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ARTICLE INFO ABSTRACT

Keywords: Background: Given the strong relationship between depression and anxiety, there is an urge to investigate their
AﬂXiEtY' shared and specific long-term course determinants. The current study aimed to identify and compare the main
Depression determinants of the 9-year trajectories of combined and pure depression and anxiety symptom severity.

;[:‘;s;e Learning Methods: Respondents with a 6-month depression and/or anxiety diagnosis (n=1,701) provided baseline data
Prediction on 152 sociodemographic, clinical and biological variables. Depression and anxiety symptom severity assessed at
SuperLearner baseline, 2-, 4-, 6- and 9-year follow-up, were used to identify data-driven course-trajectory subgroups for

general psychological distress, pure depression, and pure anxiety severity scores. For each outcome (class-
probability), a Superlearner (SL) algorithm identified an optimally weighted (minimum mean squared error)
combination of machine-learning prediction algorithms. For each outcome, the top determinants in the SL were
identified by determining variable-importance and correlations between each SL-predicted and observed
outcome (p,4) were calculated.

Results: Low to high prediction correlations (p,q: 0.41-0.91, median=0.73) were found. In the SL, important
determinants of psychological distress were age, young age of onset, respiratory rate, participation disability,
somatic disease, low income, minor depressive disorder and mastery score. For course of pure depression and
anxiety symptom severity, similar determinants were found. Specific determinants of pure depression included
several types of healthcare-use, and of pure-anxiety course included somatic arousal and psychological distress.

Limitations: Limited sample size for machine learning.

Conclusions: The determinants of depression- and anxiety-severity course are mostly shared. Domain-specific
exceptions are healthcare use for depression and somatic arousal and distress for anxiety-severity course.

1. Introduction

Both depression and anxiety generally follow chronic-intermittent
course-trajectories (Verduijn et al., 2017) but considerable course het-
erogeneity exists (Musliner et al.,, 2016). Prospective studies of
long-term (>6 years) depression course indicate that patients can have
recurrent episodes (Brodaty et al., 2001; Kennedy et al., 2003), never
reach full remission (e.g., Angst & Volrath, 1991; Angst, 1996; Keller
et al., 1992; Piccinelli & Wilkinson, 1994; Chen et al., 2000) or have

persistent residual symptoms (Judd et al., 1998; Kennedy et al., 2004;
Rhebergen et al., 2011), all of which is associated with higher costs
(MclIntyre & O’Donovan, 2004), healthcare use (e.g., Pettit et al., 2009)
and impairments (e.g., Judd et al., 2000a;(Fichter et al., 2008). Pro-
spective studies of long-term anxiety course have also shown high
persistence over time (Cowley et al., 1996; Bruce et al., 2005; Keller,
2002; 2003; Wittchen & Fehm, 2003; Katschnig & Amering, 1998),
although anxiety-disorder diagnoses may change over time (Hov-
enkamp-Hermelink et al., 2016). Often, depression and anxiety
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disorders co-occur (e.g., Clark & Watson, 1991), which is associated
with a less favourable course (e.g., Bruce et al., 2005; Rhebergen et al.,
2011).

Both for clinical and public-health purposes, identifying the baseline
determinants of the long-term course of depression and anxiety is of
strong interest. Prospective studies have shown that baseline clinical
characteristics such as comorbidity (Coryell et al., 2012), severity,
number of previous episodes (Steinert et al., 2014), residual symptoms
(Judd et al., 2000b), psychosis (Coryell et al., 1996), suicidality (Moos &
Cronkite, 1999), as well as psychological characteristics (Surtees &
Wainwright, 1996, Struijs et al., 2018; Hovenkamp-Hermelink et al.,
2019) are associated with increased risk of long-term chronicity and/or
recurrences. In addition, physical and health-related variables, such as
increased triglyceride, decreased HDL cholesterol (Virtanen et al.,
2017), lower birth weight, older age at first standing/walking (Colman
et al., 2007), and pain intensity, duration and severity (Gerrits et al.,
2015) were found to predict long-term depression persistence.

For anxiety, studies have found baseline clinical characteristics,
including comorbidity (Hovenkamp-Hermelink et al., 2021; Keller,
2003; Bruce et al., 2005), young age of onset (Angst & Vollrath, 1991;
Rubio et al., 2007), anxiety duration (Spinhoven et al., 2016), severity,
parental history (Beesdo-Baum et al., 2012), personality traits (Angst &
Vollrath, 1991; Schopman et al., in press), mental functioning and
negative life events (Schopman et al., in press) to predict long-term
persistence. So far, there has been little evidence for biological pre-
dictors (Hovenkamp-Hermelink, 2021).

Although informative, previous work has had limitations. First, most
studies defined course based on presence or absence of discrete di-
agnoses over time, whereas mental health is a continuous phenomenon
(e.g., Kendell & Jablensky, 2003; Clark & Watson, 1991). The use of
course outcomes based on trajectories on continuous severity mea-
surements (e.g., Rhebergen et al., 2011; Olino et al., 2010) could better
capture naturally-occurring course variations, but studies using such
outcomes have been scarce. Second, most studies focused either on the
determinants of depression or anxiety course, whereas these domains
are known to be strongly related (Goodwin, 2015; Kotov et al., 2020).
Indeed, the few studies that looked at the combined course of depression
and anxiety found considerable overlap between their determinants (e.
g., comorbidity, neuroticism, childhood adversity; Rhebergen et al.,
2011; Fichter et al., 2010; Merikangas et al., 2003). Importantly, some
domain-specific course-determinants have also been found. For
instance, a parental history of anxiety was found to predict a chronic
anxiety course from an early age (<14 years); Olino et al., 2010). This
aligns with the theory that both shared and domain-specific mechanisms
underlie depression and anxiety (Clark & Watson, 1991). Third, studies
have so far each investigated the predictive association of different and
relatively small sets of baseline determinants, hampering identification
of all potentially relevant (combinations of) course determinants.

