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ORIGINAL ARTICLE

Dynamic modelling of chronotype and hypo/manic and depressive symptoms in 
young people with emerging mental disorders
Timothy R. Wong a, Ian B. Hickie a, Joanne S. Carpentera, Elizabeth M. Scott a, Adam J. Guastella a, 
Parisa Vidafar b, Jan Scott a,c,d,e, Daniel F. Hermens f, and Jacob J. Crouse a

aBrain and Mind Centre, University of Sydney, Australia; bLife Course Centre, University of Sydney, Australia; cAcademic Psychiatry, Institute of 
Neuroscience, Newcastle University, UK; dUniversité de Paris, Paris, France; eDepartment of Mental Health, Norwegian University of Science 
and Technology, Trondheim, Norway; fThompson Institute, University of the Sunshine Coast, Sippy Downs, Queensland, Australia

ABSTRACT
There is significant interest in the possible influence of chronotype on clinical states in young 
people with emerging mental disorders. We apply a dynamic approach (bivariate latent change 
score modelling) to examine the possible prospective influence of chronotype on depressive and 
hypo/manic symptoms in a youth cohort with predominantly depressive, bipolar, and psychotic 
disorders (N = 118; 14–30-years), who completed a baseline and follow-up assessment of these 
constructs (mean interval = 1.8-years). Our primary hypotheses were that greater baseline even-
ingness would predict increases in depressive but not hypo/manic symptoms. We found moderate 
to strong autoregressive effects for chronotype (β = -0.447 to −0.448, p < 0.001), depressive (β  
= -0.650, p < 0.001) and hypo/manic symptoms (β = -0.819, p < 0.001). Against our predictions, 
baseline chronotypes did not predict change in depressive (β = -0.016, p = 0.810) or hypo/manic 
symptoms (β = 0.077, p = 0.104). Similarly, the change in chronotype did not correlate with the 
change in depressive symptoms (β = -0.096, p = 0.295) nor did the change in chronotype and the 
change in hypo/manic symptoms (β = -0.166, p = 0.070). These data suggest that chronotypes may 
have low utility for predicting future hypo/manic and depressive symptoms in the short term, or 
that more frequent assessments over longer periods are needed to observe these associations. 
Future studies should test whether other circadian phenotypes (e.g. sleep-wake variability) are 
better indicators of illness course.
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Introduction

There is substantial interest in the role of the “body 
clock” in mental health (Crouse et al. 2021; McCarthy 
et al. 2022). Accumulating evidence suggests that varia-
tions and disturbances in the circadian system (e.g. 24-h 
sleep-wake cycle) may play an important role in the 
presentation, course, and treatment of mental disorders 
(Hickie et al. 2023; Logan and McClung 2019; McCarthy 
et al. 2022; Murray et al. 2020; Wulff et al. 2010). 
Variations and disturbances in circadian-relevant fac-
tors are observed in the early phases of mental disorders, 
which may have implications for identification of and 
early intervention in at-risk groups (Robillard et al. 
2016; Scott et al. 2022). One factor that is linked to the 
circadian system and relevant to mental ill-health is 
chronotype. While conceptualised in different ways 
depending on the instrument used (Roenneberg 2015), 
one popular definition of chronotype is an individual’s 
preference for daily timing of sleep and activity, which 

encompasses variations in alertness, mood, and energy 
during wakefulness. Chronotype varies with age and sex 
(Fischer et al. 2017) and undergoes developmental 
changes across the lifespan, for example, becoming 
more evening-like during adolescence (Roenneberg 
et al. 2004). While it has a major genetic component 
(Jones et al. 2019), it is also determined by light 
(Roenneberg and Merrow 2007). Variations in chrono-
types have now been linked to a variety of indicators of 
poor health, including mental health problems.

Meta-analyses report a consistent yet weak, 
cross-sectional link between depressive symptoms and 
chronotype (Au and Reece 2017; Norbury 2021). People 
classified as evening types may be more prone to depres-
sive symptoms and syndromes (Antypa et al. 2016; 
Merikanto and Partonen 2021; Merikanto et al. 2013), 
and eveningness may be a marker of severity of depres-
sive symptoms among patients with mental disorders 
(Melo et al. 2017; Meyrel et al. 2022). The link between 
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chronotype and manic symptoms is less established. 
While individuals with bipolar disorder are more likely 
to be evening types (Melo et al. 2017; Meyrel et al. 2022), 
chronotype appears to be more strongly linked to 
depression than manic symptoms in bipolar disorder 
(Melo et al. 2017). Eveningness has been shown to be 
associated with manic symptoms in bipolar disorder 
(McCarthy et al. 2019) though null findings are more 
common (Giglio et al. 2010; Kanagarajan et al. 2018; 
Mansour et al. 2005).

