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Abstract 

 

Background: Studying the effects of mobile health (m-health) apps is crucial for providing 

accessible mental healthcare to people at high risk for psychopathology, such as adolescents during the 

COVID-19 pandemic. Therefore, investigating elements such as real-time personalized feedback are 

essential to understand what underpins the effectiveness of m-health. The Grow It! app is a multiplayer 

serious gaming m-health app for adolescents aged 12 to 25 aimed at identification of emotional problems 

and improving well-being. This study aimed to improve suboptimal app activity (i.e., amount of experience 

sampling method questionnaires completed) by incorporating feedback in the form of an emotion overview 

chart into the app. Furthermore, this study wanted to investigate changes in affective and cognitive well-

being and assess how users rate the emotion overview. Method: Adolescents (N = 143) played Grow It! for 

three weeks during the COVID-19 pandemic. Participants filled in a questionnaire before and after playing 

the app, to measure differences in affective (measured on a 7-point Likert scale) and cognitive (measured 

on a 10-point Likert scale) well-being. The emotion overview was evaluated with four questions. Results: 

After conducting two paired samples t-tests, I found that affective well-being significantly increased by 0.29 

points, t(142) = 3.30, p < .001 (one-tailed), d = .28. Forty percent (40%) of individuals experienced 

increases. Cognitive well-being significantly increased with 0.44 points, t(142) = 3.17, p < .001 (one-tailed), 

d = .27. Forty-nine percent (49%) of individuals experienced increases. After conducting a one-way 

ANOVA, I found that app activity was significantly higher for users playing Grow It! with the emotion 

overview included, F(2,1335) = 53.13, p < .001. User evaluations were overall positive with the emotion 

overview being a welcomed addition. Conclusion: The results of this study demonstrate successful 

replication of previous studies and support gamification theories on the usefulness of real-time personalized 

feedback. The addition of the emotion overview seems valuable for increasing app activity and positive app 

evaluations. Further research with a control group is recommended to be able to make any substantial claims 

on the effectiveness of Grow It! and what added value the emotion overview provides.  

Keywords: Grow It!, Experience Sampling Method, Personalized Feedback, Emotion Overview, 

Compliance, Engagement, App Activity, M-health Application, Serious Gaming Application, Cognitive 

Well-being, Affective Well-being, User Evaluation.  



Layman’s Abstract 

Background: This study investigates the effects of the mobile health (m-health) app called Grow 

It! on the well-being of young adults during the COVID-19 pandemic. Researchers designed Grow It! to 

help identify emotional problems and improve overall well-being in adolescents. The goal of this study 

was to understand if incorporating feedback (in the form of an emotion overview chart) that is timely and 

tailored to the individual has any effect on the effectiveness of the app. In particular, I aimed to investigate 

whether adolescents would improve in their mental and emotional well-being, whether including feedback 

would increase app usage and how users value its addition. Methods: Over a period of three weeks 143 

adolescents played Grow It!, before and after which they filled in questionnaires concerning their well-

being and evaluation of the app. App users evaluated the emotion overview with four questions. Results: 

The results showed that adolescents improved in their mental and emotional well-being after using Grow 

It! with the emotion overview included. Almost half of the adolescents had significant improvements. 

Adolescents rated Grow It! and highly and the emotion overview was a welcomed addition. The app usage 

was higher in comparison to other studies on Grow It!. Conclusion: These findings suggest that including 

real-time personalized feedback, such as the emotion overview chart, may improve the app experience and 

increase user engagement with Grow It!. This supports past research that state that feedback helps increase 

user interaction. However, future research requires a control group to determine whether changes in well-

being are not due to any other factors other than the app, to truly be able to make any large claims about 

the effectiveness of Grow It! and what role the emotion overview plays.  
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Improving the Grow It! M-Health Tool: Examining the Role of Real-Time Personalized Feedback 

