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ABSTRACT  

Background: Very late sleep rhythms are risks for social adjustment problems in adolescence. 

Using ecological momentary assessment data, we quantified and visualized temporal and 

contemporaneous within-persons dynamical relations of sleepiness and emotions in adolescents 

with and without late sleep rhythms. 

Methods: We analyzed a temporal network via multilevel vector autoregression (mlVAR) 

modeling and a contemporaneous network through the partial associations between the residuals of 

temporal and the between-subject multilevel models. We tested whether these networks were 

different between those with a late circadian rhythm [concurrent delayed sleep phase (DSP) N = 

172, 37% boys, 63% girls] and those without (N = 143, 22% boys, 78% girls). 

Results: In adolescents without DSP, the temporal networks showed continuity only for low mood 

from the previous to the following time point. In adolescents with DSP, there were more predictable 

patterns of emotions. Feelings of depression led to a decrease of positive emotions and increase of 

irritation and anxiety. The contemporaneous networks showed clusters of positive and negative 

emotions in both groups and sleepiness decreased the experience of positive emotions concurrently. 

Limitations: DSP in our current study was based only on one out of three diagnostic criteria of the 

full disorder (DSM-5) and it was assessed only once.  

Conclusions: These findings indicate that the dynamic organization of emotions and sleepiness is 

different in adolescents with and without DSP. DSP adolescents have more predictable and 

maladaptive emotional patterns during the day. Results provide new insight about why individuals 

with DSP are at a heightened risk for decreased emotional adjustment. 

 

 

 

 

 

 

 

 



INTRODUCTION 

 

Globally, adolescents are sleeping fewer hours than they need (Owens, Adolescent Sleep Working 

et al. 2014). This is followed by daytime sleepiness and symptoms of fatigue. Recent surveys 

indicate a very high prevalence for hypersomnolence symptoms (>40% in U.S. youth), excessive 

daytime sleepiness (>60% in Brazilian youth), or mild daytime sleepiness (>20% in Chinese youth) 

during adolescence (Kolla, He et al. 2019, Meyer, Ferrari Junior et al. 2019, Wang, Liu et al. 2019). 

Not surprisingly, daytime sleepiness has been associated with poorer sleep and a higher risk of 

having mental health problems (Kolla, He et al. 2019). 

To better understand adolescent development and the underlying processes, a closer 

look at the dynamics of daytime sleepiness and emotional processes is needed. While a body of 

evidence shows that quality of sleep and related alertness are associated with negative and positive 

emotional states (Caldwell, Caldwell et al. 2004, Kahn-Greene, Killgore et al. 2007, Paterson, 

Dorrian et al. 2011, Watling, Pawlik et al. 2017), little is known about their temporal dynamics. 

Most of the studies have attempted to examine these associations independently (e.g., the effects of 

sleepiness on emotions and the effects of emotions on sleepiness), but such separation does not 

reflect the complexity of their mutual dependencies. Moreover, there appears to be a “vicious 

cycle” as daytime sleepiness may compromise emotional regulation, which in many cases leads to 

increased negative emotion that in turn disrupts sleep, leading to further impairments in alertness 

and emotional wellbeing (Mauss, Troy et al. 2013). Understanding these dynamic and complex co-

occurring processes and their underlying mechanisms is of great importance to understand 

developmental processes in adolescence, often driven by the common condition of chronically 

insufficient sleep (Shochat, Cohen-Zion et al. 2014). 

Regarding the dynamics between daytime sleepiness and mood in adolescence, one 

group of adolescents is of specific interest: adolescents having a very late sleep rhythm, or delayed 

sleep phase (DSP), which is a subclinical form of the delayed sleep phase disorder (DSPD). DSP is 



often defined as having some of the three symptoms of the full disorder—most often the 

persistently very late sleep rhythm. In population-based studies, this has been operationalized, for 

example, as falling asleep after 1 a.m. at least 3 days per week (Danielsson, Markstrom et al. 2016). 