Few prospective studies of chronotype and mental 
health are available. A community study of youth found 
that baseline eveningness predicted future increases in 
depressive symptoms, and that baseline depressive symp-
toms were associated with future eveningness (Haraden 
et al. 2017). In another community study of people with 
depressive and/or anxiety disorders, a prospective advance 
in chronotype (toward morningness) was associated with 
decreased depressive symptoms but not anxiety symptoms 
(Druiven et al. 2020). Clinical trials have also shed light on 
links between chronotype and depressive symptoms. One 
randomised controlled trial (n = 22 healthy individuals) 
that aimed to behaviourally advance the sleep-wake timing 
of evening types demonstrated that a phase advance in the 
sleep-wake cycle was associated with improvements in self- 
reported depressive symptoms (Facer-Childs et al. 2019); 
Similarly, an open-label study (n = 24 youths with depres-
sion) of the antidepressant agomelatine showed that 
a phase advance in dim-light melatonin onset was strongly 
associated with change in clinician-rated depressive symp-
tom severity (Robillard et al. 2018a). Only one study has 
examined chronotype and manic symptoms longitudin-
ally, finding that in bipolar disorder, evening types were 
more likely to experience subsequent depressive symptoms 
but less likely to experience hypo/mania (Vidafar et al. 
2021). However, a limitation of these studies is that they 
did not model changes in chronotype over time, nor did 
they examine changes in both manic and depressive symp-
toms alongside chronotype.

To better establish whether chronotype predicts future 
depressive and manic symptoms, a statistical approach is 
needed that can model (a) the degree or rate of change in 
variables over time; (b) the potential causes of change in 
variables over time; and (d) correlated change in variables 
over time. These questions are especially relevant in 
young people for whom chronotype undergoes the 
most rapid and substantial developmental change across 
the lifespan (Fischer et al. 2017; Roenneberg et al. 2004). 
One popular approach is the latent change score (LCS) 
model (Kievit et al. 2018), which is well suited to dyna-
mical questions and has been applied to other areas of 
mental health (Crouse et al. 2020b; Hoe et al. 2012).

Here, we use bivariate LCS models to examine the 
prospective relationships among chronotype and 
depressive and hypo/manic symptoms in young people 
with emerging mental disorders. First, with respect to 
depressive symptoms, we hypothesise that greater even-
ingness at baseline will be associated with higher depres-
sive symptom severity at baseline (H1); greater 
eveningness at baseline will be associated with an 
increase in depressive symptom severity over time 
(H2); higher depressive symptom severity at baseline 
will be associated with an increase in eveningness over 
time (H3); and an increase in morningness will be 
associated with a reduction in depressive symptom 
severity over time (H4). Second, with respect to hypo/ 
manic symptoms, we hypothesise that chronotype and 
hypo/manic symptoms at baseline will not be associated 
(H5); and chronotype at baseline will not be associated 
with change in hypo/manic symptoms over time (H6). 
We will also examine potential relationships between 
baseline hypo/manic symptoms and change in chrono-
type, and between change in hypo/manic symptoms and 
change in chronotype; however, based on the sparsity of 
prior evidence, these are exploratory analyses.

Methods

Ethics approval

The study and consent procedures were approved by the 
University of Sydney Human Research Ethics 
Committee (number: 2012/1631). Participants aged 16- 
years and over provided written informed consent, and 
parental/guardian consent was obtained for those aged 
under 16-years.