Mobile health (m-health) apps are increasingly popular and accessible tools that can aid the early 

identification, prevention, and treatment of mental health problems (Clarke et al., 2015). Free and colleagues 

(2010) broadly define m-health as “the use of mobile computing and communication technologies in health 

care and public health”. Benefits of m-health apps include that they can help ease the burden on healthcare 

systems (Bakker et al., 2016) and adolescents perceive them as less stigmatizing than traditional therapy 

(Bergin et al., 2020). Amidst the recent COVID-19 pandemic, the importance of m-health apps has 

heightened. The pandemic has led to the temporary closing down of schools and limited sports opportunities, 

reducing opportunities for in-person social interaction and connection. The consequences for young adults 

are great as adolescence is a crucial developmental period for gaining autonomy from parents while 

developing peer relationships becomes the focal point (Gorrese & Ruggieri, 2012; March-Llanes et al., 

2017). Health risks associated with social isolation and loneliness are enormous (Friedler et al., 2015), 

putting many adolescents living in times of a pandemic at an increased risk for developing psychopathology. 

Therefore, adolescents could potentially benefit from something as accessible as m-health. Nevertheless, 

elements applied in m-health that underpin the effectiveness of such interventions remain unclear and 

require a better understanding to give at-risk adolescents the help they need. 

Feedback may be a crucial component of effective m-health, as supported by compelling arguments 

from therapeutic and gaming perspectives. From a therapeutic perspective, feedback plays a vital role in 

increasing self-reflection and self-monitoring, encouraging help-seeking and motivating patients towards 

behavioral activation (Bakker et al., 2016). By self-reporting thoughts, feelings and behaviors patients can 

gain a deeper understanding of their mental health. Feedback provides an extra layer of self-awareness, 

serving as a catalyst for action. In addition, feedback prevents recall bias allowing for an accurate 

representation of experiences, encouraging individuals to confront their true behaviors and seek appropriate 

help. Feedback can take various forms. Therapists commonly provide verbal feedback regarding patients’ 

treatment progress in cognitive behavioral therapy (CBT; Janse et al., 2020). This feedback is particularly 

effective when tailored to the individuals needs and preferences as individual differences are considered 

(Bastiaansen et al., 2018). Another effective form of feedback is visual feedback such as charts and graphs. 

The visual form provides a new perspective and aids cognitive processing as complex information is 

simplified and certain information becomes more explicit, creating a more complete understanding (Bobek 

& Tversky, 2016; Kramer et al., 2014). In addition, visual feedback may increase engagement and 

motivation.  

In the realm of gaming, feedback plays a key role in the progression mechanics inherent to video 

games. The progression mechanic principle highlights that receiving feedback plays a role in improving 



intrinsic motivation to engage. (Cugelman, 2013; Robson et al., 2015). Take for example a game with 

increasing levels of difficulty. As players master each level, they feel a sense of accomplishment and are 

motivated to continue. Feedback on the progression through various levels functions as a reward, reinforcing 

positive behaviors. Feedback on player’s progression also promotes learning. Learning about game 

mechanics helps players to understand the game and optimize their performance (Burgos et al., 2007; 

Laamarti et al., 2014). When a player achieves a particular balance between the challenge of the game and 

their skill level, they enter a state of “flow”. Flow is a state of deep enjoyment, complete immersion, and 

focused engagement (Csikszentmihalyi, 1990), heightened through immediate and meaningful feedback 

loops (Cowley et al., 2008). These feedback loops help create seamless interactions between the actions of 

the player and the game’s response, enhancing player’s connection to a game world. Overall, the 

aforementioned literature demonstrates the benefit and broad applicability of feedback in multiple contexts. 

Therapy and gaming objectives come together in serious games; games that prioritizing therapeutic purposes 

beyond entertainment (Laamarti et al., 2014). Moreover, serious games may align particularly well with the 

needs of the current generations of digital natives, who have grown up in an era of widespread online 

gaming. Therefore, serious games provide a relevant way to investigate the potential of feedback in m-

health tools for adolescents. 