DSP in adolescence is often followed by negative consequences in school performance (Gradisar 

and Crowley 2013), and it has been associated with depression, anxiety, and symptoms of ADHD 

(Sivertsen, Harvey et al. 2015). However, it is unclear how excessive daytime sleepiness and mood 

are temporally organized. Tracking the daily fluctuations would give much needed understanding of 

the topic. 

However, feasible methods to measure and analyze complexity between sleepiness 

and mood or other psychological processes have been scarce. To address the temporal dynamics, a 

method called ecological momentary assessment (EMA), which uses repeated measurements of 

multiple state-like factors with relatively short follow-up intervals, is needed. Regarding EMA and 

sleep, previous studies have shown that experiences of fatigue in diseases such as multiple sclerosis 

(Kratz, Murphy et al. 2017, Powell, Liossi et al. 2017) vary dynamically across the day, and 

emotions are associated with these fluctuations (Powell, Liossi et al. 2017). Previous studies have 

also shown that the experiences of psychological problems fluctuate over time, such as suicidal 

ideation, even from hour to hour (Hallensleben, Spangenberg et al. 2017), and there are large 

intrapersonal differences in these fluctuations.  

Recently, a psychological network approach and related tools to analyze dynamic 

relationships among multiple psychological variables have been developed (Epskamp, Cramer et al. 

2012, Epskamp 2015). The basic idea behind the psychological network approach is that various 

psychological states and problems develop as a result of the interaction among individual symptoms 

or risk factors (Borsboom 2017). For example, troubles in sleeping may result in concentration 

problems, which may lead to more rumination and daytime sleepiness, which in turn may lead to 



negative emotional states. When the relations among these risk factors are sufficiently strong, they 

can be self-sustained via a negative feedback loop. 

Network analysis has so far mostly been applied to cross-sectional data but can also 

be applied to EMA data using vector autoregression (VAR) techniques, in which a variable at a 

certain time point (t1) is predicted by the same variable at the previous time point (t–1) 

(autoregressive effects) and all other variables at t–1 (cross-lagged effects) (Epskamp, Waldorp et 

al. 2018). These autoregressive and cross-lagged effects can be quantified and visualized in a 

network. The network analyses with VAR techniques have extended more traditional multilevel 

analysis by estimating and visualizing the co-occurrence of multiple variables, allowing generation 

of hypotheses about the potential dynamic process among multiple variables. By allowing VAR 

coefficients to differ across individuals via multilevel modeling, it is possible to model and 

visualize temporal dynamics between sleepiness and mood at the group level. Thus, network 

analyses could guide researchers and clinicians toward more complex and dynamic thinking about 

psychological states (Fried, van Borkulo et al. 2017), such as sleepiness and emotional states. As far 

as we know, there are no published studies focusing on the dynamics of emotional states using 

longitudinal network approach, although some studies have modelled psychiatric problems, 

including suicidality (Rath, de Beurs et al. 2019) and auditory verbal hallucinations (Jongeneel, 

Aalbers et al. 2020).”      

Network analysis extends standard time series analysis, such as hierarchal linear 

modeling, by offering a visual representation of the relations among all assessed variables. In our 

study, we applied the VAR method to examine the dynamic associations between daytime 

sleepiness and emotional states, including being depressed, anxious, content, irritated, and happy. 

To increase understanding of the effects of very late sleep rhythms on sleepiness and emotions, we 

compared the sleepiness-emotion networks between those with a concurrent DSP and those without 

classified based on actigraphy measurements.   



