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Abstract 

 

Background: Less physical activity (PA) has been associated with the development of 

psychopathology in adolescence. Few studies, however, have focused on understanding the nature of 

the PA – psychopathology relationship and existing research relies mostly on self-report PA measures, 

which are less reliable. In this study, we investigated the nature of the relationships between 

objectively measured light physical activity (LPA) and moderate-vigorous physical activity (MVPA), 

and psychopathology symptoms in adolescents.  

 

Methods: 934 adolescents (63% female) aged 11-19 years from the SIGMA cohort wore the Fitbit 

Charge 2 measuring LPA and MVPA during at least three days. Participants completed the Brief 

Symptom Inventory-53, assessing general symptoms of psychopathology, depression, anxiety, and 

psychoticism. Model selection was conducted in a subset of the dataset (n = 464) to determine the best 

fit. The optimal model was then fitted to the remainder of the dataset (n= 470). 

 

Results: The results from the selected linear model indicated a non-significant relationship between 

LPA, MVPA, and symptoms of general psychopathology, depression, anxiety, and psychoticism. 

 

Conclusions: This study does not provide evidence that higher durations of LPA and MVPA alone 

relate to reduced symptoms of general psychopathology, depression, anxiety, and psychoticism in the 

general adolescent population. A more integrative approach considering the interdependency of 

multiple lifestyle factors, as well as the domain, context, and individual experience of PA may add 

value to the understanding of the PA- psychopathology relationship.  
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Introduction 

The transitional period of adolescence represents a phase of rapid growth and development, 

during which the individual grows towards more independence and adulthood (Esnaola et al., 2020; 

Farooq et al., 2020; Spear, 2013). In this challenging phase, adolescents are particularly vulnerable to 

developing symptoms of psychopathology (Kessler et al., 2007). One of the potential risk factors for 

the development of psychopathology is adolescents’ physical inactivity (Schuch et al., 2018, 2019). 

Current physical activity (PA) guidelines recommend that adolescents should spend on average at least 

60 minutes in moderate-vigorous physical activity (MVPA) on a daily basis to receive health benefits, 

such as reducing symptoms of depression (World Health Organization, 2020). Yet more than 80% of 

the adolescent population worldwide does not meet these recommendations (Guthold et al., 2020).  

Recent literature suggests that more PA is associated with lower psychopathology symptoms 

among children and adolescents, independently of other lifestyle factors (e.g. sedentary behaviour). 

There is, for example, supportive evidence from longitudinal studies indicating that more PA is 

associated with a lower risk for depression (Schuch et al., 2018), anxiety (Schuch et al., 2019) and 

psychosis (Koivukangas et al., 2010; Suetani et al., 2017). Potential underlying mechanisms for the 

mental health benefits of PA in adolescents include psychosocial factors (e.g., improved self-esteem, 

better social connectedness), behavioural factors (e.g., improved sleep volume, better coping 

strategies), and neurobiological mechanisms (e.g., higher neuroplasticity, decreased inflammation) 

(Lubans et al., 2016).  

Despite this seemingly convincing evidence for an association between PA and 

psychopathology, the existing literature exploring associations between PA and psychopathology is 

hampered by shortcomings. First, the majority of studies rely on single-timepoint self-report surveys. 

Subjective measures are less reliable, as adolescents underestimate durations of low physical activity 

(LPA) (Sullivan et al., 2012), and overestimate durations of MVPA (LeBlanc & Janssen, 2010; 

Manios et al., 2013), as compared to objective measures (e.g. accelerometery). Consequently, 

objective measures (e.g. Fitbit Charge 2) may provide more accurate and higher quality evidence. 

Fitbit Charge 2 devices do not only overcome the limitations of subjective measures by continuously 

capturing PA as it occurs in daily life, they are also less cost-intensive than research-grade devices 
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(e.g. Actigrapgh) - which could allow greater sample size - while achieving comparable measurement 

validity (Brewer et al., 2017). 

Second, studies investigating associations between objectively measured PA duration and 

psychopathology have mainly focused on the effects of higher intensity PA, i.e. MVPA. Yet, lower 

intensity PA, (LPA), may also relate to symptoms psychopathology independently of MVPA (Kandola 

et al., 2020). Given that adolescents spent at least 50% of their daily activity in LPA (Hoos et al., 

2004), and that LPA may provide a lower threshold for being active than MVPA to reach activity 

goals, it is important to better understand the associations between LPA and the development of 

psychopathology symptoms. Further, previous prospective studies on objectively measured PA have 

focused on effects of PA on symptoms of depression in adolescents (Kandola et al., 2020; Toseeb et 

al., 2014; Wiles et al., 2012), while associations with  anxiety, psychoticism, and general 

psychopathology need further exploration.  

