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ARTICLE INFO ABSTRACT

Keywords: Residual symptoms and stress are amongst the most reliable predictors of relapse in remitted depression.
Depression Standard methodologies often preclude continuous stress sampling or the evaluation of complex symptom in-
Relapse teractions. This limits knowledge acquisition relative to the day-to-day interactions between residual symptoms
Remission . . . . . .

Stress and stress. The study aims to explore the interactions between physiological stress and residual symptoms

network structure in remitted depression. Twenty-two individuals remitted from depression completed baseline,
daily diary (DD), and post-DD assessments. Self-reported stress and residual symptoms were measured at baseline
and post-DD. Daily diaries required participants to use a wearable electrodermal activity (EDA) device during
waking hours and complete residual symptom measures twice daily for 3-weeks. Two-step multilevel vector auto-
regression models were used to estimate contemporaneous and dynamic networks. Depressed mood and con-
centration problems were central across networks. Skin conductance responses (SCRs), suicide, appetite, and
sleep problems were central in the temporal and energy loss in the contemporaneous network. Increased SCRs
predicted decreased energy loss. Residual symptoms and stress showed bi-directional interactions. Overall,
depressed mood and concentration problems were consistently central, thus potentially important intervention
targets. Non-obtrusive bio-signal measures should be used to provide the clinical evidence-base for modelling the
interactions between depressive residual symptoms and stress. Practical implications are discussed throughout
related to focusing on symptom-specific interactions in clinical practice, simultaneously reducing residual
symptom and stress occurrences, EDA as pioneering signal for stress detection, and the central role of specific
residual symptoms in remitted depression.

Network models
Electrodermal activity
Wearable sensing

1. Introduction 1999). It is therefore important to address what factors contribute to a

relapse-remitting course of depression. This study aims to explore in-

Depression is the leading cause of disability worldwide (WHO,
2018). Much of depression's disease burden is linked to the disorder's
refractory nature (Greden, 2001). Depression relapse refers to the return
of depressive symptoms after remission - not meeting major depressive
disorder (MDD) syndrome criteria for 2-3 weeks (De Zwart et al., 2019;
Frank et al., 1991; Monroe & Harkness, 2011). Current relapse estimates
show those experiencing a first episode of depression have 50-60 % risk
of experiencing a second episode. For subsequent episodes, relapse risk
reaches 70-90 % (Burcusa & Iacono, 2007; Monroe & Harkness, 2012;
Solomon et al., 2001). Whilst figures suggest a “relapse-remitting”
course is the norm for depression, some cases are acute/time-limited
(Buckman et al., 2018; Monroe & Harkness, 2012; Mueller et al.,
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teractions between two robust predictors of depression relapse — resid-
ual symptoms and stress, using a wearable technology and longitudinal
network models over a three-week period.

Although predictors of depression relapse vary, research shows re-
sidual depression symptoms are a consistently robust relapse predictor
(Faravelli et al., 1986; Paykel et al., 1995; Pintor et al., 2004; Simons
et al., 1986; Teasdale et al., 2001; Van Londen et al., 1998). Residual
depression symptoms are those that may persist, in milder forms, in
remitted individuals following acute phase treatment (Judd et al., 1998;
Paykel, 2007). Approximately 70-90 % of patients experience at least
one residual symptom, potentially lasting one year after the index
episode (Mojtabai & Olfson, 2004; Nierenberg et al., 2010; Wade et al.,
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2009). These symptoms increase future relapse risk and impair psy-
chological functioning (Mojtabai, 2001; Nierenberg et al., 2010). So far,
research has identified fatigue, guilt, depressed mood, anxiety, cogni-
tive, and sleep problems as common residual symptoms post-treatment
(Fava et al., 2014; Nil et al., 2016; Sakurai et al., 2017; Wade et al.,
2009). Although identifying post-treatment symptoms is important,
research must now understand the complex relationships between re-
sidual symptoms and mechanisms linking symptoms to relapse (Ras-
mussen & Young, 2018).

Relating to mechanisms linking residual symptoms to depression
relapse, research shows stress may play a central role (Harkness et al.,
2014; Morris et al., 2012). Stress is the body's non-specific response to
any demand for change (Selye, 1985). It is a complex response mecha-
nism promoted by the sympathetic nervous system, hypothalamic pi-
tuitary adrenal axis (HPA), and the release of stress hormones- cortisol,
adrenaline, and noradrenaline. These hormonal changes have been used
in investigating stress, depression relapse, and residual symptoms (Bos,
2005; Gradl et al., 2019). For example, in remitted depression, Morris
et al. (2012) identified greater residual symptoms at 35-weeks in those
exhibiting higher cortisol reactivity to low stressors. Moreover, HPA axis
dysfunction in response to stress consistently shows to be a risk for
future relapse (Admon et al., 2015; Ahrens et al., 2008; Bockting et al.,
2012; Chopra et al., 2008; Holsen et al., 2013; Morris et al., 2014). Much
like earlier research, Morris et al. (2012) used saliva samples to measure
stress. Saliva, blood, and urine samples, although gold standard stress
observations, can be obtrusive and do not efficiently enable continuous
sampling (Gradl et al., 2019). Thus, furthering understanding of the
complex relationships between physiological stress and residual symp-
toms, requires time-intensive, complex modelling (Hammen, 2005),
which is now possible due to longitudinal network models and wearable
healthcare technologies.