The Grow It! App 

The current research study focusses on the Grow It! app. In short, Grow It! is a multiplayer serious 

gaming m-health app specifically designed for adolescents aged 12 to 25 aimed at early identification of 

emotional problems and improving well-being through promoting self-insight and self-monitoring of moods 

and behaviors with experience sampling method (ESM; Myin‐Germeys et al., 2018) questionnaires. 

Furthermore, Grow It! aims to promote adaptive coping underpinned by CBT principles. The app is 

gamified by means of a point earning system and competition against other (anonymous) players. A recent 

publication by Dietvorst et al., (2022a) revealed that adolescents showed significant increases in cognitive 

and affective well-being after playing Grow It! for three to six weeks during the COVID-19 pandemic. The 

authors corrected their results for confounders; however, any big conclusions cannot be drawn due to a lack 

of a control group. Furthermore, Dietvorst et al. (2022b) conducted a feasibility study for the development 

of Grow It!. Findings were mixed. On the one hand users evaluated the app positively, while on the other 

hand the number of responses to the ESM questionnaires were limited, demonstrating suboptimal app 

activity. The adolescents in this study completed on average one third of all the ESM questionnaires, at 

most. The authors highlight the potential benefit of adding a visual feedback component. As a result, we 

have created an “extended” version of Grow It!. It includes real-time personalized feedback in the form of 

an emotion chart, where the user gets visual feedback on their emotions in specific situations (see Figure 1). 

The goal of including this feedback element is to improve the effectiveness of the ESM questionnaires to 



increase app activity and enhance therapeutic effects. Therapeutic effects may indirectly contribute to more 

app activity as well (Dietvorst et al., 2022b). 

Figure 1 

Illustration of the Experience Sampling Method (ESM) Component in Grow It! Extended 

 

Note. The visualization on the left represents a question from the ESM questionnaire. A user must fill in 

how relaxed they feel in this particular moment, rated on a scale from “not” to “very”. The visualization on 

the right represents the emotion overview. In this example the user views their mood on Thursday. The 

bigger the bubble the stronger they experienced the emotion. 

Study Objectives 

For this thesis three research objectives are preregistered (see Appendix A). Firstly, (RO1) this study 

aims to investigate whether affective and cognitive well-being in adolescents improve after playing Grow 

It! extended (Replication following Dietvorst et al., 2022a). I formulated two hypotheses: H1A: Adolescents 

will show an increase in their affective well-being after playing Grow It! extended. H1B: Adolescents will 

show an increase in their cognitive well-being after playing Grow It! extended. These hypotheses are based 

on the findings by Dietvorst et al. (2022a) who demonstrate significant increases in affective as well as 



cognitive well-being after playing the Grow It! original app. This objective adds to the current literature on 

Grow It! by replicating and supporting previously found effects. In addition, (RO1,SUB) this study will 

describe according to Grice’s person-centered effect sizes (2020) what proportion of adolescents change 

(0.2 SD) in their affective and cognitive well-being after playing Grow It! extended (replication following 

Dietvorst et al., 2022a). The addition of this sub-objective is of exploratory nature and is useful to better 

help identify how many adolescents benefit from the app on an individual level besides effects predicted to 

be found at the group level. 

(RO2) Furthermore, this study will investigate whether users who play Grow It! extended will 

complete more ESM questionnaires than users who played Grow It! original (Dietvorst et al., 2022a). I 

predicted the following: H2: Users of Grow It! extended will show more app activity (i.e., amount of 

completed ESM questionnaires) than users of Grow It! original. Gamification principles that state that 

providing personalized feedback increases engagement (Robson et al., 2015) support this hypothesis. In 

addition, providing personalized feedback on mood may enhance therapeutic effects (Dietvorst et al., 

2022a), which could lead to more app engagement in an indirect manner. By means of the implementation 

of the personalized feedback this study tries to improve player activity. 