Third, knowledge regarding the nature of the PA - psychopathology relationship between 

objectively measured LPA and MVPA and psychopathology, is missing in adolescents. It is unclear if 

there is a consistent, linear relationship, where more LPA and MVPA relates to fewer symptoms of 

psychopathology, or if the associations are non-linear, and only emerge after a certain threshold of 

LPA and MVPA has been reached. In a study in adults (n=8150), for example, objectively measured 

LPA was only associated with symptoms of psychopathology after a threshold of 400 min/day of LPA 

had been reached (Bernard et al., 2018). Therefore, understanding the nature of the relationship more 

clearly in adolescents may be relevant for providing evidence- based, psychopathology-informed PA 

guidelines in the long-term.   

Considering these shortcomings in the literature, the current study aims to examine, in 

adolescents, (1) what kind of model (e.g. linear or non-linear) represents the nature of the objectively 

PA- general psychopathology relationship best, and (2) if a relationship exists between objectively 

measured LPA, MVPA and general psychopathology symptoms. The registered confirmatory analyses 

investigated the relationship between LPA, MVPA, and general psychopathology. We hypothesise that 

more objectively measured LPA and MVPA are linearly associated with fewer symptoms of general 

psychopathology. Further exploratory analyses were conducted to examine the relationships between 
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LPA, MVPA, depression, anxiety, and psychoticism, subscales of the general psychopathology 

measure.  

Methods 

Sample and recruitment 

Data from Wave 1 of the SIGMA study, a large-scale, ongoing, longitudinal study of 

adolescent mental health in Flanders, Belgium, are used in this study. In total, 1913 adolescents were 

included in Wave 1 (age range 11-19 at enrolment). Full details of the methods, measures and sample 

have been described elsewhere (Kirtley et al., in preparation). The participants in the SIGMA study 

were recruited from the general population via schools, with an opt-in consent procedure. Students at 

each school were invited to take part in the study, regardless of sociodemographic or psychological 

factors, e.g. known presence/absence of psychological disorder. The inclusion criteria were: (a) being 

a current student in the first, third or fifth year at a participating school; and (b) being able to read and 

write in Dutch. Ethical approval for this study was obtained from the UZ/KU Leuven Medical Ethics 

Committee (Ref: S6 1395). This study was post-registered on the Open Science Framework (a form of 

pre-registration that occurs following data collection, but before conducting the analyses; (Benning et 

al., 2019)) available via https://osf.io/jt8zb/?view_only=0b80007da3af473bbfca83a22f1a27ac. 

Deviations from the post-registration are reported in Supplement 1. 

Procedure 

Self-reported symptoms of psychopathology were assessed in an initial testing session in the 

classroom. Following completion, students were instructed to wear a Fitbit Charge 2 device on their 

wrist, during seven consecutive days and 24 hours per day. The Fitbit Charge 2 continuously collects 

data on the participant’s light (LPA), moderate (MPA), and vigorous physical activity (VPA). 

Participants were asked to remove the device whenever they would be in contact with water (e.g. when 

swimming, showering) since the device is not water resistant. After the 7-day wear period, they 

returned the Fitbit at their school. Participants received a 10-euro voucher for participation in the 

entire SIGMA study.  

 

https://osf.io/jt8zb/?view_only=0b80007da3af473bbfca83a22f1a27ac
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Symptoms of psychopathology 

The Brief Symptom Inventory-53 (BSI-53; Derogatis, 1993) was used to assess symptoms of 

psychopathology. It includes ten different subscales on somatization, compulsiveness, social 

insecurity, depression, anxiety, aggression, phobia, paranoia, psychoticism, and additional items (e.g. 

suicidal thoughts, sleep quality). Example items are feeling ‘unworthy’, ‘nervous’, or ‘distrustful to 

most people’ from the depression, anxiety, and psychosis subscales, respectively. For all 53 items, 

participants were asked to report how much they had experienced these thoughts or feelings during the 

last week, including the day of assessment, on a scale ranging from 0 (‘not at all’) to 4 (‘very much’). 

There was also a response option ‘I do not want to answer this question’.1  

As outcome variables, we used the Global Severity Index (GSI), which is a mean score of all 

53 items, and mean values of the subscales of depression, anxiety, and psychosis. The Dutch version 

of the BSI-53 is sufficiently valid and reliable (Beurs et al., 2006). In the current study, overall 

reliability was good: McDonald’s Omega ω = .96, as was the reliability of the subscales depression (ω 

= .90), anxiety (ω =.87), and psychoticism (ω = .75). GSI scores were calculated in accordance with 

the BSI-53 guidelines. Therefore, participants with BSI- 53 data containing more than 3 missing 

values in total or more than 1 missing value per subscale were excluded. 