Psychometric network modelling is a data-driven approach repre-
senting psychological constructs as systems of autonomous, interacting
components (Borsboom & Cramer, 2013; McNally, 2016). Networks
comprise nodes (e.g., residual symptoms) and edges- relationships be-
tween nodes (Robinaugh et al., 2020). In longitudinal networks, edges
can be temporal whereby nodes predict measured components from one
time point to the next, or contemporaneous referring to relationship be-
tween nodes within a timeframe (Epskamp et al., 2018). Network
models of residual depression symptoms predominantly focus on iden-
tifying central symptoms- those with the most connections to others.
These include loss of interest, loss of effort, feeling disliked, and con-
centration difficulties (Groen et al., 2019; Santos Jr et al., 2018).
Network models have also made advancements in understanding in-
teractions between depression and stress. For example, Aalbers et al.
(2019) show that self-reported stress, mood, and concentration prob-
lems interact over time.

No study has explored longitudinal networks of physiological stress
and residual symptoms in remitted depression. This may be due to the
highly parsimonious data collection techniques required for longitudi-
nal physiological stress measures (Gjoreski et al., 2017; Wichers et al.,
2019). For example, although hormone tracking through blood, urine,
or saliva is the gold standard for stress detection, in daily life, these
could be considered obtrusive and impractical. However, bio-signals -
physiological changes within the body induced by stress hormones, may
prove a more feasible alternative (Gradl et al., 2019). Electrodermal
activity (EDA) — a measurement of the change in electrical properties of
the skin resulting from stress, is one of the most widely used bio-signals
for stress detection (Can et al., 2019). EDA signals consist of two com-
ponents: the skin conductance level (SCL)- slow-changing, underlying
signal, and the skin conductance response (SCR)- faster signal changes in
response to stressors (Hemmelmann, 2018). Wearable research-grade
devices (e.g., ADI Study Watch) have now been developed, enabling
continuous and unobtrusive EDA measures (Broeders, 2017; Yoshimoto
& Tzumi, 2019). These devices have been applied to various non-
restricted daily-life studies, yielding stress detection accuracy ranges
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between 75 and 95 % (Gjoreski et al., 2016; Muaremi et al., 2014; Sano
& Picard, 2013).

To date, only three studies have applied wearable EDA devices to
depression research in daily life. Two studies show SCRs are more
frequent, stronger, and predictive of depression severity in current
depression (Ghandeharioun et al., 2017; Pedrelli et al., 2020). The third
piloted the ADI Study Watch over seven days and showed greater SCRs
on one day predicted an increase in residual symptoms on the next day
in remitted depression (Anonymous, 2022). Conducted in preparation
for the present study, this pilot provided preliminary results on stress
and residual symptom interactions, suggesting that ADI Study Watch
procedures can be successfully implemented. Due to the pilot's smaller
sample, longitudinal network models could not be estimated. Thus, this
study aims to explore interactions between stress and the residual
symptom network structure of remitted depression using a wearable
EDA device. Specifically, the research question aims to examine how
specific residual symptom and stress interact over time in remitted
depression?

2. Methods

This study was approved by the Faculty of Education and Health
Science Ethics Committee, University of Limerick. Informed consent was
obtained from all participants.

2.1. Design

This study was a prospective cohort design. Questionnaire data were
captured at baseline and the three-week post-daily diary (post-DD)
assessment. The prospective aspect involved daily assessments and
physiological stress monitoring from baseline to post-DD. Daily diaries
required participants to self-report depressive symptoms on their
smartphones twice daily for three weeks. Physiological stress was also
continuously measured by EDA using the ADI Study Watch.

2.2. Sample

The sample comprised 22 individuals, who met the following in-
clusion criteria: age > 18 years; in remission from a primary MDD
diagnosis (DSM-IV; APA, 2000) as confirmed with the Structured Clin-
ical Interview for Depression (SCID; APA, 2000) conducted by author
AW supervised by a clinical psychologist (DF); scored <20 on the Beck's
Depression Inventory-II (BDI-II; Beck et al., 1961); received psycholog-
ical (e.g., cognitive behavioural therapy; CBT), pharmacological (anti-
depressants; ADMs) or combined treatment (e.g., CBT + ADMs) for their
last depressive episode(s). ADMs were permitted provided no recent
(within 3 months) changes to dosage, or medication type; were profi-
cient in English; smartphone owner; capability of providing informed
consent and following research procedures. Exclusion criteria were:
current diagnosis of MDD (APA, 2000), history of or current psychotic
episode — due to elevated suicide risk (APA, 2000; Castelein et al., 2015),
significant visual problems — due to mobile phone survey readability,
and currently pregnant - due to associated changes in fluid distribution
potentially confounding EDA signals (Kushner et al., 1996).

2.3. Procedure

2.3.1. Recruitment

This study started in June 2021. Due to COVID-19, recruitment
posters were distributed via snowball sampling utilising the University
of Limerick student population, personal and social networks. Interested
individuals contacted the researcher via email to receive a study infor-
mation pack that included a detailed information letter, research privacy
notice, informed consent form, and a link to an online screening
questionnaire.



A. Whiston et al.

2.3.2. Screening

Participants had the opportunity to ask questions before completing
the online screening questionnaire. The participants signed an informed
consent form that included consent to conduct daily diaries and consent
to wear the ADI Study Watch for three weeks should eligibility be
confirmed. The online screening tool included questions on participant
demographics, previous depressive episode(s), and general health (e.g.,
comorbidities). Individuals returning consent forms, the screening
questionnaire, and meeting inclusion criteria (2)-(7) were invited for-
ward for SCID assessment to confirm no current MDD episode. Due to
COVID-19, SCID's were conducted via telephone or Microsoft Teams.