Given the above, investigating the shared and domain-specific de-
terminants of depression and anxiety course trajectories using a large
number of baseline variables from different domains would be an ideal
approach. For such purposes, machine-learning (ML) is ideal as it can
handle larger numbers of variables and more complex associations than
traditional regression (e.g., Smith, 2018). However, there are many
different ML-algorithms that can each yield different results depending
on their suitability for a given problem, with the optimal choice seldom
being clear a priori. To navigate this problem, a Superlearner (SL)
approach (van der Laan et al., 2007; van der Laan & Rose, 2011; Rose,
2013) is recommended, in which multiple ML-algorithms are estimated
and ‘stacked’ in a SL that weights these algorithms as to obtain optimal
predictions. This approach was previously shown useful in psychiatric
studies (Kessler et al., 2014; Rosellini et al., 2018a; 2018b; 2020; Webb
et al., 2020).

The current study aimed to use a SL to address the above-described
knowledge gaps with regard to the shared and specific determinants
of long-term course of dimensional anxiety and depression, using data
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from a large 9-year cohort study. This dataset contains many baseline
predictor variables (n=152), which in combination with the SL allowed
for estimation of prediction models incorporating most of the de-
terminants that had previously not been studied or only in separate
studies. Using this approach, as much information as possible was used
to obtain optimal predictions for the 9-year course trajectories of (1)
general psychological distress, (2) pure depression, and (3) pure anxiety
symptom severity. The main baseline course determinants were
compared between (a) pure depression and anxiety trajectories to
evaluate overlap and (b) between the pure depression/anxiety and
psychological distress trajectories to evaluate the degree of overlap be-
tween domain-specific and general psychological distress determinants.

2. Methods
2.1. Participants and procedures

Data came from the Netherlands Study of Depression and Anxiety
(NESDA) cohort study (Penninx et al., 2008). Participants were recruited
from the general population, primary care, and secondary care centres.
The baseline sample (n=2,981) consists of adults aged 18-65 years
(mean age: 41.6 years; 1,979 (66%) women). Of the participants, 652
(22.9%) had no lifetime diagnosis, and 2,329 (78.1%) had a lifetime
diagnosis of a depressive and/or anxiety disorder at baseline. All par-
ticipants had a detailed assessment at baseline and were followed up
after 2, 4, 6 and 9 years. Exclusion criteria at baseline were: not being
fluent in Dutch, a primary diagnosis of a psychotic,
obsessive-compulsive disorder, bipolar disorder or severe addiction
disorder. The detailed objectives and rationales of NESDA are given in
Penninx et al. (2008). The Ethical Review Boards of all participating
universities approved the study protocol. All participants signed
informed consent. This study used data from participants with a diag-
nosis of dysthymia, major depressive disorder (MDD) or an anxiety
disorder within 6 months before baseline (n=1,701; see Figure S1).

2.2. Measurements

The baseline assessment consisted of a face-to-face interview
including a structured psychiatric interview by a trained research as-
sistant, self-report questionnaires, biological measurements and a blood-
draw. In total, 152 baseline variables (Table S1) were used as de-
terminants. At 2-, 4-,6- and 9-year follow-up assessments were repeated.
Longitudinal anxiety- and depression-severity self-report assessments
were used to construct course outcomes.

2.2.1. Determinants

2.2.1.1. Demographics. Age, gender, relationship status, employment
status, income, living situation, having children (yes/no), and having
siblings (yes/no) were assessed in the interview.

2.2.1.2. Psychiatric and psychological variables. The Composite Inter-
national Diagnostic Interview (CIDI; World Health Organization [WHO]
v2.1) was used to establish DSM-IV diagnoses of depressive (minor
depression, dysthymia and MDD) and anxiety disorders (Generalized
Anxiety Disorder [GAD], Social Phobia, Agoraphobia, Panic Disorder
[PD] with and without Agoraphobia). For all disorders, the lifetime, 6-
month and 1-month presence were established. Also, comorbidity,
number of comorbid disorders and first age of onset of any disorder were
assessed.

Health-related disability and its subdomains (‘cognition’, ‘mobility’,
‘self-care’, ‘getting along’, ‘life activities’ and ‘participation’) were
assessed with the WHO Disability Assessment Schedule (WHODAS;
Ustiin et al., 2010). The symptoms dimensions of General Distress,
Anhedonic Depression and Anxious Arousal were measured with the
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adapted Mood and Anxiety Symptoms Questionnaire (MASQ-D30;
Wardenaar et al., 2010). Symptoms of mania or hypomania were
assessed with the Mood Disorder Questionnaire (MDQ, Hirschfeld et al.,
2000). Suicidal thoughts and occurrence of a lifetime suicide attempt
were assessed with the Beck Scale for Suicide Ideation (BSSI; Beck et al.,
1979). Insomnia severity and presence of sleep problems (dichotomized
at IRS>9) were assessed with the Insomnia Rating Scale (IRS; Levine
et al., 2003). Psychological distress and somatization were assessed with
the Four-Dimensional Symptoms Questionnaire (4DSQ, Terluin et al.,
2006). Loneliness was assessed with the de Jong-Gierveld Loneliness
Scale, using the total, social and emotional loneliness subscales (de Jong
Gierveld & Kamphuis, 1985). Big five personality traits were assessed
with the Neuroticism-Extraversion-Openness-Five Factor Inventory
(NEO-FFI, Costa & McCrae, 1992). Locus of control was assessed with
the mastery scale (Pearlin & Schooler, 1978). Daily stressful events were
assessed with the daily pressure and rejection subscales of the Daily
Hassles questionnaire (Kanner et al., 1981). Threatening life events were
assessed using the List of Threatening Events-Questionnaire (LTE-Q;
Brugha et al., 1985), using both the occurrence and number of life
events. Childhood trauma before the age of 16, was assessed with the
NEMESIS-childhood trauma questionnaire (de Graaf et al., 2002) and
used to calculate a childhood life event index (0-2) and trauma index
(0-4; Hovens et al., 2010).