Participants

Participants were referred from one of the two primary 
care-based early intervention mental health services 
(www.headspace.org.au) in Sydney, Australia (Scott 
et al. 2012) and were recruited into a broader research 
program investigating the neurobiology of emerging 
mental disorders in young people (Lee et al. 2018). 
This program has been detailed elsewhere (Crouse 
et al. 2020a), but briefly, involved administration of 
a protocol for self-report questionnaires, clinician- 
rated scales, a neuropsychological battery, and biologi-
cal measures for subsets of the sample. A single referring 
clinician determined participants’ primary diagnosis 
based on DSM-IV criteria and participants were then 
grouped into broad diagnostic categories: depression, 
bipolar, psychosis, and other (anxiety disorders, autism 
spectrum disorder, learning disorders, alcohol/ 
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substance use disorders, and personality disorders). 
After referral, assessments were conducted by one of 
the several graduate-level research officers.

Young people were excluded from participating if 
they met any of the following criteria: (a) history of 
neurological disease; (b) medical illness known to affect 
cognitive/brain function; (c) received electroconvulsive 
therapy in the 3 months prior to anassessment; (d) 
clinically evident intellectual disability; or (e) insuffi-
cient understanding of the English language to allow 
participation in verbal testing.

Assessments

Hamilton Depression Rating Scale (HDRS) (Hamilton 
1960): clinician-administered, 17-item rating scale mea-
suring the severity of depressive symptoms. The severity 
of each symptom is rated on a three-, four-, or five-point 
scale, giving a maximum total score of 52. HDRS total 
scores higher than 8, 16 and 23 suggest mild, moderate 
and severe depressive symptoms, respectively 
(Zimmerman et al. 2013). The scale had good internal 
consistency (Cronbach’s α = .82).

Young Mania Rating Scale (YMRS) (Young et al. 
1978): clinician-administered, 11-item rating scale mea-
suring the severity of hypo/manic symptoms. The sever-
ity of each symptom is rated on a five-point scale, giving 
a maximum total score of 60. A YMRS total score ≥ 25 
suggests that the severity of manic symptoms is enough 
to assess the person as “markedly ill” (Lukasiewicz et al. 
2013). The scale had good internal consistency 
(Cronbach’s α = .84)

Morningness-Eveningness Questionnaire (MEQ) 
(Horne and Östberg 1976): self-report, 19-item rating 
scale measuring chronotype. Though all the items ask 
respondents to rate their behaviour on a four- or five- 
point scale, some items also ask for a rating on an 
objective scale such as time, while others require 
respondents to evaluate subjective internal experi-
ences. Item ratings are summed up to give a total 
score of 16–80 (higher scores indicating a greater pre-
ference for morningness). MEQ types are categorised 
into the following total score ranges: Definite evening  
= 16–30, Moderate evening = 31–41, Intermediate  
= 42–58, Moderate morning = 59–69, Definite morn-
ing = 70–86. The scale had good internal consistency 
(Cronbach’s α = .80).

Eligibility criteria

(1) Aged 12–30 years at baseline.
(2) Had a baseline and follow-up assessment that 

included measures of depressive symptoms, 

hypo/manic symptoms, and chronotype (includ-
ing only participants with a single follow-up 
assessment).

(3) Provided informed consent for the original study 
and for their data to be used in subsequent studies 
(or parental/guardian consent was obtained).

Statistical analysis

Analyses were conducted using R statistical software 
(version 4.1.3) (R Core Team 2022). The lavaan 
package (Rosseel 2012) was used to perform struc-
tural equation modelling. Bivariate latent change 
score (LCS) models were used to examine the 
hypothesised relationships of chronotype and depres-
sive and hypo/manic symptoms (cross-sectionally 
and prospectively). For the bivariate LCS model to 
be identified, we derive two important parameter 
constraints. First, the autoregressive coefficient (i.e. 
the coefficient obtained when regressing a variable 
measured at follow-up onto itself measured at base-
line) is constrained to 1. Second, each latent change 
score was set as a perfect indicator (factor loading =  
1) of its respective construct measured at follow-up 
(Kievit et al. 2018). Given that age is associated with 
chronotype, it was included as a covariate at baseline.