(RO3) Lastly, this study aims to describe how adolescents evaluate the emotion chart in Grow It! 

extended and whether its addition has an impact on user evaluations. This objective is of an exploratory 

nature and is useful to better understand how adolescents experience the implementation of the real-time 

personalized feedback. By investigating the individual opinions of adolescents on the emotion chart, this 

study can provide an understanding regarding its usability and effectiveness within the app. 

This study adds to m-health literature by examining the role of personalized feedback that Bakker 

et al. (2016) reports as missing in their systematic literature review on recommendations for creating 

effective mental health smartphone apps. The findings to the previously mentioned objectives have practical 

and fundamental implications for the digital health field. On a practical level, the implications of these 

findings could aid the development and improvement of Grow It!, so that eventually the application can be 

most effective and accessible for adolescents who require additional support in their mental health and well-

being. On a fundamental level, findings can contribute to distinguishing which elements of m-health apps 

are key in their effectiveness and which ones are perhaps less crucial than initially thought. This knowledge 

can guide future m-health development efforts with evidence-based decisions and facilitate the continuous 

advancement of the digital health landscape. 



Methods 

The Grow It! Corona Study 

This study was a longitudinal online study regarding a multiplayer serious gaming app where (H1A 

and H1B) I examined changes in well-being within subjects. In addition, (H2) I examined player activity 

between cohorts (i.e., app-versions). This study is part of a larger research project with multiple authors 

investigating Grow It!. During the COVID-19 pandemic, Grow It! was studied in three separate cohorts. 

The complete developmental process and current findings from cohort one and two are published elsewhere 

(Dietvorst et al., 2022a; Dietvorst et al., 2022b). I did not obtain the raw data for these cohorts. For the 

current study, we recruited a third cohort. Figure 2 illustrates the differences between the three cohorts. 

Online sources provide additional information (Grow It! Corona project, 2021). The app is furthermore 

being studied for other adolescent populations who are also at high risk for developing psychopathology. 

This includes adolescents that are chronically ill (chronic somatic conditions) and offspring of parents with 

psychiatric disorders. 

  



Figure 2 

Cohort Differences 

 

Note. Illustrated above is a timeline that demonstrates at what timepoint registrations were open for cohort 

one (green), cohort two (blue), and cohort three (yellow), as well as their respective characteristic 

differences. Further details regarding the specific lockdown regulations can be found at 

https://www.rivm.nl/gedragsonderzoek/tijdlijn-maatregelen-covid. 

Participants 

We recruited Dutch adolescents aged 12 to 25 during the COVID-19 pandemic. Adolescents going 

through a pandemic are classified as at-risk adolescents due to the stressful societal circumstance and are 

therefore suitable candidates that may benefit from playing Grow It!. The total analytic sample size for the 

current study was 143 participants1. The majority of participants were female (71.3%), highly educated 

(75,5%) and held Dutch nationality (92.3%; see Table 1 for demographics). The mean age of participants 

                                                 
1 As I wrote this paper for a master thesis, I received 40% of the data (randomly selected) from a larger 

dataset to analyze. 

https://www.rivm.nl/gedragsonderzoek/tijdlijn-maatregelen-covid


was 15.4 (SD = 3.2) which is younger than participants in cohort one (M = 16.7, SD = 3.4) and cohort two 

(M = 18.7, SD = 3.7; Dietvorst et al., 2022a). Appendix B illustrates a distribution of age and gender. We 

recruited participants through (social) media as well as their schools via their teacher’s toolbox counseling 

lessons. Adolescents of the third cohort were able to enroll themselves into the study between the period of 

March 2021 until May 2021. Admissions were on a rolling basis meaning that they could start as soon as 

they had registered. Participation was possible for adolescents who signed the informed consent. For 

adolescents under 16 required an additional informed consent from the parents. We excluded anyone from 

participation who did not sufficiently comprehend and write the Dutch language and anyone who was not 

residing in the Netherlands at the time of the study. Recruitment was in Dutch ensuring sufficient language 

proficiency of participants. Participants did not receive compensation for their participation but were able 

to win prizes such as EarPods and gift vouchers. The Medical Ethical Committee of the Erasmus Medical 

Centre (registration number: MEC2020-0287) approved the study and followed the guidelines as stated by 

the World Medical Association Declaration of Helsinki (World Medical Association, 2013). 