Physical activity  

We measured LPA, MPA, and VPA with the consumer wearable device Fitbit Charge 2. To 

create average daily minutes of LPA, MPA, and VPA, the sum of activity minutes over all valid days 

was divided by the number of valid measurement days. LPA, MPA, and VPA were based on an 

algorithm from Fitbit using metabolic equivalents (METs). The algorithm counts MPA and VPA 

minutes from an intensity level of 3 METs or higher and from a duration of 10 minutes or longer. 

Previous research demonstrates acceptable concurrent validity (r = .658) between the Fitbit Charge 2 

and research-grade wearables such as Actigraph when assessing LPA, MPA, and VPA over a 7-day 

period (Brewer et al., 2017).  

                                                           
1 This option was introduced to all questionnaires at the request of schools (see Kirtley et al., 2021 for further 

information).  
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 The choice of the Fitbit Charge 2 device was motivated by good assessment practice of finding 

a balance between validity and feasibility of measurement instruments (Corder et al., 2008).  Compared 

to adults, adolescents would be less willing to wear a device that clashes with their idea of ‘social 

wearability’, which is defined by the degree to which adolescents perceive the visual appearance of the 

device as acceptable in a social setting (Corder et al., 2008; Dunne et al., 2014). 

The screen of the device was disabled to provide feedback on the participants’ activity, yet the 

distance (km) they covered daily was displayed as this could not be turned off. We decided a priori to 

create a variable of MVPA, a sum of MPA and VPA. We originally planned to also include sedentary 

behaviour in this study, but in a deviation from our post-registration, we decided not to impute the 

missing SB data or proceed with analysis of sedentary behaviour due to high amounts of missing data 

(~58%), (see Supplement 2 for more information).  

Inclusion and exclusion of data into the final dataset 

We used a threshold of at least ≥3 valid measurement days as an inclusion criterion in line with 

previous research (Kandola et al., 2020). Since a minimum of 4 valid days has been suggested as well 

(Migueles et al., 2017), we conducted an additional sensitivity analysis (see Supplement 3). Sufficient 

wear time usually includes 8-10 hours in a 24 hr day (Migueles et al., 2017). Common proxies for 

non-wear time (e.g. heart rate, aerometry count) were not available for this Fitbit day-level data 

sample. Thus, a valid day was alternatively defined as having a measurement day with: (a) LPA for 

≥60 minutes and (b) having started measurement day 1 before or the latest at 12noon, and (c) having a 

sleep period of more than 200 minutes and with a sleep onset after 1pm. If on all seven measurement 

days the participant had zero values for all measured variables of the device (LPA, MPA, VPA, 

minutes asleep), we assumed that the device was not worn, and data were excluded. For more details 

on defining missing data, non-wear time, and the rationale for in- and exclusion criteria we refer to 

Supplement 2. 
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Covariates 

Longitudinal evidence suggests that adolescents are becoming less moderate-vigorously 

physically active with age, and this has been observed in both genders, although particularly in girls 

(Farooq et al., 2020). Further, a cross-sectional study from Germany with comparable seasonal 

conditions shows that adolescents are less light to moderately physically active during winter and on 

rainy and short sunlight days (Quante et al., 2019). Therefore, we included age (years), gender 

(male/female), and season (spring/summer/autumn/winter) as covariates into our analyses. 

Statistical analysis 

The aims of the statistical analysis were threefold. Given that there is no established ‘gold 

standard’ for handling missingness in Fitbit data, first, we wanted to explore the nature of missing data 

patterns and find a suitable method to deal with missing data (e.g. imputation). Second, since the 

nature of the relationship between PA and psychopathology is currently unclear (e.g. linear, non-

linear), we wanted to investigate if the relationship between PA and psychopathology is explained 

better by a linear or non-linear model. In order to address these two aims, we used a random 

subsample, comprising 50% of the total sample, as a training set. Within the training dataset, we first 

explored the missing data pattern and developed a suitable technique for handling missing data. Then, 

we conducted a model selection procedure with four models. The lowest Bayesian information 

Criterion (BIC) indicated the best fitting model. Third and finally, we fitted the selected model to the 

remaining data from the total sample, i.e. the testing dataset.  