The model fit was evaluated using several indices. 
The chi-square (χ2) statistic determines whether the 
hypothesised model deviates from the “perfect” 
model (the observed data). A statistically significant 
χ2 indicates that the hypothesised model deviates 
significantly from the observed data. The Root 
Mean Square Error of Approximation (RMSEA) 
and the Standardised Root Mean Square Residual 
(SRMR) measure how much the hypothesised 
model deviates from the perfect model. Of these 
indices, lower values indicate less deviation; models 
with values <0.08 are desirable (Kline 2011). The 
Comparative Fit Index (CFI) and Tucker-Lewis 
Index (TLI) are incremental fit indices, measuring 
how well the hypothesised model fits versus 
a baseline model (wherein no regressions or covar-
iances are specified).Higher CFI and TLI values are 
better, with values > 0.90 and > 0.95 suggesting ade-
quate and excellent fit, respectively. We instructed 
lavaan to apply Yuan-Bentler scaling (Yuan and 
Bentler 2000) to all fit indices and to estimate free 
parameters using the maximum likelihood estimator 
with Huber-White standard errors. More details on 
these techniques can be found elsewhere (Savalei and 
Rosseel 2022), and more details about our statistical 
analysis are in Supplementary Materials.
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We conducted a post-hoc Monte Carlo simula-
tion study to determine whether we had sufficient 
power to detect effects of interest within the bivari-
ate LCS models. For each model, this requires spe-
cifying a population model containing a priori 
values for all model parameters (not just the paths 
of interest; Wang and Rhemtulla 2021). We started 
by defining the effect size as the proportion of 
variance in the change score explained by the 
dependent variables in each model (i.e., R2 of the 
change score). Then, with reference to our hypoth-
eses and available literature, we work backward to 
derive population values for all paths, variances, 
and means (see Table S3). If we could not find 
a literature value for a parameter, we used the 
sample statistic as a substitute. We used the package 
simsem (Pornprasertmanit et al. 2021) to generate 
1000 datasets using a population model with 
a sample size of 118. For a given effect size and 
path, the power is defined as the proportion of 
datasets in which the regression coefficient differs 
significantly from 0 (α=.05). We deemed a power of 
0.8 to be adequate.

Results

Sample characteristics

One-hundred-and-eighteen young people met the eligibil-
ity criteria. Descriptive statistics are presented for all eligi-
ble samples in Table 1 and across diagnostic groups in 
Table 2. In the baseline assessment, the samples were aged 
14–30 years (M = 20.9; SD = 3.87), with 72 females (61.0%) 
and 46 males. Mood disorders were the most frequent 
diagnosis in our sample. Forty-four participants had 
a primary diagnosis of a depressive disorder, 46 with 
a bipolar disorder, 19 with a psychotic disorder, and 9 
with “other” disorders (anxiety disorders [n = 6], cyclothy-
mia [n = 1], obsessive-compulsive disorder [n = 1], atten-
tion-deficit/hyperactivity disorder [n = 1]). Severity of 
depressive and hypo/manic symptoms were mild (on aver-
age) at baseline and follow-up. Substance use (tobacco, 
alcohol, cannabis) and use of psychotropic medications 
(antidepressants, antipsychotics, mood stabilisers) were 
prevalent among our sample (Table 1).

The mean follow-up duration was 1.8 years (SD = 0.8). 
From baseline to follow-up, depressive and hypo/manic 
symptoms decreased (on average), while chronotype 

Table 1. Sample socio-demographics, symptom total scores, and chronotype at baseline and follow- 
up assessments (N = 118).

Baseline Follow-up

Mean or N SD or % Mean or N SD or %

Sex
Male 46 39.0 46 39.0
Female 72 61.0 72 61.0

Age (years) 20.9 3.9 22.7 3.9
Education (years) 12.5 2.4 13.0 2.4
HDRS total score 13.3 7.8 10.1 6.3
YMRS total score 3.9 6.5 2.6 4.1
MEQ total score 44.4 9.9 46.1 9.6
Tobacco use (daily or more) 24 20.3 26 22.0
Alcohol use (daily or more) 10 8.5 10 8.5
Cannabis use (weekly or more) 10 8.5 16 13.6
Antidepressant use 51 43.2 25 21.2
Antipsychotic use 40 33.9 15 12.7
Mood stabiliser use 25 21.2 15 12.7

HDRS=Hamilton Depression Rating Scale; YMRS=Young Mania Rating Scale; MEQ=Morningness-Eveningness 
Questionnaire.