2.2.1.3. Medication use. Participants brought medication packaging/
containers to the interview to be recorded. Medication was classified
according to the WHO Anatomical Therapeutic Chemical system.
Dichotomous medication variables were used for anxiolytics, antide-
pressants (selective serotonin reuptake inhibitors, tricyclic antidepres-
sants, other [e.g., serotonin-norepinephrine reuptake inhibitors]),
antihypertensive drugs and diabetes medication (see Licht et al., 2008
for details).

2.2.1.4. Lifestyle and somatic health. Current smoking, drugs consump-
tion (cannabis, ecstasy, heroin, cocaine, LSD and speed), and the pres-
ence of >1 somatic diseases (e.g., diabetes, asthma) were assessed
during the interview. The presence of the metabolic syndrome (MS)
according to the (Expert Panel on Detection, Evaluation, and Treatment
of High Blood Cholesterol in Adults 2001) (ATP-III) criteria, was
assessed based on biological and medication-use measurements.
Abdominal circumference was measured (in cm) with a tape measure
and systolic and diastolic blood pressure were measured in supine po-
sition using an electronic Omron sphygmomanometer. The MS was
considered present if >3 of the following criteria were met: (1)
abdominal circumference >102 cm (men) or >88 cm (women), (2) tri-
glyceride level >1.7 mmol/L, (3) high-density lipoprotein (HDL)
cholesterol <1.03 mmol/L (men) or <1.30 mmol/L (women), (4) blood
pressure >130/85 mm Hg or use of antihypertensive drugs, and (5)
fasting plasma glucose >6.1 mmol/L or use of diabetes medication.
Variables for the MS (yes/no) and for each separate component were
used. Alcohol-use problems were assessed using the Alcohol Use Disor-
ders Test (AUDIT; Saunders et al., 1993). Physical activity was assessed
using the International Physical Activity Questionnaires (IPAQ; Craig
et al., 2003). Pain was assessed using the Chronic Graded Pain Scale,
using the intensity and disability subscales (von Korff et al., 1992).

2.2.1.5. Need and use of healthcare. Healthcare use and needs were
assessed using the Perceived Need of Care Questionnaire (PNCQ;
Meadows et al., 2000). Variables were created for the use of different
healthcare types in the 6 months before baseline: homecare, alternative
care, self-help group, hospital, physician, medical specialist, occupa-
tional physician, psychologist, mental healthcare [MH] institute,
substance-use  care, independent psychiatrist/psychotherapist,
physiotherapist.
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2.2.1.6. Cardiovascular measurements. Activity of the cardiac auto-
nomic nervous system during the interview was assessed in sitting po-
sition with an ambulatory monitoring system (VU-AMS; de Geus et al.,
1995). The VU-AMS continuously registers time series of inter-beat in-
tervals (IBI) and impedance cardiograms (ICG) during rest and test
conditions during the interview. Raw data were processed as described
elsewhere (de Geus et al., 1995; Riese et al., 2003). IBIs assessed during
rest and test conditions were used to derive mean heart rate and
heartrate variability (HRV) indices (the Root-mean square of successive
differences (RMSSD, in ms) and standard deviation of NN-intervals
(SDNN, in ms), Respiration Rate (RR, in breaths per/min) and Respira-
tory Sinus Arrhythmia (RSA, in ms) were used. ICG signal assessed
during test-conditions were used to derive mean Pre-Ejection Period
(PEP, in ms).

2.2.2. Blood markers

Before the interview (between 8:00 and 9:00 AM), venous blood was
drawn after an overnight fast. Routine assays of the blood samples were
run in local labs. Within an hour after the draw the remaining samples
were spun down to serum and plasma and stored at -80°C. The routine
assays included markers of metabolic function (HDL [mmol/L], LDL
[mmol/L], triglycerides [mmol/L], glucose [mmol/L], free thyroxine
[pmol/L]), liver function (aspartate aminotransferase [ASAT-GOT; U/
L], y-glutamyl transferase [Gamma-GT, U/L], alanine aminotransferase
[ALAT-GPT; U/L]), kidney function (creatinine; mg/dL) and haemato-
logical markers (haematocrit [L/L], haemoglobin [mmol/L] and eryth-
rocyte count [*1012/L]). Plasma Interleukin-6 (IL-6; mg/L) levels were
measured in duplicate using a high sensitivity enzyme linked immuno-
sorbent assay (ELISA) (PeliKine Compact TM ELISA, Sanquin, Amster-
dam, The Netherlands). Tumor necrosis factor-alpha (TNF-a; pg/mL)
plasma levels were assayed in duplicate with a high-sensitivity solid
phase ELISA (Quantikine® HS Human TNF-a Immunoassay, R&D sys-
tems Inc, Minneapolis, MN, United States). C-reactive protein (CRP; mg/
L) was measured in duplicate by an in-house ELISA, based on purified
protein and polyclonal anti-hsCRP antibodies (Dako, Glostrup,
Denmark). Tryptophan (pmol/L) and kynurenine (pmol/L) concentra-
tions were assayed by an automated online solid phase extraction-liquid
chromatographic-tandem mass spectrometric (XLC-MS/MS) method.
Brain-derived neurotrophic factor (BDNF; ng/L) levels were measured in
serum using the Emax Immuno Assay system from Promega (Madison,
WI, USA).

2.2.3. Course outcome measures

Course outcomes were based on the longitudinal data collected with
the Inventory of Depressive Symptomatology-Self Report (IDS-SR; Rush
et al., 1996), the Beck Anxiety Inventory (BAL Beck et al., 1988), the
Fear Questionnaire (Marks & Matthews, 1979) and the Penn State Worry
Questionnaire (Meyer et al., 1990). General psychological distress
severity was calculated as the average of the standardized IDS-SR, BAI,
FQ and PSWQ scores (Table S2 gives scale correlations).

2.3. Analyses

2.3.1. Outcome trajectory classes

Outcomes for the current study were all based on LCGAs of the
longitudinal course measures. In a previous study (Solis et al., submit-
ted), LCGA had been run on the general psychological distress measure.
For the current study, LCGAs were also run with (1) only the IDS-SR and
(2) the BAI scores to identify pure-depression and pure-anxiety course
trajectories, respectively.