Table 1 

Demographic Characteristics of Cohort Three 

Characteristic Cohort 3 

 n %a 

Gender   

 Male 39 27.3 

 Female 102 71.3 

Cultural identity   

 Dutch 132 92.3 

 Unspecified 11 7.7 

Education levelb   

 High 108 75.5 

 Middle 21 14.7 

 Low 9 6.3 
a Does not add up to 100 because of missing values.  

b Low = (preparatory school for) technical and vocational training, labeled in the Dutch education system 

as VMBO, praktijkonderwijs and MBO; Middle = (preparatory school for) professional education, 

labeled in the Dutch education system as HAVO, HAVO-VWO and HBO; High = (preparatory school 

for) university, labeled in the Dutch education system as VWO, Gymnasium and WO. 

Procedure 

Adolescents registered on the study website (www.growitapp.nl). After signing the informed 

consent on a secure webpage, the participants filled in the online questionnaire (the baseline questionnaire). 



The questionnaire was self-administered questionnaire and concerned multiple choice and open questions 

about participants’ demographic characteristics, well-being, depressive symptoms, anxiety, loneliness, 

psychological care, COVID-19 specific items and coping. The questionnaire took approximately eight 

minutes to complete. Once adolescents completed the online questionnaire an SMS was sent to the 

participants with a unique code for the app, which they could use to log in.  

The adolescents used Grow It! over the course of a couple of weeks (Cohort one for six weeks, 

cohort two and three for three weeks). In the app adolescents were assigned to teams who competed against 

each other to grow a virtual tree (See Appendix C). To grow this tree, participants needed to earn points. 

Points could be earned in two ways. 1) Each day, at five random time intervals between 9:00 and 21:00, the 

participants got a notification to fill in the ESM questionnaire. Adolescents could record the following 

aspects: sleep, location, with whom, online contact, emotions, tired, loneliness, bored, worried, negative 

event, daily coping, worry related to COVID-19, atmosphere at home, exercise, positive event, and 

challenge rating. An ESM questionnaire took one to two minutes to fill in for which participants had a time 

window of 45 minutes. Adolescents received no more than two reminders per questionnaire. Cohort three 

was also able to view the results of the ESM questionnaires, displayed in emotion charts (see Figure 1). The 

emotion chart displayed each emotion in a bubble that varied in size depending on severity of the emotion. 

Charts also varied depending on the selected situation (e.g., with friends, at school, at home etc.). 2) The 

second way to earn points was to select and complete one challenge a day (see Appendix C). The rest of the 

time participants were free to interact with the app whenever they wanted. Teammates could for example 

interact with each other with positive stickers in the chat function (see Appendix C).  

After three to six weeks in the app, participants received reminders via SMS to fill in the online 

questionnaire again as a follow-up, with an additional extensive user evaluation of the app. When 

participants had completed sufficient (more than half) questionnaires they were permitted to enter the prize 

raffle. Appendix D shows an illustration of the study timeline.  

Measures 

App Activity 

The construct ‘app activity’ refers to the percentage of ESM questionnaires that were filled in (% 

ESM questionnaires = number of filled in ESM questionnaires / maximum number of ESM questionnaires). 

This is also called ESM compliance. I developed this measure myself. The ESM questionnaire is a short, 

self-administered questionnaire, commonly used in ESM research (Van Roekel et al., 2019). The ESM has 

high ecological validity as the questionnaires measure how a person feels in the moment and prevents recall 



bias (Larson & Csikszentmihalyi, 2014). The psychometric properties of the ESM questionnaire in Grow 

It! are unknown, however. 

