2015).

Results

We first evaluated the distribution of symptom dynamic variabil-
ity in the overall sample (N= 105). In this broader analysis, and as a
means of simplifying a more complex set of results, symptom
dynamic variability was defined as “the number of times the most
influential feature changes” (see Figure 1 for symptom dynamic var-
iability distribution). The average number of times the most predic-
tive feature changed for an individual across the 90 days was 1.886

Table 1
Participant Demographics

Demographics Overall sample Participant 1 Participant 2 Participant 3 Participant 4 Participant 5

Gender 86% Women Transgender woman Woman Woman Man Woman
Race 82% White White Asian White White White
Ethnicity 92% Non-Hispanic Non-Hispanic Non-Hispanic Non-Hispanic Hispanic Non-Hispanic
Treatment — None None Nonea Psychotherapy/antidepressantb Antidepressant

Note. Overall sample includes 105 participants; psychotherapy indicates that the participant was seeing a mental health clinician for therapy (i.e., not
medication management). Antidepressant indicates that the participant was taking a psychotropic medication for MDD (i.e., selective serotonin reuptake
inhibitor or serotonin norepinephrine reuptake inhibitor). MDD=major depressive disorder.
a Participant 3 started an SSRI in April. b Participant 4 started esketamine in March.

Figure 1
Distribution of Symptom Dynamic Variability for Larger Study (N= 105)

Note. This histogram shows the distribution for the number of times the topmost predictive symptom
changed over the course of the study for the first 105 individuals to complete the study.
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times, with a median of 2 times. Furthermore, 89 out of the 105 indi-
viduals included in the study had their most influential symptom
change at least once over the 90-day study period. To better under-
stand if and how the outdegree coefficients appropriately represent
the individuals’ reported symptom severity, we calculated a correla-
tion between the coefficient and reported symptoms for each individ-
ual (i.e., one correlation for each symptom). The z-scores of these
correlations were then averaged across persons and converted back
to Pearson’s r. These results are listed in Table S1 and indicated a
small, but positive, correlation (r= .17–.38) for each symptom, sug-
gesting that the individuals’ calculated metrics are positively related
to their ratings of each symptom on the PHQ-9.
The primary idiographic results of this analysis are the changing

symptom dynamics across the five participants selected for this case
series. These are represented in Figures 2–6, which display the chang-
ing outdegree for each symptom as it predicts all other symptoms at
the next time point. Through this, we can evaluate the changing influ-
ence of a given symptom on their depression profile as well as the
overall variability of an individual’s depression dynamics and presen-
tation. Note, an even more nuanced representation of symptom
dynamics is reported in the online supplemental materials. These ani-
mated gifs capture all symptom-to-symptom relationships over time
instead of simply taking the sum of a symptom’s influence.
As noted above, traditional bootstrapping methods are not suitable

methods to validatemodels that use time-varyingVAR. Thus, we used

the empirical standard error to estimate the confidence intervals for the
individual coefficient estimates for each symptom of the five partici-
pants. These figures are in the online supplemental materials and pro-
vide further information regarding the validity of our findings.

Participant 1

Participant 1 is a White, non-Hispanic transgender woman in the
20–40 age range. Of the five participants, Participant 1 had the most
variable symptom profile in this case series as evidenced by their top
influential symptom changing seven times (see Figure 2). Across the
eight measured symptoms, this participant had three unique symp-
toms that were the most influential, each for a given period of
time. Of note, Participant 1 seemed to experience a periodic effect
for feeling bad about the self, where this symptom varied from
high to low importance in an oscillatory manner. In addition, fatigue
seemed to maintain relatively high importance, and it was the most
influential symptom profile component when prior high-impact
symptoms (e.g., feeling bad about the self) had dampened effects.

Participant 2

Participant 2 is an Asian, non-Hispanic woman in the 20–40 age
range. The majority of this participant’s symptom profile was influenced
by anhedonia and depressed mood, and they demonstrated only one

Figure 2
Changes in Symptom Dynamics for Participant 1

Note. This figure shows the sum of the absolute value of outdegree for each symptom as it predicts every other symptom at the next time point. As an example,
the value for Q1 (little interest/pleasure) for the last survey on September 13 is the sum of how predictive it is for all measured symptoms of the first survey on
September 14. See the online article for the color version of this figure.
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change in their top influential symptom (see Figure 3). Toward the end of
the 90-day period, suicidal ideation quickly became a larger influence on
other symptoms despite starting as a symptom with a low amount of
influence. The remaining PHQ-9 symptoms were relatively static with
respect to their influence on this participant’s MDD dynamics.