METHODS  

Sample and procedure  

This research is part of the population-based cohort study SleepHelsinki!. Originally, 

the Finnish Population Registry was utilized to identify all Finnish adolescents born between 

January 1, 1999, and December 31, 2000 (n=10,476), who resided in Helsinki and whose native 

language was registered as Finnish (72% of the total sample). The register thus included 7,539 

adolescents (3,789 born in 1999 and 3,750 born in 2000), of whom 50% were boys. We sent 

invitation letters to all registered adolescents to participate in the SleepHelsinki! study Phase 1, 

which consisted of an online survey primarily targeting sleep, health, and behavior. The estimated 

time for filling in the questionnaire was 30 minutes.  

Altogether, 1,411 adolescents (19% of the initial cohort) responded to the online 

survey, with valid responses from 1,374 (18%) participants. The age of the respondents did not 

differ from the initial cohort mean age (p = 0.34), but the respondents were more often girls (66%, p 

< 0.0001). All respondents signed an electronic consent form for Phase 1. Ethical permission was 

obtained from The Hospital District of Helsinki and Uusimaa Ethics Committee for gynecology and 

obstetrics, pediatrics, and psychiatry (Decision number 50/13/03/03/2016). The study is registered 

under Clinical Trials (ID: 1287174). 

The SleepHelsinki! study (total N = 552) focused on late sleep rhythms. Based by 

online survey questionnaire two subsamples: (A) those without (N=188) and (B) those with late 

sleep rhythms (N=364) were identified and invited to participate in the EMA phase.  The criteria for 

belonging to the late sleep phase group was reporting bedtime after 1 a.m. at least three times per 

week. Out of these 552 adolescents, 353 agreed to participate and 24 dropped out before completing 

the EMA phase, leaving us with a sample of 329 adolescents. The EMA period of the study was 

conducted between November 2016 and December 2017. The data for this study were thus from 



late adolescence (mean age 16.9 years, SD = 0.6) when the EMA measurements were done. A total 

of 315 participants provided usable EMA data and formed the final analyses sample.  

The participants underwent a minimum 7-day EMA assessment with three signal-

contingent assessments per day using the “Psymate” software, resulting in a maximum of 66 

assessments per participant. The first EMA signal was scheduled in the morning (around 8–10 

a.m.), the second in the afternoon (1–5 p.m.), and the final in the evening (around 8–10 p.m.). 

Participants could postpone a prompt for 30 minutes if they were not able to answer the questions 

immediately, and they had the possibility to reject a prompt. The data set consisted of 4,348 

observations (315 persons). 

Additionally, adolescents’ sleep timing was measured using accelerometers 

(GeneActiv Original, Kimbolton, UK) to determine and confirm possible DSP tendencies. Mean 

sleep duration in those with DSP was 7:23 hours (SD=1:01) and in those without 8:09 hours 

(SD=0:43). The sleep mid-point in those with DSP was 5:31 (SD=1:05) and in those without 3:50 

(SD=0:36).  

Measures  

During the EMA assessment, participants rated their momentary sleepiness-perceived 

depressiveness, anxiousness, irritation, contentedness, and happiness by answering a structured 14-

item questionnaire. At each measurement point, participants reported how alert vs. sleepy they felt 

during the last 10 minutes on a 9-point scale with 5 anchors (1 = very alert; 3 = alert; 5 = neither 

alert nor sleepy; 7 = sleepy but no trouble staying awake; and 9 = very sleepy, fighting to stay 

awake) (Karolinska Sleepiness Scale, KSS). 

Additionally, participants reported how they felt using two positive effect and three 

negative effect items using 7-point scales from 1 (not at all) to 7 (very much). These specific 

emotions were chosen to include those most frequently appearing in several longer affect checklists 

(Diener and Emmons 1984, Watson, Clark et al. 1988). The constructs represented were depression, 



anxiety (worried), and hostility (irritated) on the negative affect side. Activation (energetic/ 

sleepiness) and positive feelings (happy, and content) were represented on the positive side. The list 

was required to be short to facilitate its use over multiple daily assessments.  