Table 2. Sample characteristics and clinical scores by diagnostic group.
Depression (N = 44) Bipolar (N = 46) Psychosis (N = 19) Other (N = 9)

M or N (SD or %) M or N (SD or %) M or N (SD or %) M or N (SD or %)

Baseline Follow-up Baseline Follow-up Baseline Follow-up Baseline Follow-up

Gender (female) 26 (59.1) 26 (59.1) 34 (73.9) 34 (73.9) 4 (21.1) 4 (21.1) 8 (88.9) 8 (88.9)
Age (years) 20.3 (3.73) 22.2 (3.68) 21.6 (3.60) 23.2 (3.67) 21.8 (4.51) 23.7 (4.49) 18.3 (3.32) 19.9 (3.72)
Years of education 12.2 (2.32) 12.8 (2.29) 13.0 (2.15) 13.2 (2.18) 12.6 (2.99) 13.5 (2.80) 11.4 (2.96) 12.1 (2.62)
HDRS total 15.6 (6.43) 12.1 (6.37) 11.8 (8.00) 7.76 (5.45) 10.6 (8.07) 9.37 (5.82) 14.9 (9.39) 13.2 (7.76)
YMRS total 3.47 (5.84) 2.06 (3.24) 5.06 (7.88) 2.60 (3.47) 2.16 (3.20) 4.29 (6.52) 3.89 (6.66) 1.71 (4.54)
MEQ total 41.4 (10.1) 46.0 (9.92) 44.3 (9.10) 45.1 (10.2) 51.1 (8.48) 49.9 (7.36) 44.6 (10.7) 43.0 (8.11)

HDRS=Hamilton Depression Rating Scale, YMRS=Young Mania Rating Scale, MEQ=Morningness-Eveningness Questionnaire.
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shifted dimensionally toward morningness (on average). 
Line graphs illustrating individual and sample-wise 
change in these measures are shown in Supplementary 
Figure 1. Most of our sample were classified as “inter-
mediate” types at baseline and follow-up (i.e. chronotype 
falling between morningness and eveningness; Figure 1).

Univariate latent change score (LCS) models

To investigate how individual scores on each measure 
changed over time, we created three univariate LCS 
models. Diagrams of each univariate LCS model are 
shown in Supplementary Figure S2. Each of the models 
fits the data well; model fit indices are reported in 
Table 3. For each model, the intercept of the change 
score factor represents the mean change in scores 
between baseline and follow-up, while the variance of 
the change score indicates whether individuals differ in 
their change over time. All three models indicated 

a reliable average change over time (unstandardised 
change score intercept: depressive symptoms = 4.93, 
SE = .908, p < 0.001; hypo/manic symptoms = 1.95, SE  
= .458, p < 0.001; chronotype = 18.1, SE = 3.11, 
p < 0.001), as well as individual differences in the 
amount of change over time (unstandardised change 
score variance: depressive symptoms = 30.9, SE = 2.93, 
p < 0.001; hypo/manic symptoms = 15.3, SE = 5.05, p =  
0.002; chronotype = 53.2, SE = 6.33, p < 0.001).

Bivariate latent change score (BLCS) models

Given that scores in all three domains indeed changed 
over time, we proceeded to create two bivariate LCS 
models to examine the potential predictors of change 
within and between domains. We report regression 
coefficients in standardized form within the main text. 
The unstandardized coefficients and their standard 
errors can be found in Table 4.

Figure 1. Morningness-Eveningness Questionnaire (MEQ) categories and total scores at baseline and follow-up across diagnostic 
groups.

Table 3. Fit indices for the univariate latent change score models.
Model χ2 df p RMSEA [90% CI] CFI TLI SRMR

Depressive symptoms .132 1 .717 .000 [.000, .169] 1.00 1.08 .009
Hypo/manic symptoms .599 1 .439 .000 [.000, .198] 1.00 1.14 .024
Chronotype .915 1 .339 .000 [.000, .251] 1.00 1.00 .023