2.3.3. Baseline and daily diaries

For individuals eligible to enter the study based on informed consent,
screening questionnaire, BDI-II score, and SCID, their BDI-II (Cronbachs
alpha; a = 0.71) assessment was used as a baseline assessment. The
Patient Health Questionnaire-9 (a = 0.63; PHQ-9; Spitzer, 1999) and the
stress subscale of the Depression Anxiety and Stress Scale-21 (a = 0.72;
DASS-21-S; Lovibond & Lovibond, 1995) were also administered to
measure self-reported stress and residual symptoms at baseline. Eligible
participants then began the daily diaries for three weeks. As well as
wearing the ADI Study Watch during waking hours for continuous EDA
measures every morning (8:00 AM) and evening (8:00 PM), participants
received an email directing them to a web-based diary questionnaire in a
secure environment. Self-report daily diaries measured residual
depression symptoms using the PHQ-9 presented in a random order to
avoid practice effects. Diaries took approximately 5 min to complete.
Participants had a three-hour window to fill in with a reminder delivered
every hour. Evening diaries also asked participants to report any
medication changes or procedural problems.

2.3.4. Post-daily diary (post-DD)

Upon completion of the three-week diary period, participants
completed their post-DD assessment via email. Here, participants
completed the BDI-II (a = 0.85), PHQ-9 (a = 0.77), and the DASS-21-S
(a = 0.89). Then, participants were thanked, debriefed, and provided
the opportunity to ask questions. Participants received the following
financial compensation: €5 for week-one completion, an additional €10
for week two completion, and an additional €15 for week-three
completion, resulting in a maximum potential payment of €30. See
Fig. 1 for an overview of the study procedure and timeline.

2.4. Instruments

2.4.1. Daily diary self-report
Residual depression symptoms were measured using the PHQ-9
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(Spitzer, 1999). This 9-item measure required participants to self-
report depression symptom severity on a scale of 0-3. The PHQ-9 in-
corporates DSM-IV-TR (APA, 2000) MDD diagnostic criteria and cap-
tures the following residual depression symptoms: anhedonia, depressed
mood, sleep problems, energy problems, appetite problems, guilt, con-
centration difficulties, psychomotor agitation/retardation, and suicidal
ideation. The PHQ-9 was altered by asking participants to ‘Indicate how
much each statement applies to you RIGHT NOW?’ compared to the orig-
inal time frame of the ‘past-two weeks’. This alteration was required to
eliminate retrospective recall, which may be biased in the context of
depression symptoms and offer real-time/real-world assessments of re-
sidual symptoms - reflective of ecological momentary assessment ap-
proaches (Torous et al., 2015).

2.4.2. ADI Study Watch

The ADI Study Watch is a battery-operated wrist-worn vital-signs
monitor that includes technology simultaneously supporting motion
tracking, biopotential, optical heart rate, bio-impedance, and tempera-
ture measurements (Broeders, 2018). Here, bio-impedance, specifically
EDA, was the signal of interest. ADI's Study Watch EDA sensors detect
minute changes in conductivity by using an alternating current (AC)
applied over two dry electrodes (Broeders, 2017). ADI Study Watch EDA
sensors work on a low power consumption rate (<80uA at an output rate
of 4 Hz) and are specifically designed for a continuous (36-48 h) mea-
surement of stress per charge (Broeders, 2018).

2.5. Data analysis

2.5.1. Comparison of baseline and post-DD assessments

Paired sample t-tests and Cohen's d were used to investigate whether
BDI-II, PHQ-9, and DASS-42-S scores changed in the three weeks be-
tween baseline and post-DD.

2.5.2. EDA data cleaning and pre-processing

EDA data from the ADI Study Watch was transferred via USB to ADI's
Vital Signs Monitoring program. Raw data logs were downloaded to a
secure computer. The real part of admittance (conductance), provided in
the unit of micro Siemens (pS) sampled at 4 Hz, was the signal measure
used. This was necessary for use in artifact and skin conductance
response (SCR) detection algorithms outlined below. EDA data were
then sorted into separate csv files representing daily intervals for each
participant. Each participant's daily interval EDA files were then ana-
lysed using ‘EDA Explorer’ Python scripts (Taylor et al., 2015). First,
signals were run through EDA Explorers' artifact detection algorithm.
Here, machine learning binary classifiers detect noise within EDA sig-
nals, labelling every 5 s of a signal as either ‘containing artifact’ (—1) or

0 Baseline 1

Questionnaire
LR & &R 8 B |

Study Timeline (Weeks)

Daily Diary Phase

3 Follow-Up 4
1 Questionnaire 4

Stress Sampled 4Hz
Daily

Residual Symptoms
Sampled 8am & 8pm

Daily —

Fig. 1. Overview of study timeline and procedures.
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‘containing no artifact’ (1). Second, EDA signals were processed to
detect SCRs and associated features, including ‘EDA’- amplitude at the
apex in pS, ‘Amp’- amplitude of SCR, that is [amp = (EDA at apex)-(EDA
at start of the SCR)] in pS, and ‘Max_deriv’— maximum derivative of SCR
in pS per second. As SCRs were the measure of interest, to ensure no
artifacts were counted as SCRs, initially, only SCRs in ‘containing no
artifact’ data were kept. However, as EDA Explorers' artifact detection
method classifies entire 5-second intervals as ‘containing artifact’, it is
possible clean SCRs could have occurred in this timeframe. Thus, SCRs
within ‘containing artifact’ intervals were retained if they fell within two
standard deviations of the ‘EDA’, ‘Amp’, and ‘Max _deriv’ of all ‘clean’
SCRs for each participant.

SCRs were then incorporated into daily diary AM and PM measures
by calculating the average number of SCRs per hour within a +/— four-
hour window of the participants' AM and PM survey completion time.
This was necessary to maximise the use of EDA data obtained.