Prior to analysis, all repeated outcome scores were standardized to
zero mean and unit variance and baseline values were subtracted from
the follow-up values to focus the LCGAs on change rather than baseline
differences. LCGA was used rather than growth mixture modelling as the
latter allows for more within-class heterogeneity, making the classes less
suitable as differentiated outcome categories. Inspection of the pre-



K.J. Wardenaar et al.

processed data revealed that most change occurred between baseline (all
values are 0) and the first follow-up, after which changes were more
stable. To model this pattern of change, a log-linear function was chosen
for the LCGA (i.e. outcomes were log-transformed).

LCGA models with increasing numbers of classes were fitted to the
data. The best model was selected using the Bayesian and Akaike In-
formation Criteria (BIC and AIC), with lower values indicating better fit.
Also all model classes were required to have a size of n>100 to ensure
that they would be usable in the subsequent prediction analyses. All
models were estimated using Maximum Likelihood estimation, using
each participant’s non-missing data. One-hundred random starts were
used to prevent solutions at local maxima. LCGAs were conducted with
package ‘Ilcmm’ (Proust-Lima et al., 2017) in R (R core team, 2020). In
subsequent analyses, the continuous posterior class-probabilities rather
than discrete class membership (based on highest posterior
class-probability) were used if class-allocation involved too much un-
certainty as indicated by model entropy<0.8 (Clark & Muthén, 2009).

2.3.2. Prediction modelling

2.3.2.7. Data pre-processing. All categorical variables were recoded to
dichotomous variables, coded as 0/1. Continuous variables were Z-
transformed. Overall, only 1.7% of the data were missing: 66/152 de-
terminants had >1 missing value (range: 5.9%-15.8%; Table S1). These
were imputed once using predictive mean matching with the ‘mice’ R-
package (van Buuren and Groothuis-Oudshoorn, 2011). See supplement
for some complete-case analyses.

2.3.2.8. Super Learner. SL analyses were performed with the ‘sI3’ R-
package (Coyle et al., 2020) to identify the optimal prediction model for
each outcome-trajectory. The mean squared error (MSE) of predicted
versus observed outcomes was used to determine prediction accuracy. In
the SL method, a number of individual ML-algorithms (‘base learners’;
leDell et al., 2016) are run. Base-learners were selected that can work
with continuous outcomes and large numbers of correlated de-
terminants: Elasticnet (Zou & Hastie, 2005), Random Forests (Breiman
2001), Gradient Boosting (Friedman, 2001), and Support Vector Ma-
chines (details: Table S3). Each base-learner was run with 10-fold cross
validation (CV) to limit the risk of overfitting. We chose 10-fold CV in
favour of a single hold-out sample as the former is more efficient (all
subjects are included in training and validation) and yields MSEs with
less random variation (Hastie et al., 2009; James et al., 2013). Next, a
stacked SL-model formula, weighting each of the individual learners’
predictions as to minimize the SL MSE (MSEg;) was estimated in the
whole sample using a Non-Negative Least Squares (NNLS, van der Laan
et al., 2007) estimator, which was set to yield a convex solution with the
learners’ weights summing to one. This yields SL predictions that
improve upon any of the stack’s base-learners (van der Laan et al.,
2007). The resulting SL formula was then used to generate predictions
based on the base-learners that were fit to the complete dataset, and the
MSEg;, was evaluated. See Rose (2013) for details. Although the MSEg is
a good measure of precision, is hard to interpret on its own. Therefore,
the Spearman correlation between SL-predicted and observed scores
(/’pred) and its squared value (/)gred: coefficient of determination) were

also calculated and evaluated using the following performance cut-offs:
Pprea<0-2 (negligible: less than practically significant), 0.2>p,,,4<0.5
(small), 0.52pp,ed <0.8 (moderate) and pp,edZO.S (strong; Ferguson,
2009). Finally, SL performance was compared to performance of Ordi-
nary Least Squares (OLS) regression with the identified top 15 important
determinants (see below).

2.3.3. Determinant importance

For each outcome, the importance of each determinant in the SL was
investigated by evaluating the change in the MSEg,, (i.e. MSE difference)
when the given determinant’s data were randomly scrambled (Coyle
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et al., 2020). For each outcome’s SL, this resulted in a list of de-
terminants’ MSE-differences, with higher values indicating higher
importance. For each outcome, the top 15 important determinants were
listed and Spearman correlations between each determinant and the
model-predicted score were calculated to gain insight into the de-
terminants’ roles in the SL.

3. Results
3.1. Sample characteristics

The baseline sample characteristics are given in Table 1. The mean
age was 41.3 years and the majority was female (67.2%). Most partici-
pants had an MDD diagnosis (65.4%) and a majority of these also had
comorbid anxiety (68.0%). Of participants, 23.3% and 32.0% had only a
depressive or anxiety disorder, respectively.

3.2. LCGA

3.2.1. General psychological distress

LCGA identified three classes with different severity trajectories: a
‘chronic’ (n=1,131), ‘partial recovery’ (n=435) and ‘full recovery’ tra-
jectory (n=127) (Solis et al., submitted).

3.2.2. Pure depression and anxiety

The preprocessed IDS-SR and BAI data showed a moderate rela-
tionship (Spearman p=0.64; p<0.001). In the LCGAs (Table 2), for both
domains, the BIC decreased little when adding a 4™ class and for both
outcomes, the 4-class model contained classes that were too small
(n<100). For depression, the selected model had a ‘chronic’ (n=1,078),
‘partial recovery’ (n=502) and ‘full recovery’ (n=112) class. For anxi-
ety, the model had a ‘full recovery’ (n=236), ‘partial recovery’
(n=1,306), and ‘increasing severity’ (n=151) class (Figure S2 gives the
trajectories). Because entropy was <0.8 for both models, the posterior
class-probabilities were used as outcomes (See Table S4 for
distributions).