χ2 = chi-square. df = degrees of freedom. p = p-value of the chi-square statistic. RMSEA [90% CI] = root mean square [90% confidence interval].  
CFI = comparative fit index. TLI = Tucker-Lewis index. SRMR = standardised root mean square residual.
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Chronotype and depressive symptoms
The first BLCS model was constructed to examine the 
association between baseline chronotype and depressive 
symptoms, and their respective change over time (Table 4 
and Figure 2). The model was an excellent fit to the data 
[χ2(2) = 1.21, p = 0.546, RMSEA=.000 [90% CI 
.000–.160], CFI = 1.00, TLI = 1.04, SRMR=.017]. First, 
we observed that both autoregressive effects were signifi-
cant: greater baseline depressive symptom severity was 
strongly associated with less change in depressive symp-
toms over time (β = -0.650, p < 0.001), while greater base-
line morningness was moderately associated with less 
change toward morningness over time (β = -0.447, p <  
0.001). As expected, based on preliminary correlational 
analyses, we found that baseline depressive symptoms 
and baseline chronotype were not significantly associated 
(β = -0.117, p = 0.194). Against our hypotheses, we did 
not observe significant lead-lag associations between 
baseline chronotype and change in depressive symptoms 
(β = -0.016, p = 0.810), nor for baseline depressive symp-
toms and change in chronotype (β = 0.007, p = 0.926). 
Similarly, we did not find evidence of correlated change: 
change in depressive symptoms and change in chrono-
type were not related (β = -0.096, p = 0.295). Finally, the 
age covariate was not significantly related to either 
depressive symptoms (β = -.113, p = 0.215) or chronotype 
(β = 0.031, p = 0.718) at baseline. In our post-hoc Monte 

Carlo simulation study, we assumed medium effects in 
the proportion of explained variance for both change 
scores (R2 = .13; see Table S3 for the complete list of 

Table 4. Path coefficients for bivariate latent change score models. Single-headed arrows (→) indicate 
a regression path; the double-headed arrows (↔) indicate a covariance path.

Model/path b (SE) β z p

Depressive symptoms and chronotype
Baseline depressive symptoms
→ Δ depressive symptoms −.615 (.064) −.650 −9.68 < .001
→ Δ chronotype .008 (.085) .007 .092 .926
Baseline chronotype
→ Δ chronotype −.369 (.069) −.447 −5.34 < .001
→ Δ depressive symptoms −.012 (.048) −.016 −.241 .810
Baseline depressive symptoms
↔ baseline chronotype −8.89 (6.84) −.117 −1.30 .194
Δ depressive symptoms
↔ Δ chronotype −3.89 (3.72) −.096 −1.05 .295
Baseline age
→ baseline depressive symptoms −.226 (.182) −.113 −1.24 .215
→ baseline chronotype .080 (.222) −.031 .361 .718

Hypo/manic symptoms and chronotype
Baseline hypo/manic symptoms
→ Δ hypo/manic symptoms −.854 (.070) −.819 −12.1 < .001
→ Δ chronotype .001 (.113) −.000 −.005 .996
Baseline chronotype
→ Δ chronotype −.370 (.067) −.448 −5.48 < .001
→ Δ hypo/manic symptoms .052 (.032) .077 1.63 .104
Baseline hypo/manic symptoms
↔ baseline chronotype 4.87 (5.18) .077 .940 .347
Δ hypo/manic symptoms
↔ Δ chronotype −3.30 (1.82) −.116 −1.81 .070
Baseline age
→ baseline hypo/manic symptoms −.280 (.125) −.167 −2.23 .026
→ baseline chronotype .080 (.222) −.031 .361 .718

Note: Δ = change in b; (SE) = unstandardised regression coefficient (standard error); β = standardised regression coeffi-
cient; z = Wald statistic; p = p-value of the Wald statistic.

Figure 2. Bivariate latent change score model of depressive 
symptoms and chronotype at baseline (T1) and follow-up (T2) 
assessments.
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assumptions). We had sufficient power to detect signifi-
cant autoregressive and lead-lag paths, and significance in 
the correlation between the change scores (power >.89 in 
all cases) but lacked the power to detect significance in the 
association between baseline chronotype and depressive 
symptoms (power = .58).

Chronotype and hypo/manic symptoms
The second BLCS model was created to explore how 
baseline levels of chronotype and hypo/manic symp-
toms, and their relative change over time, are related 
(Table 4 and Figure 3). Like the first BLCS model, this 
model was an excellent fit to data [χ2 2ð Þ = 1.78, 
p = 0.411, RMSEA =.00 [90% CI .000–.175], CFI = 1.00, 
TLI = 1.02, SRMR=.023]. Again, both autoregressive 
effects were significant: greater baseline severity of 
hypo/manic symptoms was very strongly associated 
with less change in hypo/manic symptoms over time 
(β=-0.819, p < 0.001), and greater morningness at base-
line was moderately associated with less change towards 
morningness over time (β = -0.448, p < 0.001). As 
observed in our preliminary univariate correlational 
analyses, hypo/manic symptoms and chronotype at 
baseline were not related (β = 0.077, p = 0.347). Against 
expectations, we did not find any significant lead-lag 
associations between baseline chronotype and change in 
hypo/manic symptoms (β = 0.077, p = 0.104), nor for 