Participant 3

Participant 3 is a White, non-Hispanic woman in the 20–40 age
range. Their top influential symptom changed twice (see Figure 4).
For the first 2 months of the study, the symptom of suicidal ideation
was the primary contributor to their symptom dynamics, increasing
in influence for the first month and, while still dominant over the
influence of other symptoms, slowly decreasing in importance for
the secondmonth. Throughout the 90 days, many symptoms dynam-
ically changed in their influence, including fatigue, psychomotor
difficulties, and feeling bad about the self. In the final month,
psychomotor difficulties emerged as an important driver of other
symptoms, and then suicidal ideation increased in its influence in
the last week.

Participant 4

Participant 4 is aWhite, Hispanic man in the 20–40 age range. This
participant had the least variable depression profilewith no changes in

their top influential symptom, depressedmood, whichwasmaintained
throughout the duration of the study (see Figure 5). Beyond this, how-
ever, all other symptoms also exhibited a relatively static level of pre-
dictiveness across the study. Anhedonia was initially an influential
symptom, but it steadily decreased to a minimal outdegree, and
then it increased slightly again. Feeling bad about the self also steadily
increased throughout the study and remained the secondmost influen-
tial symptom throughoutmost of the 90 days. Participant 4’s symptom
variability profile exemplifies how MDD has been broadly defined in
the past as a relatively static combination of symptoms. In context with
the four other participants studied, this finding highlights the inherent
flexibility of this methodology to capture not only dynamic MDD
symptom fluctuations but also more consistent MDD experiences.

Participant 5

Participant 5 is a White, non-Hispanic woman in the 20–40 age
range. Their top influential symptom changed three times (see
Figure 6). At the outset of the study, the symptom of suicidal ideation
seemed to drive their overall depression characterization. Over the first
half of the study, however, this symptom influence decreased, fol-
lowed by a sustained lack of impact starting midway into the study.
Instead, feeling bad about the self and fatigue became the primary
drivers of this participant’s symptom profile across the second part
of the study.

Figure 3
Changes in Symptom Dynamics for Participant 2

Note. This figure shows the sum of the absolute value of outdegree for each symptom as it predicts every other symptom at the next time point. As an example,
the value for Q1 (little interest/pleasure) for the last survey on November 29 is the sum of how predictive it is for all measured symptoms of the first survey on
November 30. See the online article for the color version of this figure.
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Comparisons Between Time-Varying Networks and
Qualitative Data

As noted above, we included selective diary entries to further val-
idate the changes in symptom networks and investigate internal and
external factors that may have influenced these changes.When exam-
ining this qualitative data (i.e., diary entries), a common theme
emerged such that participants often wrote about symptoms,
thoughts, or behaviors that were related to the most influential depres-
sive symptom at the time instead of directly writing about the actual
depressive symptom. Thus, it is likely that some of these depressive
symptoms are capturingmore than the symptom itself, including anx-
iety and somatic symptoms. For example, Participant 1 provided
many diary entries about not getting enough sleep, feeling tired, or
having a “busy day.” Indeed, fatigue was one of their most influential
symptoms, so it is likely that her fatigue is driven by lack of sleep and
having busy days because of work and taking care of her child.
Participant 3 provided more diary entries regarding her physical
activity (e.g., exercising more) and medical problems (e.g., blood
sugar decreasing) and increased anxiety throughout her 90 days.
Participant 4 did not have any changes in outdegree in the network
as depressed mood remained the most influential symptom in the net-
work across the 90 days. This may have been exacerbated because of
them ruminating daily on negative aspects of their life, including a
recent breakup, hopelessness, and worthlessness.