Table 1
Study sample characteristics (n=1,693)
Variable Sample
Demographics
Age (in years), mean (sd) 41.3 (12.4)
Women, n (%) 1,137 (67.2%)
Years of education 11.8 (3.3)

Unemployed, n (%)
Partner, n (%)
6-month CIDI diagnoses, n (%)

597 (35.3%)
1,107 (65.4%)

MDD 1,108 (65.4%)
Dysthymia 303 (17.9%)
GAD 460 (27.2%)
PD with Agoraphobia 421 (24.9%)

PD without Agoraphobia
Social phobia
Agoraphobia

Pure depressive disorder(s), n (%)

Only anxiety disorder(s), n (%)

Comorbid depression and anxiety, n (%)

Ever a suicide attempt, n (%)

Severity scales, median (IQR)

245 (14.5%)
665 (39.3%)
187 (11.0%)
394 (23.3%)
542 (32.0%)
757 (44.7%)
283 (16.7%)

Depression severity (IDS-SR) 29 (20-38)
Anxiety Severity (BAI) 15 (9-24)

Worrying (PSWQ) 37 (30-44)
Fear/Phobia (FQ) 30 (17-46)

Note: CIDI= Composite International Diagnostic Interview; MDD=Major
Depressive Disorder, GAD=Generalized Anxiety Disorder, PD=Panic Disorder,
IDS-SR=Inventory of Depressive Symptomatology - Self Report; BAI=Beck
Anxiety Inventory; PSWQ=Penn State Worry Questionnaire; FQ=Fear Ques-
tionnaire; IQR=interquartile range.
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Table 2
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latent class growth analysis (LCGA) results to explain variation in the 9-year course of (A) depression severity and (B) anxiety severity over 9 years.

Outcome Classes Degrees of freedom AIC BIC Entropy Class sizes
Depression (n=1,692)" 1 3 15241.3 15257.6 1.00 1692

2 6 13821.9 13854.5 0.69 1357, 335

3 9 13378.5 13427.4 0.65 502, 112, 1,078

4 12 13214.2 13279.4 0.67 70, 102, 1169, 351
Anxiety (n=1,693)" 1 3 15402.0 15418.3 1.00 1693

2 6 13971.3 14003.9 0.68 340, 1353

3 9 13507.2 13556.1 0.70 151, 1306, 236

4 12 13161.8 13227.0 0.70 80, 361, 96, 1156

Note: IDS-SR=Inventory of Depressive Symptomatology - Self Report; BAI=Beck Anxiety Inventory; PSWQ=Penn State Worry Questionnaire; FQ=Fear Questionnaire;
AIC=Akaike Information Criterion; BIC=Bayesian Information Criterion. Bold print indicates the model that was selected in this study.

2 Based on the IDS-SR.
b Based on the BAL

3.3. Prediction modelling

3.3.1. Prediction of general psychological distress course

Prediction performance indices are given in Table 3 (all pp.q:
p<0.001). The ‘chronic’ class probability was predicted with
MSE=0.150-0.159 across base learners and MSEg;=0.148, with a strong
Pprea=0.91 (pgred:0.83). ‘Partial-recovery’ was predicted with
MSE=0.118-0.131 across base learners and MSEg;=0.118 with a small
Pprea Of 0.41 (pgred:0.17). ‘Full-recovery” was predicted with
MSE=0.054-0.056 across base learners and MSEg;=0.054 with a mod-
erate p,..q 0f 0.70 (pgred=0.50). SL-based p,,.q were all higher than small
OLS-based peq (0.18-0.27).

Figure 1 shows the top determinants. Age, age of onset, RR,

Table 3

WHODAS participation, somatic disease, low income, 1-M minor
depression and mastery score were among the most important overall
determinants. Prediction correlations showed that age and somatic
disease were positively correlated with predicted ‘chronic’ course and
negatively with ‘partial’ and/or ’full recovery’, whereas age of onset,
RR, WHODAS participation, mastery and minor depression were posi-
tively correlated with ‘partial’ and/or ’full recovery’.

3.3.2. Prediction of pure depression course

‘Chronic’ course probability was predicted with MSEs=0.133-0.137
across base learners (Table 3) and MSEg =0.131, with a strong
Pprea=0.81 (pgred:0.66). ‘Partial-recovery’ was predicted with
MSE=0.114-0.121 across base learners and MSEg;=0.114 with a strong

10-fold cross-validated prediction performance of individual learners and of the total sample Super Learner in predicting the probability of different course trajectories

of joint depression and anxiety.

Learners Probability of *Chronic course’ Probability of "Partial recovery’ Probability of "Full recovery’
MSE" SE SL Weight MSE" SE SL Weight MSE® SE SL Weight
General psycho-pathology severity course” Elasticnet 0.152 0.004 0.18 0.118 0.003 0.68 0.054 0.004 0.19
Random forest (100)" 0.151 0.003 0.11 0.120 0.003 0.00 0.056 0.004 0.00
Random forest (250)" 0.150 0.003 0.01 0.120 0.003 0.00 0.055 0.004 0.08
Random forest (500)” 0.150 0.003 0.30 0.119 0.003 0.00 0.055 0.004 0.00
Gradient Boosting 0.151 0.003 0.09 0.119 0.003 0.32 0.055 0.004 0.00
Support Vector Machine 0.159 0.004 0.31 0.131 0.005 0.00 0.055 0.005 0.73
SuperLearner 0.148 0.003 - 0.118 0.003 - 0.054 0.005 -
Probability of *Chronic course’ Probability of 'Partial recovery’ Probability of "Full recovery’
MSE" SE SL Weight MSE" SE SL Weight MSE" SE SL Weight
Pure depressive symptom severity course’ Elasticnet 0.133 0.003 0.37 0.114 0.003 0.56 0.049 0.004 0.21
Random forest (100)" 0.136 0.003 0.10 0.117 0.003 0.00 0.050 0.004 0.08
Random forest (250)" 0.137 0.003 0.00 0.116 0.003 0.03 0.050 0.004 0.00
Random forest (500)" 0.137 0.003 0.00 0.116 0.003 0.10 0.050 0.004 0.00
Gradient Boosting 0.134 0.003 0.16 0.116 0.003 0.07 0.050 0.004 0.00
Support Vector Machine 0.137 0.004 0.37 0.121 0.004 0.24 0.050 0.005 0.71
SuperLearner 0.131 0.003 - 0.114 0.003 - 0.049 0.004 -