baseline hypo/manic symptoms and change in chrono-
type (β = -0.000, p = 0.996). There was no significant 
relationship between the change in hypo/manic symp-
toms and the change in chronotype over time (β  
= -0.116, p = 0.070). Finally, age was not significantly 
related to the chronotype at baseline (β = .031, p =  
0.718), butage was associated with baseline hypo/ 
manic symptoms (β = -0.167, p = 0.026). We did not 
perform a post-hoc Monte Carlo simulation study for 
this model, as we lacked the appropriate literature values 
to formulate a valid population model. Therefore, the 
power to detect effects in this model cannot be 
determined.

Discussion

The goal of this study was to dynamically model the 
relationship between chronotype, depressive and 
hypo/manic symptoms in youth with emerging mental 
disorders. Contrary to our expectations, we found that 
greater eveningness at baseline did not predict more 
depressive symptoms at baseline (H1), nor an increase 
in depressive symptoms over time (H2). We also 
found no support for the reciprocal relationship: 
higher depressive symptoms at baseline did not pre-
dict an increase in eveningness over time (H3). 
Against our hypothesis, change in chronotype over 
time was not associated with change in depressive 
symptoms (H4). However, our expectations of null 
associations between chronotype and hypo/manic 
symptoms were supported. We found no association 
between baseline chronotype and hypo/manic symp-
toms (H5) and no association between baseline chron-
otype and change in hypo/manic symptoms over 
time (H6).

Given the body of evidence linking eveningness to 
depressive symptoms (Au and Reece 2017; Norbury 
2021), the lack of association between chronotype and 
depressive symptoms was somewhat surprising. The 
lack of association between eveningness and hypo/ 
manic symptoms was less surprising, given that most 
clinical studies examining this have found null associa-
tions (Giglio et al. 2010; Kanagarajan et al. 2018; 
Mansour et al. 2005). Notably, the only follow-up 
study to explore associations between chronotype and 
hypo/manic symptoms (Vidafar et al. 2021) found that 
hypo/manic symptoms were related to eveningness 
when measured by the Longitudinal Interval Follow- 
Up Evaluation interview but not when using the 
Young Mania Rating Scale (the measure of hypo/ 
manic symptoms used in this study).

We suggest several reasons for our null findings. 
First, many studies linking chronotype to mental health 

Figure 3. Bivariate latent change score model of hypo/manic 
symptoms and chronotype at baseline (T1) and follow-up (T2) 
assessments.
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use chronotype categories (e.g. morning/intermediate/ 
evening), while we used participants’ raw scores. This 
allowed us to avoid decisions associated with categor-
isations, such as determining how many categories to 
create and where cut-offs for these categories lie (deci-
sions that can be sample-dependent; Natale and 
Cicogna 2002); this may have reduced the comparability 
of our results with the extant literature. Second, while 
our models have excellent fits to the data, it is possible 
that our study is underpowered; other prospective stu-
dies have larger sample sizes (Druiven et al. 2020; 
Vidafar et al. 2021). Relatedly, these studies had longer 
follow-up (4–7-years) and more frequent assessments; 
for example, Vidafar et al. (2021) recorded an average of 
9.9 and 3.6 assessments per participant on the PHQ-9 
and YMRS, respectively. Longer, more frequent follow- 
up allows these studies greater opportunity to capture 
variability in illness. Third, chronotype may poorly pre-
dict short-term changes in depressive and hypo/manic 
symptoms.