2.5.3. Network estimation

Network models were estimated for residual depression symptoms
and SCRs using two-step multilevel vector auto-regression models
(mlVAR; Bringmann et al., 2013; Epskamp et al., 2018). The mlVAR is a
combination of both a vector auto-regression model, allowing for the
repeated measures of variables within participants, with a multilevel
model, allowing for the VAR coefficients to differ across participants
(Bringmann et al., 2013). First, temporal networks estimated lag-one
associations between residual symptoms and SCRs after controlling for
all other lagged associations across individuals. Here, how well one
variable predicts other variables (including itself) at the next time point
accounting for all other variables is estimated- Granger causality
(Granger, 1969). Second, contemporaneous networks estimated vari-
able associations within the same timeframe controlling for all other
variables and temporal associations. Here, associations between residual
symptoms and SCRs that may occur at a faster pace than the temporal
model time lag are estimated (Jordan et al., 2020). To make models
computationally tractable, random effects were orthogonal;, random
slopes and intercepts were uncorrelated (Aalbers et al., 2019).

All networks were graphed using ‘qgraph’, consisting of nodes- re-
sidual symptoms and SCRs, and edges- the statistical relationship be-
tween nodes (Epskamp et al., 2012). For temporal networks, edges were
directed, indicated by arrows. Contemporaneous networks had undi-
rected edges. Upon estimating networks, centrality indices- how influ-
ential a node is within the network, were investigated (Opsahl et al.,
2010). For contemporaneous networks, strength centrality was obtained
by calculating the sum of all edge weights. For temporal networks, the
sum of edge weights of connections going out from a node, and in-
strength, the sum of edge weights of incoming connections to a node,
were calculated.

Importantly, mlVAR requires stationarity- stability of means and
variances of variables over time. However, self-reports rarely meet this
assumption (Bringmann et al., 2018; de Vos et al., 2017). Therefore,
using ‘tseries’ (Trapletti & Hornik, 2020), both the Kwiatkowski-Phillips-
Schmidt-Shin test (KPSS; 1992) and augmented Dickey-Fuller (ADF;
Dickey & Fuller, 1979) tests were used to examine diary stationarity
(Jordan et al., 2020; Schlitzer, 1995). Combining tests was important as
these tests show a greater likelihood of Type 1 errors (Cochrane, 1991).
Upon conducting stationarity tests, it was decided not to detrend data
due to only 16 % (KPSS; 32/200 trends) and 18 % (ADF; 36/200 trends)
of data showing non-stationarity, very little overlap in results across
tests— 8/68 trends common, and the exploratory nature of these ana-
lyses- detrending has potentially problematic consequences, limiting
exploratory power of studies (Isvoranu et al., 2022).

Missing data for diaries were imputed using predictive mean
matching (PMM)- estimates the likely values of missing data by
matching to the observed data (Little, 1988). Self-report diaries were
considered missing if they were: not answered, answered during or after
the next survey's timeframe, or conducted within 4 h before the next
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diary. ADI Study watches diaries were considered missing if there was
no watch data +4 h around each participant's survey completion time.
Prior to PMM, as missingness >10 % may lead to bias, participant diaries
with >10 % missingness were compared to those with <10 % missing-
ness using independent t-tests and x? tests on all baseline variables to
investigate if data were missing at random (Bennett, 2001).

Finally, as the mIVAR model is considered relatively ‘new’ formal
power analyses have not been worked out based on intensive longitu-
dinal data (Rosen et al., 2022). Thus, this study was required to follow
the ‘rules of thumb’ and ‘normative reporting suggestions’ put forward
across the network literature. This involved having between 20 and 50
timepoints per-participant to uncover directed edges whilst reducing the
potential for Nickell's (1981) bias — presence of negative autoregressive
effects (Jordan et al., 2020).

3. Results
3.1. Demographics

Twenty-two participants (15 Female, 7 Male) were recruited (Mage
= 26.45, SD = 8.28, range 18-43). Seven participants were actively
taking antidepressant medication(s) (ADMs; Agomelatine, n = 1;
Bupropion, n = 1; Duloxetine, n = 1; Escitalopram, n = 1; Mirtazapine n
= 1, Sertraline, n = 3). Five participants reported one or more past or
current comorbid disorder(s) (Anxiety, n = 4; Eating, n = 2, Personality,
n = 1; Post-Traumatic Stress, n = 1). Six participants were in full-time
employment, three in part-time employment, and thirteen unem-
ployed. See Table 1 for a participant-level breakdown.

3.2. Baseline to post-daily diary

Paired samples t-tests showed no significant differences in BDI-II,
PHQ-9, and DASS-42-S scores from baseline to post-DD. Independent
samples t-tests also showed no significant differences in baseline BDI-II
and PHQ-9 scores across ADM, comorbidity, and gender categories, nor
in baseline DASS-42-S scores across ADM and gender categories. How-
ever, participants with past or current comorbidities reported signifi-
cantly higher stress on the DASS-42-S relative to those without
comorbidities (d = 1.62). See Table 2.

3.3. Daily diaries

Two participants were excluded from daily diary analyses due to
having 50 % of diaries missing and terminating the diary phase early.
For the remaining diaries, the total self-report measure missingness was
4.88 % (range 0 %-23.81 %). Two participants had self-report miss-
ingness >10 %, and these data were assumed to be missing at random
(see Table 1 for a participant-level breakdown).