Affective Well-being 

The construct ‘affective well-being’ was operationalized with the question “How happy did you 

feel last week?” with the answer provided on a 7-point Likert scale ranging from “Not at all” (1) to “Totally” 

(7) (Office for National Statistics, 2018; Tay, 2018). This construct was part of the baseline and follow-up 

online questionnaire. It has good convergent validity and strongly correlates with positive affect (Beyens et 

al., 2020). 

Cognitive Well-being 

The construct “cognitive well-being” was operationalized with the question “How satisfied did you 

feel with your life last week?” with the answer provided on a 10-point2 Likert scale ranging from “Not at 

all” to “Totally” (Office for National Statistics, 2018; Tay, 2018). This construct was part of the baseline 

and follow-up online questionnaire. It demonstrates a substantial degree of criterion validity and has strong 

reliabilities, similar to that of multiple-item scales (Cheung & Lucas, 2014). Furthermore, evidence from 

Lucas et al. (1996) shows that affective and cognitive well-being are two distinct aspects of subjective well-

being, demonstrating good divergent validity between the two constructs. 

Emotion Overview Evaluation 

We developed the ‘user experience’ measure as part of the online questionnaire by asking questions 

about various aspects of the app such as the ESM questionnaires, the challenges, the chat function, and the 

emotion chart. Users could evaluate the emotion chart with four questions. Question one was: “How clear 

did you find the emotion overview?” where answers included: “Not clear at all”, “A little bit clear”, “Pretty 

clear”, “Very clear”, or “Totally clear”. The second question: “How did the emotion overview affect you?” 

was answerable with: “I got to know myself better”, “It made me feel better”, “It made me think about how 

I feel more often”, “No effect”, or “Otherwise”. The third question was a yes-no question: “Did you share 

                                                 
2 The reason that affective and cognitive well-being were rated on different scales is because 1) well-being 

constructs were replicated from Dietvorst et al. (2022a) and 2) the office for national statistics reports that 

people tend to answer more extremely on a “happiness yesterday” question than on question regarding “life 

satisfaction”. The reason may be that emotions shift more drastically over the days and hours, while life 

satisfaction is a more cognitive assessment on life overall (Office for National Statistics, 2011). 



your emotion overview with others?”, while the fourth question was an open question: “Who did you share 

the emotion overview with?”. 

Data analysis 

The data analyses followed the pre-registered analysis plan (see Appendix A) and were executed 

using SPSS (IBM Corp., 2017). The syntax can be found in Appendix E. I calculated The ANOVA manually 

with an online calculator (https://statpages.info/anova1sm.html) as only summary data was available (see 

Appendix F). As pre-registered, the data I excluded from the analyses were any participants who did not 

have any scores for well-being. After inspection of the data, I decided to also exclude any participants who 

did not show any app activity (missing values for ESM compliance) and participants who did not 

(sufficiently) fill in the follow-up from the analyses. I defined a sufficient follow-up as participants who (at 

least) filled in both well-being questions and gave Grow It! extended a grade.  

Prior to conducting the first analysis, I checked the following assumptions: (1) The assumption of 

independent subjects; I reasonably assumed that the paired observations (pre and post-test well-being 

scores) are independent between participants as they participated based on their individual interest and 

observations were collected independently from each participant. I assessed (2) the assumption of normally 

distributed differences by inspecting a histogram, QQ-plot, skewness, and kurtosis values of affective and 

cognitive well-being difference scores. Cognitive well-being differences were slightly positively skewed, 

but this was considered negligible due to small value for absolute skewness (.26). The results of these tests 

therefore confirmed the assumption of normality. Furthermore, formal tests such as the Shapiro-Wilk and 

Kolmogorov-Smirnov tests of normality showed non-normality. Notably, these tests are sensitive to minor 

deviations from normality and given that t-tests are robust against these deviations (Wilcox, 2011), I did not 

take results of formal testing into account. I checked (3) the assumption of no extreme outliers by inspecting 

boxplots of affective and cognitive well-being difference scores. I found no extreme outliers for affective 

well-being differences, however, concerning cognitive well-being two outliers deviated extremely. I 

reasonably assumed that running the analysis with extreme outliers included did not substantially impact 

the results, as extreme outliers have a relatively smaller impact on results in larger sample sizes (Van Selst 

& Jolicoeur 1994). In addition, outliers can potentially provide valuable insights, therefore they were kept 

in the analysis. For further inspection of assumptions see Appendix G.  