Missing data exploration and imputation 

We used a random 50% subsample (n=587) in order to explore the amount and pattern of 

missing data in the PA variables and select the best fitting model for our data. After having excluded 

participants who did not wear the device at all during the 7-day measurement period (N=23), and 

participants who had less than 3 days of valid data (N=100), the training subsample consisted of 464 

participants. Based on our criteria for missing data (see Supplement 2), 17.87% of LPA, MPA, and 

VPA data, and 48.64% of sedentary behaviour data, were missing after applying our criteria for in- 

and exclusion. We used Little’s Test for Missing Completely At Random (MCAR) (Little, 1988) 

within Stata Version 15.1 (StataCorp, 2017) to explore the pattern of the missingness in the dataset. 
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The results indicated that the missing data within the training dataset were not missing completely at 

random (X2= 179.96; df= 31; p= ≤.001).  

There is a lack of information regarding best practices for dealing with missing Fitbit data (e.g. 

Feehan et al., 2018), therefore we used a multiple imputation method to impute missing data in 

multilevel models (van Ginkel et al., 2020). This approach is preferred since it considered that there a 

repeated measurements per participant. The data within this study have a multilevel structure, where 

accelerometery data are nested within participants, which are nested within schools. In general, a 

recommended approach is then to perform a multilevel multiple imputation (van Ginkel et al., 2020). 

We followed this general recommendation, but did not empirically evaluate this approach, or compare 

approaches, within our sample.  

To perform a multiple imputation technique for multilevel models, we used the ‘mitml’-

package (Grund et al., 2019) in R (R Core Team, 2019), which imputed the missing values for LPA, 

MPA, and VPA and generated ten imputed datasets. In general, three to ten imputations are considered 

to be sufficient (Rubin, 1987; Von Hippel, 2018). We chose 10 imputations  to maximise the 

efficiency of estimates and replicability (Rubin, 1987). The same multiple imputation technique for 

multilevel model was applied within all ten datasets. After data were fully cleaned and all inclusion 

and exclusion criteria were applied as described above, the missing data were imputed.  

We did not investigate if the estimates differed significantly between imputed datasets. 

However, previous work has illustrated that the imputation of point estimates has good replicability 

even if missingness is very high (e.g. 75%), with point estimates differing only by 0.1% between the 

first and second imputation (Von Hippel, 2018). Finally, we created a mean value for LPA, MPA, and 

VPA across the number of observations per participants in every imputed dataset. MPA and VPA were 

summed to create the MVPA variable, which we used in our analysis.  

Model selection with the training subsample (n=464) 

After imputing the missing data, we estimated for each imputed dataset the following models: 

(1) a linear regression, (2) a linear mixed effects model considering school differences, (3) a 

generalized additive model, and (4) a generalized additive mixed effect model considering school 

differences. Model 1 and 2 assume a linear relationship between PA and psychopathology, while 
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model 3 and 4 assume non-linear one, to test the ‘threshold’ effect. Mixed effects models were 

included in the model selection procedure to investigate if accounting for school differences would 

improve the model fit. All models were estimated using the mgcv package (Wood, 2017). The linear 

model was estimated with the gls function (1), the linear mixed effects model by the lme function (2), 

and the generalized additive models (3, 4) with the gam function. To allow for comparability, the 

number of knots for the generalized additive models were fixed (k=3), and Maximum Likelihood 

(ML) Estimation was chosen for all models. For each of the four different models we wanted to 

compare, we computed the Bayesian Information Criterion (BIC), Akaike Information Criterion 

(AIC), and mean squared prediction error (MSPE).  

The MSPE represents a summary of differences between actual and predicted response values 

and indicates how well a model predicts in the future and is calculated by k-fold cross-validation 

(Hastie et al., 2008). In this approach, the sample is split into k subsets. Using all subsets except the 

kth subset, the model is estimated for each fold, whereby the kth subset serves a validation sample. 

This process is repeated until every subset has served as the validation sample. Then, the computed 

MSPE values are averaged across the folds (Hastie et al., 2008). In this study, we used 10-fold cross-

validation in each imputed dataset to compute the MSPE value, which was later pooled across the M 

imputed datasets (Hastie et al., 2008). The best fit of the model was determined by the lowest AIC, 

BIC, and MSPE value across all imputed datasets. 

Estimation of the selected model in the testing subsample (n=464) 

After selecting the model with the better fit, we estimated the model to assess (a) our 

confirmatory hypothesis on the association between LPA and MVPA and general symptoms of 

psychopathology, and (b) exploratory hypothesis on the association between LPA and MVPA on 

symptoms of depression, anxiety, and psychoticism. In preparation of the analysis of the testing 

sample, same steps were taken as in the training sample: After the data of the testing sample (n=586) 

had been cleaned, 10 different imputed datasets were created. We used the same multiple imputation 

method for 2-level data as in the training subsample. In every imputed dataset, we created a mean 

value for LPA, MPA, and VPA across the number of observations per participants. MPA and VPA 

were summed to create an additional value; MVPA.  
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 We used Rubin’s rules for pooling effect estimates and standard errors (Rubin, 1987). The 