3.3.1. ADI Study Watch data

The following describes the group-level averages for ADI Study
Watch data (see Table 1 for a participant-level): 12 % (N = 101/840,
range = 0 %-26 %) of dairies were missing at random across the sample,
often due to user technical issues (e.g., letting the battery run out and
forgetting to wear). Ten participants had ADI Study Watch missingness
>10 %. Average numbers of SCRs was 16.15 per hour (SD = 13.677,
range 0-118.87), SCRs had an average EDA level of 0.181 (SD = 0.171,
range 0.0005-1.846). Average wear time +4 h around diaries was 5.13
h (SD = 0.86). Although only clean SCRs were kept for analysis, the
average percentage of artifacts varied considerably across the sample
and was 20.02 % (SD = 12.90 %, range 1.69 %-52.02 %).

3.3.2. Residual symptoms and SCR's networks

Fig. 2 displays the temporal network - lag-one relations from one 8-
hour window to the next. Table 3 shows a breakdown of network node
names to PHQ-9 residual symptoms and stress. Significant (p < 0.05)



Table 1
Participant level descriptive statistics.

Participant number

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
Gender Female Female Female Female Female Male Male Male Female Female Female Female Female Female Male Female Female Female Male Male Male Female
ADM No No No No Yes Yes No No Yes No No No Yes Yes Yes No No No No No No Yes
Comorbidities No No Yes No No No No Yes Yes No No Yes No No No No No No Yes No No No
BDI-II
Baseline 2 19 17 8 19 17 9 5 19 12 11 15 7 8 17 1 12 18 13 7 10
Post-DD 2 6 13 11 11 22 15 22 27 14 20 9 15 4 7 14 1 17 5 9 8 4
DASS-42-S
Baseline 0 8 8 3 6 8 12 12 4 5 2 1 3 3 3 7 3 6 0
Post-DD 4 4 7 15 2 7 7 9 11 12 8 4 1 0 0 10 0 4 1 3 3 0
PHQ-9
Baseline NA 7 8 11 13 8 6 3 13 4 5 10 5 2 4 11 0 3 8 5 3 3
Post-DD 1 1 8 5 9 8 10 8 13 9 12 5 6 4 3 16 1 10 3 5 6 2
Daily complete 41 41 42 NA 41 41 42 38 38 40 42 40 32 41 42 42 NA 39 33 41 42 41
Daily M 0.75 0.65 8.93 NA 8.37 10.15 9.11 2.55 10.39 4.98 8.38 3.53 3.19 0.71 1.36 15.74 NA 7.61 2.61 1.80 3.69 0.32
(SD) (1.24) (1.73) (2.69) NA (3.15) (1.85) (0.50) (3.03) (4.81) (2.90) (3.28) (2.23) (1.57) (0.90) (1.97) (3.38) NA (2.95) (2.99) (1.57) (2.63) (1.08)
ADI Study Watch
SCR M (SD) 14.22 16.38 20.31 NA 19.42 10.33 17.12 2399 9.15 19.47 2.30 30.84 11.53 14.24 1.44 13.33 NA 29.99 16.34 1719 7.34 35.03

(5.20) (10.55) (11.99) NA (10.78) (9.79) (7.42) (6.76) (8.60) (10.20) (5.16) (23.24) (8.47) (8.77) (1.50) (7.29) NA (10.87) (11.56) (8.20) (6.67) (17.12)
Artifact % 27.27 9.98 18.15 NA 35.47 6.31 20.71 26.18 9.11 8.21 52.02 18.52 12.07 33.89 5.11 23.32 NA 25.29 12.00 16.92 1.69 38.24
Hours 5.68 5.90 7.57 NA 5.17 5.42 3.58 4.15 4.48 5.17 4.83 5.07 5.61 4.90 3.89 4.61 NA 5.81 4.64 5.06 5.14 5.85
Daily Complete 38 42 33 NA 39 36 31 38 36 35 40 33 40 37 35 42 NA 28 40 40 41 34

Note: ADM = antidepressant medications; SCR = skin conductance responses, hours = average number of hours of ADI Study Watch wear time +4 h around each diary measure; Post-DD = post-daily diary assessment.

0 39 UOISTYM Y

8L0¥01 (£20T) I+ DIB00Y2ASd DY



A. Whiston et al.

Table 2
Descriptives and results of t-tests.
Scale Mean SD Range P
Baseline to post-DD descriptives
BDI-II
Baseline 11.59 5.52 1-19
Post-DD 11.64 7.01 1-27 0.976
PHQ-9
Baseline 6.29 3.70 0-13
Post-DD 6.59 4.11 0-16 0.531
DASS-42-S
Baseline 5.23 3.42 0-12
Post-DD 5.09 4.36 0-15 0.853

Baseline comparisons
Antidepressant medication

BDI-II

Yes 13.57 5.16

No 10.67 5.60 0.260
PHQ-9

Yes 6.86 4.60

No 6.00 3.33 0.629
DASS-42-S

Yes 3.86 4.06

No 5.87 3.02 0.207

Comorbidities

BDI-II

Yes 14.00 5.92

No 10.88 5.37 0.278
PHQ-9

Yes 8.40 3.65

No 5.63 3.58 0.148
DASS-42-S

Yes 8.80 3.11

No 4.18 2.79 0.004

Gender

BDI-II

Male 11.00 5.07

Female 11.87 5.87 0.741
PHQ-9

Male 5.29 2.14

Female 6.79 4.26 0.548
DASS-42-S

Male 6.43 3.10

Female 4.67 3.52 0.271

Note: SD = standard deviation; Post-DD = post-daily diary assessments.

positive auto-regressive coefficients with the strongest edges were
identified for anhedonia (edge weight; ew = 0.14), guilt (ew = 0.19), sleep
(ew = 0.14), and appetite (ew = 0.23) problems. A positive auto-
regressive coefficient was also identified for SCRs (ew = 0.10),
although this did not reach significance. Significant, positive edges with
the strongest edge weights were also observed from anhedonia- >
depressed mood (ew = 0.15), energy loss- > depressed mood (ew = 0.12),
and concentrate difficulty- > depressed mood (ew = 0.13). A negative
edge was observed from SCR- > energy loss (ew = —0.06). Other positive
edges with relatively strong edge weights not reaching significance
included problems with sleep- > suicide (ew = 0.14) and concentrate
difficulty- > energy loss (ew = 0.12). Regarding centrality, depressed
mood, followed by SCRs and suicide showed the highest in-strength —
greatest sum of edge weights of significant incoming connections.
Concentrate, appetite, and sleep problems showed the highest - greatest
sum of edge weights of significant connections going out from a node(s)
(Fig. 3).