Probability of ‘Increasing severity’

Probability of "Partial recovery’ Probability of 'Full recovery’

MSE* SE SL Weight MSE® SE SL Weight MSE* SE SL Weight
Anxiety severity course® Elasticnet 0.058 0.004 0.37 0.117 0.004 0.63 0.096 0.005 0.11
Random forest (100)” 0.059 0.004 0.00 0.118 0.004 0.16 0.097 0.004 0.00
Random forest (250)" 0.058 0.004 0.04 0.118 0.004 0.00 0.096 0.004 0.00
Random forest (500)” 0.058 0.004 0.00 0.117 0.004 0.20 0.096 0.004 0.29
Gradient Boosting 0.058 0.004 0.32 0.119 0.004 0.00 0.095 0.005 0.43
Support Vector Machine 0.062 0.005 0.26 0.130 0.005 0.00 0.102 0.006 0.17
SuperLearner 0.057 0.004 - 0.116 0.004 - 0.095 0.005 -

Note: IDS-SR=Inventory of Depressive Symptomatology - Self Report; BAI=Beck Anxiety Inventory; PSWQ=Penn State Worry Questionnaire; MSE=mean squared
errors; SL weight= NNLS estimated weight (range: 0-1) of the algorithm in the Super Learner.

# The average of the MSEs obtained in each test fold;

b Numbers between parentheses indicate number of trees in the ranger package.

¢ Based on the IDS-SR, BAI, PSWQ and FQ
4 Based on the IDS-SR
¢ Based on the BAI
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Overall psychopathology severity

Chronic Partial recovery Full recovery
Age 0.29 RR 0.28 Age -0.28
RR -0.13 Age -0.49 Somatic disease -0.14
Youngest age of onset -01 Mastery 027 Visit MH Inst 027
WHODAS Participation -0.13 Youngest age of onset 0.01 1-M Minor depression 0.11
Somatic disease 0.17 Low income .02 Youngest age of onset 0.13
Low income 0.09 LDL Cholesterol -0.29 WHODAS Participation 0.24
1M Minor MD -0.07 WHODAS participation 0.05 Visit physiotherapist -0.12
Visit occupational physician -0.15 Erystrocites -0.04 Extraversion 0.12
MASQ-D30 Anhedonic Depression 0.01 TNF-alpha -0.05 Use alternative care 0.1
Visit individual psychiatrist -0.04 Antihypertensive use -0.3 4-6 previous episodes 0.05
Creatine -0.01 Visit occupational phys 0.16 Visit ocupational Phys. 0.18
1M Panic disorder -0.08 Hypertension -0.34 WHODAS Life activities 0.05
Loneliness 0.14 Physical activity 0.01 Social loneliness -0.17
1M Agoraphobia 0.1 PEP 0.07 Smoking 0.17
Mastery -0.11 Metab. Syn. hypertension -0.3 CRP 0.03
0.00 025 0.50 075 1.00 128 0.00 0.10 0.20 0.30 0.40 0.50 0.00 0.20 0.60

MSE Difference (%)

MSE Difference (%)

0.40
MSE Difference (%)

Figure 1. Variable importance for the course of general psychopathology severity, expressed as the percentage of change in the mean squared error if the given
determinant is removed from the model (‘MSE difference (%)’ on x-axis). For added interpretability, the Spearman correlations of the determinants with the predicted
probabilities of the Super Learner (SL) are printed behind each determinant’s bar. A green bar indicates a positive correlation and a red bar indicates a negative

correlation with the SL-predicted score.

Pprea=0.82 (pgred:0.67). ‘Full-recovery’ was predicted with
MSE=0.049-0.050 across learners and MSEg;=0.049 with a moderate
Pprea=0.60 (pgred:0.36). SL-based py,q Were larger than the OLS-based
Pprea (0.22-0.31).

Figure 2 shows the top-15 determinants, which were age, youngest
age of onset, mastery, visiting an occupational physician, physiothera-
pist or MH institute, somatic disease, extraversion and WHODAS
participation score. Age was positively correlated with the probability of
a ‘chronic’ course and negatively with ‘partial’ and ’full recovery’,
whereas age of onset, mastery and visiting a MH institute showed the
reversed pattern.

3.3.3. Prediction of pure anxiety course

An ‘increasing-severity’ probability was predicted with MSE=0.058-
0.062 across learners (Table 3) and MSEg=0.057 with a moderate
Ppreg=0-53 (pﬁred:0.28). ‘Partial-recovery’ was predicted with
MSE=0.117-0.130 across learners and MSEg =0.116, with a high
Pprea=0-88; pgred:0.77). ‘Full-recovery’ was predicted with MSE=0.095-
0.102 across learners and MSEg=0.095 with a moderate p,,.;=0.73;
pgred:0.53). The SL-based p,.q were much higher than negligible OLS-
based Ppred (0.12-0.20).

Figure 2 shows that MASQ-D30 Anxious Arousal, 4DSQ Somatic,
4DSQ Distress, WHODAS participation, 1-M minor depression, extra-
version, age and RR were among the top determinants. The MASQ-D30
Anxious Arousal and 4DSQ Somatic scales were negatively correlated
with ‘increasing severity’ and positively with ‘partial recovery’. Minor
depression, extraversion and RR were positively correlated and age was
negatively correlated with ‘full-recovery’. 4DSQ Distress and WHODAS
Participation were positively correlated with ‘partial-recovery’.