The actigraphy measurements covered a minimum of 3 nights (range 3–12 nights) and 

yielded a binary classification of concurrent DSP tendency. This information was calculated based 

on going to sleep after 1 a.m. at least three times per week. The classification was used to compare 

the emotional responses of those with weaker circadian control to those without. Based on the 

actigraphy measurements 172 participants were classified as having a late circadian rhythm and 

having a concurrent delayed sleep phase (DSP) and 143 were classified as not having DSP (non-

delayed sleep phase / non-DSM) circadian rhythm. Of those with DSM 63% were girls and of those 

with non-DSM 78% were girls (X
2
 = 8.22, df = 1, p-value = 0.004 for sex difference). Parental 

education was used as a measure of parental socio-economic status (SES). Participants were asked 

to report the highest educational attainment of their parents, and the highest report was selected as 

the basis for classifying participants’ SES as (1) lower (2) middle, or, (3) upper. Lower SES 

included minimum compulsory educational attainment. Education attained beyond this (i.e. 

vocational school, technical college) was classified as middle level SES. SES was classified as 

upper level if either parent had university level degree. Most of the parents of those in DSP (N= 

119, 73%) and in those non-DSP (N = 105, 77%) belonged to the highest SES category. There were 

no differences in parental socioeconomic status measured as education (lower / middle/ upper) 

between the DSP and non -DSP group (2(2) = 0.83, p = 0.66).   

 

Statistical analysis 

To estimate the different network structures over all participants, we applied 

multilevel vector autoregression (mlVAR) models on the data (Epskamp, Waldorp et al. 2018), as 

implemented within the mlVAR package in R. In conducting the analyses and presenting the results 



we mostly followed the procedure presented by Jongeneel and others (Jongeneel, Aalbers et al. 

2020). Temporal dynamics within individuals are estimated by regressing scores of an emotion at 

time t on a previous (i.e., lagged) value of itself at t-1. VAR modeling indicates that all variables at 

time t are regressed on a t-1 version of themselves, resulting in a vector of lagged regression 

coefficients (fixed effects). The multilevel modeling allows the VAR coefficients to differ between 

individuals (random effects), and a temporal network was estimated. When visualizing the networks 

in a two-dimensional graph, we used the Fruchterman-Reingold (FR) algorithm, which places nodes 

that are highly connected in the center of the network. The estimates of between-subject effects, the 

sample means within subjects, were used as predictors. The contemporaneous network was 

estimated using the residuals of the multilevel model that were used to estimate the temporal and 

between-subject effects (Epskamp, Waldorp et al. 2018).  

In the graphical representation of the network, variables are presented as nodes. These 

networks are called temporal networks because they can be indicative of potential causality given 

that one variable preceded the other in time. Epskamp et al. (2018) introduced an additional 

network for estimating EMA data (a contemporaneous network) that can be used in the partial 

association between the residuals of the temporal network that are the result of associations between 

the variables that are not explained by the current chosen time interval, the chosen lag, or anything 

else that is not explicitly measured and modeled. In the contemporaneous network, the edges 

between nodes represent the partial correlation obtained after controlling for both temporal effects 

and all other variables in the same window of measurement (Epskamp, Waldorp, Mõttus, & 

Borsboom, 2017; Fisher, Reeves, Lawyer, Medaglia, & Rubel, 2017). When data are collected from 

multiple subjects, between-person networks using EMA data may also be estimated. Between-

subject predictors are calculated using the covariance structure of stationary means. In addition, we 

calculated the centrality measures of each symptom in each network (strength centrality identifies 

how well each emotion in a network is associated with the other emotions). We calculated the 



strength of the nodes for all networks, using the R package qgraph (Epskamp et al., 2012). In the 

temporal network centrality indicates both how well each emotion is predicted by others (in-

strength) and how well it predicts others (out-strength).  

  Variables were standardized before estimation and scaled within persons via mlVAR. 

Networks were presented using the graph package in R.  