Discussion

In the current study, we conducted a novel investigation of the
dynamics of depressive symptoms within 105 participants over the
course of 90 days using EMA data and a time-varying VAR approach
and used five individuals as exemplars to illustrate this approach. In
line with prior research, our results indicate that there is high heteroge-
neity across persons, such that the individual network composition is
unique from person to person (de Vos et al., 2017; Kaiser &
Laireiter, 2018; Siepe et al., 2022). Moreover, our results show that
for most persons, individual depressive symptom networks can change
dramatically in form across a 3-month period, as evidenced by some
participants exhibiting significant variability within their symptom net-
works. Further investigation of symptom changes in the larger sample
(N= 105) also revealed heterogeneity across persons, as evidenced by
variability across the sample in the number of times that the most influ-
ential sample changed for a given individual (i.e., 0–8 times). Within
the larger sample, 85% of individuals had their top symptom change at
least once and 54% had this occur more than once. Furthermore, 46%
of individuals had at least one symptom be both the most influential
and least influential at some point over the course of the 90 days,
and 70% of individuals had their most influential symptom fall into
the bottom half. Taken together, our findings suggest that the dynamics
of depressive symptom networks vary from person to person and are
highly variable across time.

Figure 4
Changes in Symptom Dynamics for Participant 3

Note. This figure shows the sum of the absolute value of outdegree for each symptom as it predicts every other symptom at the next time point. As an example,
the value for Q1 (little interest/pleasure) for the last survey on February 21 is the sum of how predictive it is for all measured symptoms of the first survey on
February 22. See the online article for the color version of this figure.
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Clinical Implications

Our findings hold important clinical implications for treatment as
well. The field of network science has thus far provided important
information about the development and maintenance of depressive
symptoms. If reflecting causal relationships, centrality measures
(e.g., outdegree) can give us information about which depressive
symptoms are the most influential over others in a network and
potentially suggest which symptoms can serve as important targets
for clinical interventions. For example, for individuals where anhe-
donia emerges as the most impactful symptom, interventions target-
ing this symptom (e.g., positive affect treatments) may be more
beneficial than other treatments (Wichers et al., 2021). As currently
explored with graphical and multilevel VAR models, the symptom
that emerges as the most impactful may indicate that this symptom
is a risk factor and an important intervention target overall, but
these models do not assess time-sensitive changes in symptom
dynamics and intervention needs. As evidenced by our findings,
MDD is better represented as a heterogeneous, dynamic system,
given that, for some individuals, symptoms and symptom dynamics
change dramatically across time. Moreover, symptoms also dynam-
ically change during treatment, often a result of direct therapeutic
change. Thus, investigating depressive symptoms with a dynamic,
time-varying approach may provide better information as to how

symptom dynamics change over time in response to psychological
and pharmacological therapies (Bringmann, 2021; Bringmann et
al., 2017) and may also help bridge the gap between network science
and clinical practice for providing personalized therapeutic care
based on person-specific networks.

Based on the differences between the five case studies presented
here and prior research (Fisher, 2015; Jacobson & Nemesure,
2021), individuals likely benefit from different treatments depending
on their initial presentation. For example, anhedonic depressed
individuals may benefit more from positive affect treatments, and
primarily depressed individuals may benefit more from cognitive-
behavioral therapy. Thus, taking a “one-size-fits-all” treatment
approach across individuals can be potentially problematic and in-
effective. Additionally, our findings indicate that the dynamic nature
of depressive symptoms may be better suited for interventions that
are more time-sensitive and fluid rather than traditional, weekly
in-person interventions. Thus, a one-size-fits-all treatment approach
within an individual may also be potentially problematic as a
patient’s therapeutic needs will most likely fluctuate over time in
response to treatment or other internal (e.g., negative cognitions)
or external factors (e.g., stressful life events).

Fortunately, digital interventions represent a growing field in the
literature, with several interventions currently in use for MDD
(Moshe et al., 2021). Digital interventions offer an advantage over

Figure 5
Changes in Symptom Dynamics for Participant 4

Note. This figure shows the sum of the absolute value of outdegree for each symptom as it predicts every other symptom at the next time point. As an example,
the value for Q1 (little interest/pleasure) for the last survey on February 21 is the sum of how predictive it is for all measured symptoms of the first survey on
February 22. See the online article for the color version of this figure.
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traditional in-person interventions as they are often cheaper, less
time consuming, and available in the moment to individuals
(Wilhelm et al., 2020). Given the range in variability of symptom
changes from person to person, those who experience greater fluctu-
ations in symptoms may benefit more from digital interventions that
can be used in the moment than weekly in-person interventions.
Just-in-time, adaptive interventions in particular can be utilized for
those individuals whose symptoms tend to change dynamically
over the course of hours or days (Teepe et al., 2021; L. Wang &
Miller, 2020). Thus, being able to monitor individuals’ symptom
dynamics over time and implement just-in-time, adaptive interven-
tions in response to specific symptom changes may help advance
personalized treatment.