4. Discussion

This study aimed to train models that optimally predict the 9-year
course of general psychological distress, pure depression and pure
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anxiety, and to identify and compare the main determinants of these
outcomes. The used 9-year course outcomes for general psychological
distress were previously-estimated LCGA-based classes with ‘chronic’,
‘partial recovery’ and ‘full recovery’ course trajectories. For pure
depression, LCGAs showed similar classes. For pure anxiety, LCGA
showed ‘partial recovery’, ‘full recovery’ and ‘increasing severity’ clas-
ses, aligning with previous observations that depression and anxiety-
trajectories do not always run parallel (Olino et al., 2010; Wardenaar
et al., 2015). For each outcome, optimized SLs were estimated with
base-learner weights differing across outcomes, indicating that different
learners were optimal for different outcomes and using a single learner
would have been suboptimal. Prediction-correlations ranged from small
(Pprea=0.41) to high (p,q=0.91) with a moderate median of 0.73 and
consistently better performance than OLS regression. Interestingly, the
only outcome class, for which prediction performance was weak for the
SL was the general psychological distress ‘partial recovery’ class. This
could be due to this outcome’s high within-class heterogeneity (many
different symptoms can partially recover), making it a comparatively
noisy outcome.

Inspection of variable importance in the SL showed that for the
general psychological distress course, a mix of different types of
important determinants emerged, age, low income, youngest age of
onset, WHODAS participation score, 1-M minor depression, mastery, RR
and somatic disease variables. For pure depression course, mostly the
same determinants were found, but also unique determinants (visit
occupational physician, physiotherapist, or MH institute). For pure
anxiety, some top determinants overlapped with pure depression (age,
WHODAS participation, minor depression and extraversion), and unique
determinants included self-reported somatic symptoms and psycholog-
ical distress. The identification of different types of determinants aligns
with the view that psychopathology is influenced by factors, functioning
at different levels (e.g., McNamara et al., 2021; Eronen, 2019). The
observed overlap in determinants between outcome domains and lower
number of domain-specific determinants aligns with the view of
depression and anxiety as related domains with shared and
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Depression (IDS-SR)

Chronic course Partial recovery Full recovery
Age 0.38 Age -0.34 Visit Occupational physician 0.3
Youngest age of onset -0.11 Youngest age of onset 0.08 Age -0.37
Mastery -0.11 Mastery 0.07 Visit Physiotherapist -0.23
MASQ-D30 Anhedonic Depression -0.07 Substance-use treatment -0.11 Somatic disease -0.18
WHODAS Participation -0.2 Low income -0.14 Extraversison 0.12
Visit MH institute -0.27 1-M Dysthymia -0.09 WHODAS Participation 0.22
Daily hassles: daily pressure -0.24 >=3 6-M anxiety disorders -0.09 Visit MH institute 0.35
1-M Panic disorder -0.07 Any 1-M depressive disorder 0.19 Social loneliness -0.14
MASQ-D30 Anxious Arousal 0.05 WHODAS Life activies 0.18 MASQ-D30 Anhedonic Depression 0.09
Non-NL birthcountry { -0.13 Daily hassles: daily pressure 0.26 Loneliness -0.09
Substance-use treatment 0.1 MASQ-D30 Anxious Arousal -0.01 4-6 previous episodes 0.13
1-M Minor depression -0.08 1-M Minor depression 0.09 Use of other antidepressants 0
Any 1-M Depressive disorder -0.2 1-M Panic disorder 0.01 6-M Anxiety disorder -0.23
Ever a suicide attempt -0.01 Childhood trauma index>=2 -0.02 Physical activity -0.11
Somatic disease 0.21 WHODAS Getting along 0.18 Metabolic syndrome { 0

3.0

0 20 4.0
MSE Difference (%)

0.0 1

0.50

1.50

1.00 2,00
MSE Difference (%)

Anxiety (BAI)

0.00

0.60

0.20 0.40 0.80
MSE Difference (%)

Increasing severity Partial recovery Full recovery
4DSQ Somatic -0.62 MASQ-D30 Anxious Arousal 0.29 1-M Minor depression 0.15
WHODAS Participation -0.58 4DSQ Distress 0.32 Extraversion 0.22
MASQ-D30 Anxious Arousal -0.49 WHODAS Participation 0.27 Age -0.33
>=10 Previous episodes 0.13 1-M Minor depression -0.15 IL-6 -0.12
Neuroticism -0.36 Youngest age of onset -0.04 Youngest age of onset 0.1
Extraversion 0.07 Age 0.17 RR 0.14
Visit Occupational physician -0.22 Haematocrite 0.14 Visit MH inst. 0.26
>=2 6-M anxiety disorders -0.29 >=3 1-M comorbid disorders 0.29 WHODAS Life activities -0.06
Having child(ren) -0.01 Social loneliness 0.22 6-M PD with Agoraphobia 0.14
Heartrate -0.11 WHODAS Getting along 0.24 ALAT-GPT -0.01
PEP 0 GFR -0.1 4DSQ Somatic 0.18
Years of education 0.12 MASQ-D30 General Distress 0.27 SDNN 0.06
WHODAS Life activities -0.27 Openness. -0.01 Emotional loneliness -0.13
Visit a physician -0.2 Extraversion -0.19 Mastery 0.08
ALAT-GPT -0.08 CRP 0.07 Social loneliness -0.19

0.50 2.00

1.00 1.50
MSE Difference (%)

020 0.40
MSE Difference (%)

0.60 0.75

025 050
MSE Difference (%)

Figure 2. Variable importance for the course of individual depression (IDS-SR) and anxiety (BAI) severity, expressed as the percentage of change in the mean
squared error if the given determinant is removed from the model (‘MSE difference (%)’ on x-axis). The Spearman correlations of the determinants with the predicted
probabilities of the Super Learner (SL) are printed for each determinant. A green bar indicates a positive correlation and red indicates a negative correlation with the

SL-predicted score.

domain-specific mechanisms and with the shared predictors overlapping
with a general, higher-order psychological distress dimension (Clark &
Watson, 1991; Goodwin, 2015; Kotov et al., 2020).