RESULTS 

Means and standard deviations for all emotions and sleepiness in those with and 

without DSP are presented in Table 1 and the distribution of the emotions in the high and low 

sleepiness group in Figure 1. Those with DSP more often experienced anxiety, depression, and 

irritation, and those without DSP more often were happy and content. There were no differences in 

sleepiness reporting between the groups. Only small differences were found in distributions of 

emotion reporting between those with and without DSP (Figure 1). Girls were slightly less happy 

(mean 4.34 vrs. 4.81, p-value 0.006), less content (mean 4.46 vrs. 5.04, p-value 0.002), and more 

anxious (mean 2.32 vrs. 1.88, p-value 0.025) than boys. 

Temporal networks 

The temporal network including the directed associations is based on time series EMA data that was 

analyzed with timelags. All variables at a certain measurement point is predicted by the same 

variable and all other variables at the previous measurement point providing information about the 

temporal multivariate relations. All coefficients are allowed to differ across individuals by using 

multilevel modeling, and thus time dynamics are possible to model and visualize at the group level. 

The left top panel in Figure 2 shows how emotions predicted themselves (autoregressions) and each 

other across time (adjusted predictions) in those without DSP and the left bottom panel in those 

with DSP. Green lines represent positive and red lines (dotted) represent negative associations. The 

thickness of the line corresponds to the strength of the association. The panels in the right-hand side 

show the centrality measures.  



In individuals without DSP, there were no significant patterns observable in the 

fluctuation of emotions except a bidirectional loop between depression and irritation (0.12, p = 

0.002/0.06, p = 0.17) and a continuous loop within depression and anxiety. In individuals with DSP, 

there were several significant patterns in the temporal fluctuations of emotions. Feelings of 

depression led to a decrease of positive emotions (depressed -> happy, -0.074, p = 0.032 and 

depressed -> content -0.100, p = 0.004) and increase of irritation (0.09, p = 0.006) and anxiety 

(0.08, p =0.005) in the next measurement point. Irritation led both to a more positive mood (irritated 

-> happy, 0.088, p = 0.001, irritated -> content 0.057, p = 0.030) and less sleepiness (-0.080, p = 

0.009) and also to a less anxious state of mind (-0.07, p = 0.003). None of the emotional states were 

predicted by sleepiness (p-values of fixed effects coefficient from sleepiness to emotional states all 

non-significant. Being anxious predicted sleepiness (0.08, p = 0.04) and happiness (-0.09, p = 

0.005).  Only depressiveness and anxiousness predicted themselves in the consecutive measurement 

points.  

In the temporal network, irritation had the highest on in-strength in those without DSP 

and happiness in those with DSP, which shows that these emotions were most strongly predicted by 

other emotions in these groups. In those without depressiveness and in those with DSP irritation and 

depressiveness had high out-strength, meaning that their outgoing temporal associations were 

relatively high (compared to other emotions in the network). However, considering the small 

number of associations (edge weights) in those without DSP, it appears that none of the emotions 

are strong predictors of other emotions.  

Contemporaneous networks 

The contemporaneous network, including all separate measurement points of each variable, 

investigates concurrent relations between emotions. These relations are controlled for temporal 

effects and all other emotions the same timepoint to compute a partial (independent of other 

associations) correlations network and thus takes the temporal relationship into account. The 



relationships within a measurement point can be separately analyzed from relationships between 

timepoints in temporal models.  In other words, it shows how emotions tend to co-occur at the same 

moment, controlling for all other emotions at the same moment and for all temporal relations 

among emotions. 

Figure 3 shows the contemporaneous network between sleepiness and emotions in 

individuals with and without DSP. The contemporaneous networks showed a clustering of positive 

and negative emotions in both groups. Specifically, both sleepiness and irritation decreased the 

experience of positive emotions concurrently. The contemporaneous networks were strikingly 

similar in both groups. However, there were also subtle differences. In individuals with DSP, 

sleepiness was associated only with decreased positive emotions, whereas in individuals without 

DSP, sleepiness was in inverted association with irritation and in positive association with 

depression. In both groups, positive emotions and depressiveness had the highest strength centrality. 