Wald test was calculated using the pooled regression coefficient and standard error. The degrees of 

freedom (df) and the p-value for the pooled estimate were derived from the adjusted formula version 

to calculate the df (Van Buuren, 2018) using the MICE package in R (van Buuren & Groothuis-

Oudshoorn, 2011). In a deviation from our post-registration, we performed a sensitivity power analysis 

using a fixed multiple linear regression modelling R2 increase within the testing subsample (n=464) 

using G*Power version 3.1.9.4. (Faul et al., 2007). Testing the hypothesis that R2 increase is zero, the 

minimum effect size to achieve a power larger than 80% is f2 = .02. Within our OLS regression, we 

achieved a partial R2 value of .08. Please see Supplement 4 for more detailed information on the 

power analysis calculations.  

 

Results 

Characteristics of the training and testing subsample 

Table 1 shows the means, standard deviations, and percentages for the variables age, gender, 

season, LPA, MVPA, BSI-GSI, and the subscales depressiveness, anxiety, and psychoticism for both 

the training and the testing subset with and without data imputation. Table 2 shows the minimum, 

maximum, and quartile values for light and moderate-vigorous physical activity within the unimputed 

and imputed training and testing subsample. 
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Table 1  

Means, standard deviations, and percentages within the unimputed and imputed training (n=464) and 

testing subsample (n=470) 

 Unimputed 

training subset 

(n=464) 

Unimputed 

testing subset 

(n=470) 

Imputed training 

subset 

(n=464) 

Imputed testing 

subset 

(n=470) 

Age (years) 13.27 (1.74) 13.20 (1.59) 13.27 (1.74) 13.20 (1.59) 

Gender (% female) 65 60 65 60 

Season: Spring (%) 45 40 45 40 

Season: Autumn (%) 15 49 15 49 

Season: Winter (%) 40 1 40 1 

LPA (minutes) 255.19 (50.83) 248.45 (55.80) 253.43 (58.11) 249.52 (51.06) 

MVPA (minutes) 47.51 (32.83) 50.59 (38.41) 47.25 (34.26) 50.83 (35.84) 

BSI-GSI .90 (.64) .83 (.60) .90 (.64) .83 (.60) 

Anxiety .92 (.64) .83 (.67) .92 (.64) .83 (.67) 

Depressiveness .85 (.64) .72 (.80) .85 (.64) .72 (.80) 

Psychoticism .69 (.64) .63 (.67) .69 (.64) .63 (.67) 

Note: LPA= light physical activity, MVPA= moderate - vigorous physical activity, BSI-GSI= General 

Severity Index of the Brief Symptom Inventory-53 
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Table 2 

Minimum, maximum, quartile, and skewness-index values for light (LPA) and moderate-vigorous 

physical activity (MVPA) within the unimputed and imputed training (n=464) and testing subsample 

(n=470) 

Note: LPA= light physical activity, MVPA= moderate - vigorous physical activity 

 

Missing data and model selection in training subsample (n=464) 

We determined the BIC, AIC, and MSPE values from a linear regression (LM), a linear mixed 

effect model (LME), a generalized additive model (GAM), and a generalized additive mixed effect 

model (GAMM) across 10 imputed datasets. Considering all values, we found that the linear 

regression model had the lowest BIC and MSPE values, while there was an equal number of datasets 

presenting the lowest AIC value in either a linear or a generalized additive model. Overall, we 

concluded that the linear model provided the best fit (Table 3 and Table 4).  

 

 

 

 

Sample Variable Min. Average physical activity per quartile Max. Skewness-

Index 

   1st Quartile 2nd Quartile 

 

3rd Quartile 

 

  

Unimputed 

training 

LPA 88.25 211.96 250.33 296.58 422.00 .03 

MVPA 0 23.94 38.45 61.67 197.00 1.58 

Imputed  

training 

LPA 92.00 218.57 252.42 292.16 399.13 .05 

MVPA -8.91 25.10 40.64 62.03 196.37 1.49 

Unimputed 

testing 

LPA 66.0 208.8 273.0 320.0 501.0 -.14 

MVPA 0    17.00 46.50 96.75 305.00 1.34 

Imputed 

testing  

LPA 92.21 216.62 248.54 281.36 412.00 .04 

MVPA -13.62 26.48 43.33 67.38 233.97 1.55 
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Table 3 

 BIC and AIC values for a linear model (LM), linear mixed effects model (LME), generalized additive 

model (GAM), and generalized additive mixed effects model (GAMM) among ten imputed datasets of 

the training sample (n=464). 