The roles of determinants in the algorithm were investigated by
inspecting determinants’ correlations with SL predicted probabilities.
These should be interpreted carefully because they only capture linear
relationships whereas variable importance also incorporates variables’
roles in interactions and non-linear associations (Archer & Kimes, 2008;
Hastie et al., 2009). Still, the correlations revealed some noteworthy
patterns. Across outcomes, age was positively correlated with the
chronicity and negatively with partial/full recovery. Indeed, previous
work has found higher chronicity/recurrence with increasing age (e.g.,
Schaakxs et al., 2018). This may reflect that depressed patients that were
older at baseline were more likely to already have had a history of
persistent depression, making future persistence likely. Age of first onset
was negatively correlated with an adverse course of psychological
distress and pure depression, but not anxiety, indicating that it may be a
depression-specific determinant. Others also showed that a young onset
of depression is an important component of depression chronicity
(Pettit et al., 2009) and related to higher illness burden (Zisook et al.,
2007). Measures of extraversion and mastery were found be positively
correlated with recovery and negatively with adverse course trajectories
across outcomes, aligning with earlier work showing these domains to
be positively associated with lower chronicity/recurrence (Steunenberg
et al., 2007; Colman et al., 2007; Wardenaar et al., 2014; Wiersma et al.,
2011; Hovenkamp-Hermelink et al., 2021), pointing toward a role as

cross-diagnostic vulnerability markers (Ormel et al., 2013; Struijs et al.,
2018) that likely predict over longer time periods given their temporal
stability (Hovenkamp_Hermelink et al., 2019; (Mund et al., 2020). So-
matic illness correlated positively with an unfavourable course, aligning
with work showing poor somatic health to be associated with less
favourable depression and anxiety course (Ferro et al., 2015; Ambresin
et al.,, 2014). RR was the only biological determinant for both general
psychological distress and pure anxiety, indicating a more
anxiety-specific role. Indeed, respiratory deviations, such as a higher RR,
are known to be related to anxiety symptom severity and worry (Papp
et al., 1997; Blechert et al., 2007). However, here RR was positively
correlated with more favourable course trajectories. It is possible that
this reflects the role of RR in a more complex interactive/non-linear
model, or it could reflect the fact that anxiety severity and related so-
matic arousal (including higher RR) were on average higher (data not
shown) in those with a ‘chronic’ or ‘increasing severity’ course. The
finding of a single biological determinant indicates that in algorithms for
clinical use it could be preferable to predominantly include other mea-
sures that are easier and less invasive to measure.

Interestingly, previous ML prediction studies of the 2-year course of
depression (Dinga et al., 2018) and anxiety (Bokma et al., in press) using
the same data found baseline symptom severity to be the most important
predictor. Another ML-study of 9-year diagnosis-based course prediction
(van Eeden et al, 2021) used an automated algorithm-selection
approach for prediction (auto-sklearn; Feurer et al., 2015), but found
only moderate prediction accuracy. Differences between these and the
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current findings could be explained by different methodological choices.
First, the first two studies used only a 2-year follow-up interval. Second,
the current study looked at dimensional rather than discrete diagnostic
course outcomes. This meant a conceptually different approach, but also
that baseline severity was used in outcome definition and could not be
used as determinants. Interestingly though, other severity scales (e.g.,
MASQ-D30 General Distress) did not emerge as important either. Dinga
et al., (2018) also used LCGA-based outcomes, but these were for 2-year
course only. Third, two studies used a single learner (Elasticnet [Dinga
et al., 2018]; Random Forests [(Bokma et al., in press)]), so although
many baseline variables were included (up to 567 in (Bokma et al., in
press)), the chosen learner may not have been suitable to identify more
predictors. Vice versa, (van Eeden et al., 2021) did use a more flexible
algorithm, but a relatively small set of 35 baseline predictors.

There are several study limitations. First, the findings were based on
data-driven dimensional course outcomes, which do justice to the way
course-variations naturally occur, but are harder to translate to DSM-
oriented clinical practice. Second, the SL analyses were computation-
ally demanding and to save computation time, single imputation was
used to handle missing data, whereas multiple imputation would have
been optimal. Third, the optimized SL-algorithm was based on cross-
validated base-learners to prevent overfitting, but generalizability of
the findings should still be independently evaluated. Also, the perfor-
mance of the SL itself was not evaluated through cross-validation,
adding to the necessity of external evaluation. Fourth, the use of class-
probabilities rather than memberships as outcomes make results
harder to interpret, but the low entropy indicated that participants could
not be allocated to classes with acceptable certainty (Celeux & Sor-
omenho, 1996). Fifth, LCGA model selection was strongly driven by the
requirement of sufficiently large classes for the SL, whereas a range of fit
indices is often primarily used to identify the optimal class-solution (e.
g., Nylund et al., 2007). Sixth, to allow inclusion of the same variables in
all analyses, only baseline variables measured irrespective of diagnosis
were included; more diagnosis-specific course determinants may have
been missed. Finally, the final SL algorithm can be seen as a ‘black box’
that is hard to interpret. For instance, the SL may include complex in-
teractions, but provides no direct insight into their nature or importance.
Importantly, model transparency is sacrificed here in favour of optimal
predictions.

When implemented in clinical practice, ML-based algorithms could
primarily be used to predict patients’ general prognosis irrespective of
treatment. A next step is to develop algorithms that predict course
conditional on treatment type, which could be used to select a patient’s
most suitable treatment. To develop such algorithms, larger datasets
with detailed treatment information are needed.

In conclusion, when optimal SL-based prediction models are applied,
the most important determinants in the algorithms were mostly shared
for the pure-depression and pure-anxiety outcomes and also showed
sizable overlap with determinants of general psychological distress
course. Domain-specific exceptions were healthcare use for pure
depression and somatic arousal and distress for pure anxiety-severity
course. This indicates that the both depression and anxiety course can
be contemporaneously predicted based on mostly shared and some
domain-specific of predictors.
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