Fig. 2 also displays the contemporaneous network- relations amongst
residual symptoms within the same timeframe controlling for all other
variables and temporal associations. Positive edges with the strongest
edge-weights reaching significance (p < 0.05) included anhedonia-
depressed mood (ew = 0.28), psychomotor-concentrate difficulty (ew =
0.23), energy loss-psychomotor (ew = 0.20), and energy loss-sleep prob-
lems (ew = 0.14; Fig. 3). Residual symptoms with the highest strength
centrality were depressed mood, concentrate difficulty, and energy loss.
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4. Discussion

This is the first examination of the residual symptom network
structure in remitted depression and its interactions with physiological
stress using a wearable EDA device. For residual symptoms, anhedonia,
guilt, sleep, and appetite problems showed positive autoregressive effects
in the temporal network. Strongest edges were observed from anhedonia,
energy loss, and concentration problems to depressed mood in the tem-
poral network. In the contemporaneous network strongest edges were
between anhedonia-depressed mood, psychomotor-concentration prob-
lems, and energy loss-psychomotor. Depressed mood and concentration
problems were central across both temporal and contemporaneous
networks. SCRs, suicide, appetite, and sleep problems were central in the
temporal network. Energy loss was also central in the contemporaneous
network. Regarding relationships between physiological stress and re-
sidual symptoms, increased SCRs predicted a decrease in energy loss and
showed high in-strength centrality in the temporal network.

4.1. Residual symptoms

Across residual symptom networks, depressed mood and anhedonia
were some of the most strongly connected and central residual symp-
toms, confirming previous post-treatment network models (Bos et al.,
2018; Lorimer et al., 2020; Whiston et al., 2022). Regarding anhedonia,
positive autoregressive coefficients in the temporal network show this
symptom is self-sustaining. Thus, reporting anhedonia in one diary is
associated with greater reporting of it in the next diary. Possible ex-
planations for residual anhedonia may relate to research showing this
symptom is resistant to certain pharmacotherapies. Alternatively, CBT
may neglect this symptom with the primary aim of repairing negative
cognitions (Cao et al., 2019; Dunn et al., 2019). Identifying residual
anhedonia is important as this symptom appears chronic due to its' auto-
regressive effects and its associations with increased feelings of
depressed mood in the contemporaneous and temporal networks.

Further related to depressed mood, this symptom was central in the
contemporaneous network and showed high in strength in the temporal
network. Thus, depressed mood is reactive to other symptoms. For
example, deterioration of depressed mood is likely to occur after other
symptoms deteriorate. This result expands on previous temporal
network models, whereby experiencing anhedonia, energy loss, or con-
centration problems in one diary all predicted greater depressed mood in
the next (Bos et al., 2018; Savelieva et al., 2021). Identifying residual
symptoms with high in-strength is important, as these are often end
points of the spread of network activation, potentially indicating relapse
risk. However, research does show targeting improvements in depressed
mood is likely to trigger other symptom improvements (Savelieva et al.,
2021). Strategies developed to specifically target these core MDD re-
sidual symptoms, such as augmented depression therapy (ADepT), could
be considered as part of a stepped-care residual symptom intervention
(Dunn et al., 2019).

Sleep and appetite problems were also prevailing residual symptoms,
particularly in the temporal network, showing auto-regressive effects,
high, and strong inter-connections. Thus, reporting sleep problems in one
diary predicts an increase in both sleep and appetite problems in the next
diary, with appetite problems becoming self-sustaining. Going beyond
previous research showing prevalence rates of residual sleep and
appetite problems reach 70 %, we show they are not only prevalent but
complexly interact (Nierenberg et al., 2010). Explanations for this may
relate to sleep problems' role in altering appetite-regulating hormones.
Research shows sleep problems are chronic stressors activating the HPA
axis— further observed here from the directed, although non-significant
edge from sleep- > SCR (Yap et al., 2020). This HPA axis activation in-
creases energy expenditure and metabolic rates, altering appetite (Lin
etal., 2020; Vgontzas et al., 2014). Although the PHQ-9 does not enable
speculation on whether insomnia (vs. hypersomnia) increases (vs. de-
creases) appetite, research consistently shows insomnia leads to
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Temporal

Concentrate

Anhedonia

Contemporaneous

Appetite

Concentrate

{ Anhedonia

Fig. 2. Networks of residual symptom and skin conductance responses.

Note: Solid edges indicate significant edge-weights, and dashed edges indicate non-significant edge-weights. Blue edges indicate node activation, and red edges

indicate node inhibition.