 

 

 

 

 

 

 

 

 

Dataset 1 2 3 4 5 6 7 8 9 10 

BIC           

LM 719.57 718.98 719.52 718.87 717.74 718.05 718.51 718.93 718.35 719.42 

LME 725.48 724.89 725.42 724.93 723.64 723.95 724.42 724.81 724.26 725.33 

GAM 727.33 726.44 729.78 725.92 725.95 726.32 725.63 725.20 726.34 727.35 

GAMM 727.33 726.44 729.78 725.92 725.95 726.32 725.63 725.20 726.34 727.35 

AIC           

LM 688.32 687.73 688.28 687.63 686.49 686.80 687.27 687.66 687.11 688.18 

LME 690.32 689.73 690.28 689.63 688.49 688.80 689.27 689.66 689.11 690.18 

GAM 688.28 687.38 690.73 686.87 686.89 687.26 686.57 686.14 687.29 688.30 

GAMM 688.28 687.38 690.73 686.87 686.89 687.26 686.57 686.14 687.29 688.30 

Note: BIC = Bayesian Information Criterion; AIC = Akaike Information Criterion; LM = linear model; 

LME = linear mixed effects model; GAM = generalized additive model; GAMM = generalized additive 

mixed effects model 
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Table 4 

Mean Squared Prediction Error (MSPE) values for a linear model (LM), linear mixed effects model 

(LME), generalized additive model (GAM), and generalized additive mixed effects model (GAMM) 

among ten imputed datasets of the training sample (n=464). 

 

 

 

Model fit values for the associations between light and moderate-vigorous physical activity and 

symptoms of general psychopathology in the testing sample (n=470) 

Based on the training set results, we conducted a confirmatory analysis using a linear 

regression model in the testing subsample. The pooled results across the 10 imputed datasets can be 

found in Table 5. There were no significant associations between LPA and MVPA, and symptoms of 

general psychopathology. These findings remained unchanged when conducting a sensitivity analysis 

applying multilevel multiple imputation to the BSI variable. 

 

 

 

 

Dataset 1 2 3 4 5 6 7 8 9 10 

MSPE           

LM .3751 .3810 .3743 .3800 .3907 .3905 .3843 .3866 .3775 .3821 

LME .3751 .3810 .3743 .3800 .3907 .3905 .3843 .3866 .3775 .3821 

GAM .3738 .3801 .3789 .3828 .3935 .3938 .3879 .3888 .3838 .3781 

GAMM .3738 .3801 .3789 .3828 .3935 .3938 .3879 .3888 .3838 .3781 

Note: MSPE= Mean Squared Prediction Error; LM = linear model; LME = linear mixed effects model; 

GAM = generalized additive model; GAMM = generalized additive mixed effects model; Standard error 

values of the MSPE values are reported in Supplement 7.  
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Table 5  

Associations between light (LPA) and moderate-vigorous physical activity (MVPA) and 

psychopathology (GSI-BSI) estimated with a linear regression in the testing subsample (n=470). 

 

 

 

 

 

Model fit values for the associations between light (LPA) and moderate-vigorous physical activity 

(MVPA) and symptoms of depression, anxiety, and psychoticism in the testing subsample (n=470) 

We conducted exploratory analyses using a linear regression model. The pooled results across 

the 10 imputed datasets can be found in Table 6. There are no significant associations between LPA 

and MVPA with symptoms of depression, anxiety, and psychoticism. These findings remained 

unchanged when conducting a sensitivity analysis applying multilevel multiple imputation to the BSI 

variable. 

 

 

 Dependent variable 

Independent 

variables 

GSI-BSI 

 β (SE) p b (SE) p 

LPA .00009 (.0006) .84 .0001 (.0007) .81 

MVPA -.0008 (.0009) .54 -.001 (.0009) .15 

Age .04 (.02) .07 .05 (.02) .02 

Gender  .26 (.06) <.001 - - 

Season (Spring) -.48 (.58) .41 -.61 (.21) .30 

Season (Autumn) -.34 (.58) .56 -.49 (.60) .41 

Note: in bold = alpha < 0.05; β= unstandardized regression coefficient; b= standardized 

regression coefficient; SE= standard error, LPA= light physical activity, MVPA= moderate - 

vigorous physical activity 
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Table 6  

Associations between light (LPA) and moderate-vigorous physical activity (MVPA) and general 

psychopathology (GSI-BSI-53) estimated with a linear regression (n=470). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Dependent variables 