Between subject network 

Similarly, the between-individual networks (Figure 4) shows the pair-wise associations among the 

mean levels of emotions over all measurement points, when adjusting for the mean levels of all 

other emotions in the network. The between-subjects model is comparable to cross-sectional 

analyses. In general, a positive connection between depressiveness, irritation and anxiety in this 

analysis indicate that people with higher scores on depressiveness during a week tend to have 

higher scores on anxiety/irritation during the same period and vice versa.  In both DSP groups, 

positive and negative emotions were again associated with each other and in that sense the results 

presented in Figure 4 were relatively similar to those of the contemporaneous networks. In those 

without DSP, happiness was negatively associated with irritation but in those with DSP, happiness 

was negatively associated with depressiveness. Sleepiness was negatively associated sleepiness in 

DSP whereas in non-DSP group sleepiness was associated with irritation. In those without DSP the 

most central emotion was irritation, but in those with DSP it was happiness. 



DISCUSSION 

Poor sleep patterns, sleepiness, and related emotional states form a complex network 

of associations that fluctuate over time. As far we know, no studies thus far have focused on 

delayed sleep phase and investigated how it affects everyday emotions. In our study, we applied 

mlVAR models to analyze the temporal and contemporaneous associations between sleepiness and 

multiple emotional states and analyzed whether these networks were different between those 

suffering from very late sleep rhythm (DSP) and others. Previous research suggests that DSP is 

associated with elevated anxiety and depression scores (Saxvig, Pallesen et al. 2012) and other 

problems relating to emotion regulation as well as mental health problems (Sivertsen, Harvey et al. 

2015). The causes behind DSP are multiple: biological mechanisms and those relating to 

psychological wellbeing are prominent in delaying sleep phase, especially during adolescence 

(Micic, Lovato et al. 2016). The same pathways that might lead to DSP are likely to result in poorer 

emotional welfare because anxiety and rumination tend to result in later sleep onset times—these 

phenomena may also occur reciprocally with late sleep timing (Hiller, Lovato et al. 2014, Stewart, 

Gibb et al. 2018). On the other hand, a lack of self-regulating skills is likely to be associated with 

later sleep timing or delayed sleep phase (Owens, Dearth-Wesley et al. 2016). These overall 

associations have been reported in several studies (Gradisar and Crowley 2013). However, it is not 

known how these general challenges are related to dynamic fluctuations of emotions during the day. 

In our study, individuals with DSP reported higher average levels of irritation, 

depressiveness, and anxiousness and lower levels of contentedness and happiness than those 

without. This observation is in line with findings from a large American study investigating over 

10,000 adolescents aged 13–18 years. They reported increased risks of mental problems, suicidality, 

and mood disorders in relation to greater bedtime delay, and they also found that adolescent sleep 

behavior deviated substantially from recommended optimal standards, which was also the case in 

our current study (Zhang, Paksarian et al. 2017). We found that, specifically in individuals with 



DSP, there were several significant patterns in the temporal fluctuations of emotions, whereas in 

individuals without DSP, the only temporal associations were seen in the bidirectional loop between 

depression and irritation and in the continuity of anxiety. In the DSP group, feeling depressed led 

equally to irritation and anxiety but also to feeling less happy and content at the following 

measurement point. Interestingly, in the DSP group, feelings of irritation seemed to be a driving 

node that led to feeling less sleepy, happier, and more content and equally less anxious. While 

depression preceded irritation, it could show how irritation may function as a catalyst emotion to 

feel better.  