Table 3
Network node names to PHQ-9 symptoms and stress.
Node name Symptom
Anhedonia Anhedonia
Appetite Appetite problems (poor appetite or overeating)
Concentrate Trouble concentrating
Energy Energy loss

Guilt Guilty feelings, self-failure

Mood Depressed mood

Motor Psychomotor problems (agitation or retardation)
SCR Skin conductance response (stress)

Sleep Sleep problems (insomnia or hypersomnia)
Suicide Suicidal thoughts

increased appetite (Lopez-Gil et al., 2021). Nevertheless, identifying
residual sleep and appetite problems is important, as both are sensitive
biological rhythms often constituting prodromal relapse symptoms—
evident by their high out-strength in the temporal network (Germain &
Kupfer, 2008). Sleep-focused treatments alongside usual clinical man-
agement of residual symptoms may be required to target sleep problems
and reduce the spread of network activation to depressed mood and
appetite problems (Li et al., 2012).

Concentration problems were another prominent residual symptom,
showing strong interconnectedness and high centrality across temporal
and contemporaneous networks. This aligns with previous research
showing depression remission is associated with persistent cognitive
dysfunction, especially concerning selective attention (Semkovska et al.,
2019), with the prevalence of residual concentration problems reaching
44 % (Conradi et al., 2011). Centrality and interconnectedness of re-
sidual concentration problems may relate to this symptom being less
likely to respond to common depression treatments (Kaser et al., 2017).
Alternatively, this symptom could also arise as an ADM side effect
(Zajecka et al., 2013). However, ADM side effect explanations are un-
likely for current results, with only seven participants taking ADMs.
Even so, identifying residual concentration problems is important, high
out-strength of this symptom means its' activation has stronger exacer-
bating effects on other symptoms, leaving networks potentially vulner-
able to relapse (Lorimer et al., 2020). Our findings also align with recent

meta-analytical evidence suggesting that attentional biases slow down
psychomotor processing in depression remitters (Semkovska, 2021).
This is shown here, whereby concentration problems predicted energy
loss in the temporal network and showed strong co-occurrences with
psychomotor problems, anhedonia, and depressed mood in the contem-
poraneous network.

4.2. Physiological stress and residual symptoms

Physiological stress, operationalized as SCRs, shows significant as-
sociations with residual energy loss. That is, increased SCRs at one diary
predicted a decrease in energy loss at the next. This finding is consistent
with research showing depression may result from inefficient energy
regulation in response to stress (Arnaldo et al., 2022). Specifically, when
faced with stressors, the sympathetic nervous system and HPA axis are
activated, providing additional energy resources for the collection of
new information. In adaptive stress responses, once this stressor is no
longer threatening, the HPA axis should inhibit itself via a negative
feedback loop (Heim et al., 2008). This is not observed here with a
positive, although non-significant feedback loop from SCRs, consistent
with research showing potential HPA axis dysfunction in remitted
depression (Admon et al., 2015; Ahrens et al., 2008; Bockting et al.,
2012; Chopra et al., 2008; Holsen et al., 2013; Morris et al., 2014). This
repeated engagement of stress reactions overrules adaptive values of
stress leading to the perseverance of energy, which may result in
pervasive negative affect, anhedonia, and depression risk (Arnaldo et al.,
2022). Identifying this link between SCRs and energy loss is important as
it gives insight into one possible path from depression remission to po-
tential relapse, and the perseverance of energy resources may also lead
to immunosuppressant effects having further health consequences
(Coutinho & Chapman, 2011).

Surprisingly, SCRs also show high in-strength in the temporal
network, suggesting that deterioration of SCRs is likely to occur
following the deterioration of other symptoms. This may relate to the
stress generation hypothesis (Hammen, 2005): depression symptoms,
behavioural tendencies, and cognitive characteristics are not just prod-
ucts of stress but are also likely to lead to greater stress (Liu, 2013).
Research shows that stress generation is not specific to current
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Fig. 3. Centrality plots of residual symptoms and skin conductance responses.

Note: “OutStrength” and “InStrength” represent centrality indices for the temporal network. “Strength” represents centrality for the contemporaneous network.

depression but also persists in remission, acting as a potential explana-
tory mechanism underlying relapse (Hammen, 2005; Wen et al., 2021).
However, all residual symptoms predicting SCRs at the next time-point
despite showing moderately strong edge weights do not reach signifi-
cance. Identifying SCRs' high in-strength is important as it provides
support for the stress generation and, taken together with SCRs pre-
dicting energy loss, supports research showing relationships between
stress and residual symptoms are bi-directional (Hammen, 2005; Liu,
2013).

4.3. Clinical implications

Clinical implications of the current study are fourfold. First, results
suggest complex causal interactions between depressive symptoms and
the environment in remission. This highlights the importance of
focusing on symptom-specific interactions in clinical practice. For
example, using cognitive behavioural interventions to reduce occur-
rences amongst fatigue related symptoms (sleep problems - > energy
loss). Second, results provide strong support for bi-directional residual
symptom and stress interactions. For remitted depression, simulta-
neously reducing residual symptoms and stress occurrences may have
greater impact on reducing relapse risk — e.g., via mindfulness-based
stress reduction or cognitive therapy techniques (Querstret et al.,
2020). Third, EDA quantified reliably physiological stress as it is
exclusively produced by the sympathetic autonomic nervous system
(Tronstad et al., 2022). Potential exists for the integration of EDA stress
classification systems into commercial sensing technologies for real-time
early detection and preventative measures related to stress and
depression. Finally, a recurring aspect across results was the central role
of specific residual symptoms - depressed mood, anhedonia, sleep, appetite,
and concentration. Drawing on the centrality hypothesis — the most
central nodes are the best intervention targets; it may be advisable to
focus first-line depression treatments or relapse prevention strategies on
these central symptoms (Lunansky et al., 2022). Subsequent research is
required to further explore the validity of the centrality hypothesis and
identify which clinical interventions may be most impactful on key
network elements.