Independent variables Depression Anxiety Psychoticism 

 β (SE) p β (SE) p  β (SE) p 

LPA -.0002 (.0008) .81 .0004 (.0007) .54 -.000007 (.0007) .99 

MVPA -.0004 (.001) .72 -.001 (.001) .18 -.0006 (.001) .55 

Age .08 (.03) .008 .007 (.02) .75 .03 (.02) .02 

Gender .30 (.08) <.001 .24 (.07) <.001 .22 (.07) .001 

Season (Spring) -1.54 (.79) .05 -.22 (.65) .74 -.45 (.66) .49 

Season (Autumn) -1.37 (.79) .08 -.09 (.65) .88 -.27 (.66) .69 

Note: in bold = alpha < 0.05; β= unstandardized regression coefficient; SE= standard error, 

LPA= light physical activity, MVPA= moderate - vigorous physical activity. Standardized 

coefficients are reported in Supplement 5. 
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Discussion 

To the best of our knowledge, this is the first study investigating the nature of the relationship 

between objectively measured PA and symptoms of general psychopathology, depression, anxiety, and 

psychoticism in adolescents. We hypothesized that a linear relationship exists, where more minutes of 

LPA and MVPA would be negatively associated with fewer symptoms of psychopathology in 

adolescents. Yet, our results showed that the (standardized) effect sizes between LPA and MVPA and 

symptoms of general psychopathology, depression, anxiety, and psychoticism, were negligible to 

small, and that the associations were non-significant. Therefore, our findings do not provide evidence 

that more LPA and MVPA relate to fewer symptoms of psychopathology in the general adolescent 

population. 

Our results are not in line with previous self-report data from the general adolescent 

population, showing significant associations between more PA and lower levels of depression and 

anxiety symptoms (Korczak et al., 2017; McMahon et al., 2017). However, these previous findings 

need to be interpreted cautiously, as self-reported PA is less reliable and prone to social desirability 

(Adams et al., 2005) and recall biases, meaning adolescents might either overreport MVPA (LeBlanc 

& Janssen, 2010) or underreport LPA (Sullivan et al., 2012).  

In contrast, our observation that MVPA durations were not associated with depression is 

consistent with findings from other accelerometery studies in adolescents. For example, in the ROOTS 

study (n= 1238; 54% girls; mean age = 13.8 years) and the Avon Longitudinal Study of Parents and 

Children (ALSPAC) study (n= 3298, 53% girls mean age= 14.5 years) (Kandola et al., 2020; Toseeb 

et al., 2014; Wiles et al., 2012), objectively measured MVPA was also not associated with symptoms 

of depression, and reported small, (unstandardized), effect sizes of weekday MVPA (.02).  

Our findings do not provide evidence that more LPA and MVPA are associated with fewer 

symptoms of psychopathology in the general adolescent population. Recent prospective evidence 

suggests that the relationship between lifestyle behaviours and psychopathology is interdependent, 

where multiple lifestyle factors, such as sleep, sedentary behaviour, and PA, have an integrative effect 

on psychopathology, as opposed to individual lifestyle factors alone (Brown et al., 2021). These 

findings suggest that a more inclusive, broader approach may be needed for future research and 
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intervention. Additionally, individuals’ experience of PA, the type, domain, and context of PA need to 

be considered for psychopathology-informed PA recommendations (Teychenne et al., 2020).  

Preliminary evidence suggests that PA is associated with fewer psychopathology symptoms 

when PA occurs during leisure time (White et al., 2017), in the company of others (Kleppang et al., 

2017), in nature (Coon et al., 2011), and with a focus on the mind-body relationship, such as yoga 

(Galantino, Galbavy, & Quinn, 2008; Lubans, Plotnikoff, & Lubans, 2012). In contrast, PA during 

transport, household chores, and physical education classes is not associated with fewer symptoms of 

psychopathology (White et al., 2017). There is also evidence that PA carried out alone is associated 

with higher odds of developing depression compared to PA performed in a social setting (e.g. in a 

sports clubs) (Kleppang et al., 2018). Therefore, further research may investigate interactions of PA 

with domain, context, type, and experience of PA, in relation to symptoms of psychopathology in 

adolescents, using the Experience Sampling Method, for example.  

Our finding that LPA duration and depression levels were not significantly associated is in 

contrast to previous research using objectively measured LPA from the ALSPAC cohort study 

(Kandola et al., 2020). Currently, little is known about psychopathology-related associations with 

LPA. Cross-sectional evidence in adults suggests that associations with LPA are threshold-dependent, 

showing that associations  emerge only after a certain minimum duration of LPA (~400 min/day) 

(Bernard et al., 2018). Potentially, a similar threshold-dependent relationship exists in adolescents, 

where the minimum amount to affect psychopathology is reached with at least ~320 minutes of LPA 

per day (Kandola et al., 2020), whereas shorter durations, as in our study (~250 minutes/ day) do not. 