Without negative feedback loops between emotions unbalanced states that are never 

able to recover or reach any positive state of mind would result. Thus, at some point, there need to 

be a recovery from negative emotion and in DSP adolescents, and feeling irritated was such as 

node. Irritation is not only a negative emotion, but the arousal associated with this emotion may 

also potentiate self-directed action to solve the situation causing irritation and then lead to recovery 

of the emotion. For adolescents, the irritation maybe also a more frequent emotional response 

compared to adults, and, according to the current findings, an important trigger to get out of the 

negative emotion loop. 

Unexpectedly, sleepiness was not a driving state of mind for specific emotions in the 

next time point in either the DSP or non-DSP group; thus, none of the emotional states were 

predicted by sleepiness in the previous time point. The DSP group did not report more daytime 

sleepiness than the non-DSP group. In objective measurements, they had a later sleep rhythm of 1 

hour and 40 minutes, but the difference in sleep duration was only 45 minutes. The mean sleep 

duration in the DSP group was over 7 hours during the measurement period, suggesting a sub-

optimal but still reasonable amount of sleep. Previous studies have shown that partial daily sleep 

restriction of 2–4 hours increases subjective sleepiness (Lo, Groeger et al. 2012, Slobodanka, Basta 

et al. 2013). It was recently reported that restricting sleep for 1 hour over 6 days caused increased 



sleepiness (Santisteban, Brown et al. 2019). In that study, however, a similar impact was observed 

in the control group with a placebo treatment (sham restriction), which suggests subjective 

sleepiness to be affected by the individual’s conception of obtained sleep. Accordingly, the DSP 

group in our study may regard their conventional sleep amount sufficient. 

Nevertheless, while sleepiness had no association with any of the emotions in 

temporal networks, it was positioned as expected in the contemporaneous network. It showed how 

feeling sleepy associated with being less happy and content; thus, sleepiness was associated with 

reduced positive emotion. Only in the non-DSP group, sleepiness associated also with increased 

depression. In both the DSP and non-DSP groups, the different negative and positive feelings 

appeared as separate clusters that were inversely correlated.  

Although a large body of evidence suggests that poor sleep increases the experience of 

negative emotions, reduces the occurrence of positive emotions, and changes the ways in which 

individuals experience, understand, express, and regulate these emotions (Walker and van der Helm 

2009, Kahn, Sheppes et al. 2013), only a few studies have been able to model and analyze the 

dynamic, ongoing process of emotion generation. The strength of the network analyses and 

specifically the mlVAR models is the ability to model such complex and potentially causal 

relationships. The finding that irritation, rather than depression or anxiety, is the key emotion in 

long-term emotional generation and regulation is to be replicated in future studies. This result 

would be in line with a body of research showing an association between sleep deprivation and 

increased anger and aggression, which was found in men and women and across various age groups 

(Saghir, Syeda et al. 2018). 

Similar findings were obtained by the previous study using EMA in those with and 

without psychiatric disorders. Cousins and co-workers (2011) found that although the relationships 

between individual emotions and sleep duration were strongly dependent on present psychiatric 

disorders, more time asleep was associated with more positive affect for all diagnostic groups the 



following day. However, in adolescents with diagnosed depression disorders, positive emotions 

were associated with longer sleep duration in the following night.  Higher daytime positive affect in 

those with anxiety disorders was associated with less time in bed (Cousins, Whalen et al. 2011).  

The findings from the contemporaneous network models as compared to the ones 

from the temporal network models suggest that the emotions that we normally think follow each 

other, in fact, does that very rapidly or basically are present simultaneously. That means that 

positive emotions co-occur with other positive emotions and negative with other negative emotions. 

These rapid predictions or co-occurrences followed very similar patterns in both DSP groups. 

Fluctuations from positive to negative and from negative to positive happens with a time lag and 

that fluctuation seems to be more apparent in those with DSP. 