Limitations

Although our findings provide important, novel information as
to how depressive symptom networks vary on an idiographic
level, there are several limitations of the current study. First,
because of space constraints, we were unable to include all partic-
ipants in the current study and consequently only selected the five
individuals with the most written diary entries to include in our
qualitative analyses and illustration. While these individuals
were more inclined to write diary entries and may not have

been representative of the broader population, we picked them
specifically so that we could validate whether the modeling
approach was accurately detecting symptom changes. Moreover,
given the time-series nature of the data, a quantitative validation
would not have worked as bootstrapping is not suitable with an
idiographic approach; thus, we estimated the confidence intervals
for our estimates based on the empirical standard error. However,
despite the selection process as a potential limitation, the symp-
tom variability for these five individuals proved representative
of the range of variability for all participants in the sample (i.e.,
Participant 1 had significant variability in symptoms over time,
and Participant 4 had no variability).

Second, given the nature of the time-varying VAR model, we
were unable to include the symptom related to sleep difficulties
as this symptom was only measured once per day (compared to
three times per day for all other symptoms). Thus, it is possible
that excluding this item impacted the variability of symptoms over-
all for some individuals. For example, sleep difficulties could
indeed be the most influential for some individuals; however, we
were unable to capture this phenomenon with the current sampling
framework and inherent missingness (Bringmann, 2021).

Third, we recruited participants online via Google Ads, allowing
us to sample participants more representative of the general popu-
lation within the United States than had we used a community or

Figure 6
Changes in Symptom Dynamics for Participant 5

Note. This figure shows the sum of the absolute value of outdegree for each symptom as it predicts every other symptom at the next time point. As an example,
the value for Q1 (little interest/pleasure) for the last survey on February 21 is the sum of how predictive it is for all measured symptoms of the first survey on
February 22. See the online article for the color version of this figure.
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clinical sample (e.g., from a local hospital). Given that we did not
recruit from patients in a hospital or outpatient clinic, it is unclear
whether our sample extends to a more specific clinical, treatment-
seeking sample of depressed individuals. However, three partici-
pants endorsed receiving treatment for MDD (i.e., psychotherapy
and/or psychotropic medication) at some point during their 90
days in the study; thus, it is possible that we would see similar
results if investigated within a clinical setting.
Fourth, only a lag of one was assessed in the present study, and

our time frame between lags was consistently 4 hr. We chose to
assess this lag because of its interpretability and a lack of method-
ology to determine other optimal lags in this framework. Future
work may wish to investigate different ways of identifying
lags (and different time frames) and incorporating them into the
model to best determine the optimal lag for the symptoms of inter-
est. Moreover, we only investigated outdegree as a metric for
dynamic changes across the 90 days. Recent work has raised con-
cerns about the suitability of this metric to investigate heterogene-
ity across time (both within and between persons; Hoekstra et al.,
2023). Thus, although our findings provide important insights
into how individuals’ symptom presentations change over time, it
is important to use these types of metrics (e.g., outdegree) along
with other data to investigate heterogeneity and clinically meaning-
ful changes over time.
Finally, the MLife app utilized for the current study was developed

for use on Android devices. Thus, participants were required to own
and use an Android phone as their primary device, resulting in exclu-
sion of participants who used smartphones other than an Android
(e.g., iPhones). Given that Android devices constitute 44% of smart-
phone usage in the United States (statcounter, 2022), our sample does
not accurately reflect the larger U.S. population with regard to smart-
phone usage.

Conclusions

In the current study, we conducted the first case series investigat-
ing the symptom dynamics of MDD using time-varying VAR mod-
els. Our findings support prior research that MDD is a dynamic,
constantly evolving system and suggest that the dynamics of depres-
sive symptoms are person-specific and can dramatically change over
time in response to both internal and external factors. Moreover, our
findings suggest that digital interventions may be promising toward
providing personalized, in-the-moment treatment for depressed indi-
viduals. Thus, monitoring depressive symptoms with intensive, lon-
gitudinal data may allow for better detection of symptom changes
and for implementation of time-sensitive interventions.
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