Further exploration showed that the majority of LPA values (i.e. 75%) were below an average of 320 

minutes. Following a reviewer’s suggestion, because our threshold of LPA inclusion was low (60 

minutes), we conducted exploratory analyses with an increased threshold (300 min) to estimate the 

associations of higher LPA (mean 360.28, SD 25.98) with psychopathology symptoms in a linear and 

non-linear model in a sample of N=332. Our results indicated that in both models the linear and non-

linear relationship between both LPA and MVPA, and psychopathology, remained non-significant 

(see Supplement 6).   

Overall, given that no associations were found between general psychopathology, depression, 
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anxiety, and psychoticism and LPA/MVPA duration, these findings also suggest that factors other than 

PA may be more important in relation to psychopathology. Further research should elucidate the role 

of social risk factors, for example low family cohesion and adverse life events in relation to PA in 

adolescents (Cuffe et al., 2005) 

Since the results of the linear model investigating the PA-psychopathology relationship was 

non-significant, this study does not enable us to conclude whether a linear or a non-linear model 

describes the relationship best. In the previous literature, the nature of the PA-psychopathology 

relationship has been much debated. Other studies in adults, using self-report data, are inconsistent in 

their findings, as they have been suggesting various natures of relationships: Linear (Galper et al., 

2006), quasi-linear (Stephens, 1988), s-shaped (Mummery et al., 2004), and U-shaped relationships 

(Kim et al., 2012). The only accelerometery study to date investigating the nature of the PA- 

psychopathology relationship  shows a non-linear (i.e. U-shaped) association  in adults (Bernard et al., 

2018).  

Our study has several methodological strengths. First, we aimed for maximal transparency by 

post-registering our study on the Open Science Framework. This approach may increase replicability 

of future work by minimising ‘researcher degrees of freedom’ and counteracting questionable research 

practices such as p-hacking (i.e. conducting multiple analyses until a significant result is achieved) and 

HARKing, standing for ‘Hypothesising After Results are Known, can increase the risk of type 1-errors 

and reduce replicability of findings. Second, we conducted a sensitivity power analyses to increase the 

interpretability of our findings and guide future work in sample size decisions. Third, we addressed the 

risk of bias related to missingness in accelerometery data by using multiple imputation methods for 

multilevel data (van Ginkel et al., 2020). Given the many misconceptions about multiple imputation, 

listwise deletion still remains a conventional method in dealing with missing data, which may bias 

study conclusions (van Ginkel et al., 2020). Given the absence of a “gold standard” for handling 

missing Fitbit data (Feehan et al., 2018) our methods may also help to increase the rigor of future 

research using Fitbit devices. 

Our results also need to be interpreted in light of some limitations. First, common proxies of 

non-wear time (e.g. heart rate; accelerometery count) were unavailable in this data sample using Fitbit 
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Charge 2. Therefore, we cannot definitively know if the included data represents sufficient wear time, 

which usually includes at least 8 hours in each 24-hour day. Future research using Fitbit devices may 

include minute-level heart rate measurement as a proxy for non-wear time. Second, since the device is 

not water resistant, inconvenient to wear during contact sports (e.g. volleyball), and MVPA durations 

shorter than 10 consecutive minutes are not captured by the Fitbit Charge 2, full PA may not have 

been captured in the data. Options for participants manually logging additional non-recorded activities 

could be explored. Third, while including at least three valid days is common practice in 

accelerometery research (Kandola et al., 2020), current recommendations suggest to include at least 

four valid days (Migueles et al., 2017). However, within our sensitivity analysis, in which we 

estimated a linear regression including at least 4 valid days, results were similar to our analyses using 

three valid days. Fourth, our study design did not account for the influence of additional lifestyle 

aspects, such as sleep and sedentary behaviour on adolescent psychopathology symptoms, although 

previous research suggests an interdependency and combined association of these behaviours on 

adolescent mental health (Brown et al., 2021). This means that the single assessment of only one 

lifestyle aspect (i.e. physical activity) in this study may represent an incomplete picture of the 

relationship (Tremblay, 2020). 

To conclude, our results show that objectively measured LPA and MVPA durations are not 

significantly associated with symptoms of general psychopathology, depression, anxiety, and 

psychoticism in adolescents, and that the relationships between PA and psychopathology are best 

represented by a linear relationship. Overall, this study does not provide evidence that higher durations 

of LPA and MVPA alone and regardless of the context relate to reduced symptoms of 

psychopathology in the general adolescent population. A more integrative approach considering the 

interdependency of multiple lifestyle factors, as well as the domain, context, and individual experience 

of PA may add value to the understanding of the PA- psychopathology relationship.  
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