4.4. Research contributions

This study is the first to examine links between residual symptoms
and stress in remitted depression using wearable technology designed
specifically for continuous EDA measures and network models devel-
oped specifically for uncovering complex associations between multi-
variate data. It builds on previous research by showing specific residual
symptoms— depressed mood, anhedonia, sleep, appetite, and concentration
problems remain central and strongly connected during remission.
Moreover, the study goes beyond existing research by showing elevated
SCRs in daily life may be a biomarker for residual symptomology due to
their high in-strength and bi-directional symptom interrelations. Future
research should first extend SCRs monitoring to make claims on
depression relapse, and second, confirm current SCR findings utilising
either the same or a combination of other bio-signals (e.g., heart-rate
variability). Nevertheless, we hope current results provide the first
steps towards disentangling the role of residual symptomology and
physiological stress in remitted depression.

4.5. Limitations

Although the PHQ-9 is designed to cover DSM-IV depression symp-
tom criterion, it does not contain detailed information on three bidi-
rectional symptoms- sleep, appetite, and psychomotor problems.
Therefore, when participants report sleep problems, one cannot distin-
guish insomnia from hypersomnia (Fried et al., 2014). As it is plausible
bi-directional symptoms arise from different aetiologies, future studies
should seek more information on bi-directional symptoms.

Participants were predominantly students, thus limiting generaliza-
tions. Moreover, almost a quarter of participants reported comorbid
disorders, potentially influencing results. Whilst excluding comorbid-
ities is common in controlled trials, it does not reflect real-world
depression (Westen et al., 2004). Subsequent studies with other sam-
ples should continue allowing comorbidities- reflecting depression re-
ality- to enable comprehensive explorations of residual symptoms and
stress.

Monitoring EDA in “real life” conditions as opposed to a laboratory
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setting meant physiological signals were potentially more sensitive to
specific environmental events and conditions - e.g., temperature
changes and pressure or movement artifacts (Zahmat Doost & Zhang,
2023). Whilst ambulatory EDA data is inherently noisy, the current
study applied EDA Explorers' peak and artifact detection algorithms
which shows to accurately detect SCRs in the presence of artifacts and
the absence of temperature or accelerometer data.

The EDA Explorers' artifact algorithm detected noise within the data,
labelling every 5 s as ‘containing artifact’ or ‘containing no artifact’
(Taylor et al., 2015). Although EDA Explorers' peak detection algorithm
proves accurate in artifact-rich datasets, the same has not been shown
for the artifact detection algorithm. Often, artifacts are overestimated.
Resultantly, clean SCRs occurring within five second intervals ‘con-
taining artifacts’ could potentially be missed (Hemmelmann, 2018).
However, the current study employed a manual inspection technique
whereby SCRs within ‘containing artifact’ intervals were kept provided
they fell within two standard deviations of the ‘EDA’, ‘Amp’, and
‘Max_deriv’ of all ‘clean’ SCRs for each participant. Thus, it is unlikely
the potential over-estimation of artifacts impacted current SCRs results
presented.

The ADI Study Watch includes technology simultaneously support-
ing motion tracking, biopotential, optical heart rate, bio-impedance, and
temperature measurement (Broeders, 2018). Here, EDA was the only
signal measured. This was a trade-off between collecting more signals or
reducing (a) study burden for participants and (b) technological de-
mands placed on the device. Only measuring EDA required participants
to charge the ADI Study Watch once every 48 h, with the flash memory
lasting beyond 3 weeks. Nevertheless, subsequent studies should explore
these findings using different bio-signals alone or in combination.

Although the number of measurement points per-person was satis-
factory and did not lead to Nickell's (1981) bias, a limitation of the study
is sample size. To date, neither formal power analyses nor R packages to
estimate the stability and accuracy of group-level network models based
on intensive longitudinal data exist (Rosen et al., 2022; Schumacher
et al., 2022). Thus, this study followed the ‘rules of thumb’ heuristic
currently used across the literature to determine the minimum accept-
able data availability for the conduct of longitudinal network analyses,
namely disposing with at least 20-50 timepoints per participant (Jordan
et al., 2020). Moreover, due to the exploratory nature of this study and
the potential of not uncovering all significant edges a larger sample
might do, current results graphed both significant and non-significant
edge weights. Replication of current results is encouraged using a
larger sample size.

Finally, temporal networks represent Granger causality (Granger,
1969). Temporal relationships should not be interpreted as direct cau-
sality. For example, were variables measured at the correct timeframe,
or did we capture residual symptoms and stress with valid measures
(Fried, 2020)? Thus, whilst this study is exploratory, its value lies in
generating hypotheses on interactions between residual symptoms and
stress.

4.6. Conclusion

Our results have important clinical and research implications. Spe-
cifically, residual symptoms not only persist in remitted depression but
are dynamic in their centrality and co-occurrences. Stress - SCRs, shows
high in-strength and predicts reduced loss of energy at the next time
point. These bi-directional residual symptom and stress relations both
show to be associated with future relapse risk. Depressed mood and
concentration problems also show high centrality across networks. These
symptoms may be associated with the start — concentration problems, and
end - depressed mood of network activation, leaving networks further
vulnerable to relapse. Thus, relapse prevention strategies or first-line
treatments targeting these central residual symptoms and reducing
stress may impact reducing relapse risk. Moreover, due to the avail-
ability of wearable devices and free algorithms, greater analyses of bio-
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signals are an important step for psychological research. Overall, we
hope this study gives further insight and provides hypotheses-generating
work on interactions between physiological stress and the residual
symptom network structure of remitted depression using a wearable
EDA device.
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