Limitations 

There are some limitations that need to be considered. First, the definition of DSP in 

our current study was based only on one out of three diagnostic criteria of the full disorder (DSM-

5). The very late sleep rhythm was also assessed only once, without knowing whether it referred to 

persistently late or transiently late sleep rhythm. False classifications are possible regarding 

subclinical DSP. Nevertheless, the sleep rhythm was defined with actigraphy, which increases 

reliability of the assessment. Although EMA has multiple strengths compared to surveys and other 

measurement techniques, the intensive nature of EMA studies makes it very difficult to scale up the 

number of participants. The participants also must be trained in the use of devices and programs. 

However, the target population of this study was probably very familiar with both phones and the 

types of devices used. Given the considerable respondent burden involved, there was a risk of 

selective drop out (those with DSP sleepiness, depression, or anxiety would not respond). In our 

study, the mean number of responses was larger in those with DSP than those without. However, in 

general, it would have been preferable to be able to gather more observations per participant from 

the mlVAR modeling. One clear advantage of the temporal network over conventional statistical 



models is that associations are bidirectional meaning that all variables are simultaneously predictors 

and outcomes which provides information about the temporal multivariate relations in the data. 

There were more girls than boys in our sample but larger share of boys belonged to 

the DSP group. Thus, although the potential effects of gender differences on the association 

between emotions is probably small, that needs to be confirmed in the future studies. Our data were 

mostly collected during the school year, and data collection was paused for the summer holidays. 

The actigraphy measurement period was aimed to represent typical sleep behavior, and we found no 

differences between DSP groups across the representativeness of all seven weekdays. We can’t rule 

out bias due to residual confounding as this was an observational study. One factor potentially 

causing such bias, is socioeconomic status of the family, that may associate with both DSP and 

emotions. However, there were no differences in parental socioeconomic status between DSP and 

non-DSP groups in our sample and thus that could have technically not been a confounder in the 

models.   

Conclusions 

A delayed sleep phase is extremely common in adolescents but rarely studied beyond 

sleep behavior or sporadic health effects. Our study explores practical implications that emerge in 

everyday life. The findings in our study highlight that DSP is related to higher levels of irritation, 

depressiveness, and anxiousness and lower levels of contentedness and happiness than those with 

earlier sleep phases. This suggests that DSP may play a part in every reaction and every emotion a 

teenager experiences and thus further emphasizes the need for support for those with DSP.  
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Figure 1. The distributions of sleepiness and emotional states in those with and without DSP  

Figure 2. Temporal networks of sleepiness and emotional states according to DSP status.  The green 

lines represent positive and red negative partial correlations. Strength centrality represent the extent 

how well a node is connected to other nodes. A high in-strength means the node is strongly 

predicted by other nodes and high out-strength means that the node is a strong predictor of other 

nodes. 

 

Figure 3. Contemporaneous networks of sleepiness and emotional states according to DSP status. 

The green lines represent positive and red negative partial correlations. Strength centrality represent 

the extent how well a node is connected to other nodes.   

 

Figure 4. Between – subject  networks of sleepiness and emotional states according to DSP 

status.  The green lines represent positive and red negative partial correlations. Strength centrality 

represent the extent how well a node is connected to other nodes.   

 

 

Table 1. Emotional states and number of measurements by groups of DSP  

Means and (SD) 

 

No  

N=1,833 

Yes  

N=2,293 p-value 

Sleepiness during the day (range 1–8) 4.52 (1.99) 4.56 (1.91) 0.505 

Feeling happy (range 1–7) 4.59 (1.37) 4.43 (1.42) 0.001 

Feeling content (range 1–7) 4.62 (1.48) 4.40 (1.48) <0.001 

Feeling depressed (range 1–7) 1.92 (1.29) 2.19 (1.56) <0.001 

Feeling irritated (range 1–7) 2.29 (1.56) 2.42 (1.59) 0.012 

Feeling anxious (range 1–7) 2.19 (1.52) 2.39 (1.70) <0.001 

Number of measurement times 11.3 (9.55) 11.9 (10.0) 0.030 

 