Our findings should be interpreted considering sev-
eral limitations. First, we relied on the MEQ to estimate 
chronotype, while other measures, such as the Munich 
ChronoType Questionnaire, have stronger construct 
and biological validity (Roenneberg et al. 2003; 
Santisteban et al. 2018). Relatedly, while the ULCS 
models showed that MEQ scores did reliably change 
across the sample (p < 0.001) and that individuals dif-
fered in the amount of change in MEQ (p < 0.001), the 
extent of sample-wise change was small, which likely 
influenced our ability to detect associations with depres-
sive and hypo/manic symptoms. Other biologically 
meaningful and more variable measures of the sleep- 
wake cycle (e.g. actigraphy-derived sleep onset/offset, 
sleep midpoint) and circadian rhythm disturbance (e.g. 
phase angle of entrainment between endogenous phase 
and habitual wake time) (Robillard et al. 2018b) may 
map more closely to circadian dysregulation and be 
more strongly tied to dynamic features of the environ-
ment (e.g. light/dark cycle) (Wright et al. 2013). Such 
measures may therefore be better at capturing changes 
in mood and activation states. Moreover, chronotype 
itself may not be on the causal path to psychopathology; 
instead, it could be that evening types are more likely to 
experience sleep disturbances (e.g. shortened sleep 
duration, sleep deprivation) and misalignment (e.g. 
social jetlag), which were unmeasured but may be 
more proximal to depression and hypo/manic states 
compared to chronotype. Second, a version of the 
MEQ has been developed specifically for children and 
adolescents (Tonetti et al. 2015), and this may have been 
more appropriate for the subset of adolescents in our 
sample. Third, the HDRS does not assess atypical 

symptoms that could be associated with chronotype 
more strongly (e.g. hypersomnia). Fourth, we used 
a convenience sample; more studies are needed in simi-
lar early-phase cohorts. Fifth, our study did not account 
for the effect of other possible confounders (e.g. sub-
stance use, medication, other treatments) on mental 
health symptom trajectories. Sixth, while there are age- 
related sex differences in the chronotype (Fischer et al. 
2017), we did not have sufficient sample size to con-
struct separate models for each sex (bivariate models 
with sex as the grouping variable failed to converge). 
Seventh, assessments at only two time-points limited the 
ability to observe elevated symptoms. We will overcome 
these limitations and revisit this question in our 
Neurobiology Youth Follow-Up Study (Nichles et al. 
2021). Finally, we found insufficient power to detect 
certain paths in the depressive symptom model (base-
line chronotype and depressive symptoms) and did not 
have sufficient previous data to construct a population 
model for the hypo/manic symptom model, precluding 
a power analysis.

Although the results were against our expecta-
tions, we believe that dynamic modelling offers 
a novel approach to test the causal influence of 
chronotype on illness states. The LCS framework 
offers several major advantages over traditional 
methods (e.g. repeated-measures ANOVA). For 
example, they account for measurement error 
through specification of latent variables, the ability 
to model multiple kinds of developmental questions 
(e.g. leading-lag processes) and the capacity to exam-
ine dynamic relationships among multiple variables 
across multiple measurement occasions (Grimm 
2007; Grimm and Ram 2018; Kievit et al. 2018). 
However, there are limitations to the LCS frame-
work. Notably, LCS models assume that the interval 
between measurements is equal across individuals, 
which may not be the case for many studies. 
Continuous-time SEM is a newer, alternative 
approach that allows researchers encode the assess-
ment interval. While its use remains limited, contin-
uous-time SEM is a promising technique that could 
aid our understanding of time-sensitive developmen-
tal processes (Voelkle and Oud 2015). Secondly, the 
complexity of LCS models also introduces problems 
such as model non-convergence and misspecification. 
As researchers include more variables and more 
measurement occasions into the model, the sample 
size required to produce a stable estimate increases 
(Westland 2010). At the same time, larger models 
put more pressure on the researcher to correctly 
specify model parameters and constraints prior to 
estimation. Failing to do so can also cause model 
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non-convergence and bias the estimates of model 
parameters, leading to invalid conclusions about the 
data (Clark et al. 2018). Future studies could explore 
the use of other longitudinal methods, such as latent 
transition analysis (Lanza et al. 2013), which are 
better suited to modelling changes in category mem-
bership (e.g. chronotype category) over time.

Altogether, our findings suggest that the relation-
ship between chronotype and prospective changes in 
depressive and hypo/manic symptoms may require 
more frequent assessments to observe, and that 
chronotype may have limited utility for predicting 
short-term changes in clinical states among young 
people with emerging mental disorders. We encou-
rage researchers in this area to use dynamic model-
ling to examine relationships among chronotype and 
illness states in a more flexible and nuanced way 
than traditional techniques allow.
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