I analyzed the first hypotheses (RO1, H1A,1B) with two one-tailed paired samples t-tests. To confirm 

the hypothesis that there is a significant increase in mean scores of affective and cognitive well-being from 

baseline to follow up, a t-score with a p-value smaller than 2.5% (p ≤ .025) had to be found, rejecting the 

null hypothesis of no effect. This p-value was adjusted due to correction for multiple testing using the 

https://statpages.info/anova1sm.html


Bonferroni method (Armstrong, 2014). Furthermore, I carried out an exploratory analysis where I 

investigated person-centered effect sizes to identify how many individuals meaningfully changed in their 

well-being (Grice et al., 2020), as pre-registered. To determine the threshold for a meaningful change we 

used a distribution-based approach. This approach considers a change of 0.2 standard deviations (small 

effect size according to Cohen’s d) a threshold to identify meaningful changes beyond measurement error 

and random variation (Engel et al., 2018; Cohen, 1988).  

Prior to conducting the second analysis, I checked the following assumptions: (1) observations are 

independent. (2) For the assumption of normally distributed data I visually inspected a histogram and QQ-

plot and also assessed skewness, and kurtosis values of ESM compliance percentages. The histogram 

indicated slight positive skew of moderate strength (.52), however, this deviation from normality is not 

considered substantial. These results confirmed the assumption of normality for ESM compliance. A 

deviation from the pre-registration concerns the assumption “homogeneity of group variances.” I initially 

intended to check this assumption; however, I did not get access to the data for cohort one and two rendering 

a Levene’s test impossible to conduct. Nevertheless, I decided to proceed with the analysis (see Appendix 

G for inspection of assumptions).  

I analyzed the second hypothesis (RO2, H2) with a one-way ANOVA. I used the mean, standard 

deviation, and sample size of the ESM compliance variable from cohort one and two using Grow It! original 

as reported in the paper by Dietvorst et al. (2022a) together with the raw data found for cohort three using 

Grow It! extended. To confirm the hypothesis that users of Grow It! extended will show more app activity 

than users of Grow It! original, an F-score with a p-value smaller than 5% (p ≤ .05) had to be found, and 

the Post Hoc tests were required to show significant (p ≤ .05) mean differences between cohort one and 

three as well as cohort two and three. I performed an additional effect size calculation for the ANOVA (not 

pre-registered). I used Cohen’s d to assess the size of the effect between Grow It! original and Grow It! 

extended users, for which I pooled cohort one and two into one group (representing Grow It! original users). 

The calculations of the ANOVA and the effect size can be found in Appendix F.  

I carried out an additional exploratory analysis that was not pre-registered to investigate whether 

there were any noteworthy correlations present in this rich data set of the third cohort. I did this by 

investigating Pearson correlations between seven continuous variables. The strength of the correlations was 

interpreted with Cohen’s guidelines where correlations of .10, .30 and .50 are considered small, medium, 

and large, respectively (Cohen, 1988). I corrected for multiple comparisons with the Bonferroni method. As 

21 correlations were compared, they were considered significant with a p-value smaller than 0.24% (p ≤ 

.002). The other research objectives are of descriptive nature and do not require an analysis plan. 



Results 

RO1: Differences in Well-being After Playing Grow It! Extended 

To test the first hypothesis (H1A, 1B: Adolescents will show an increase in their affective and cognitive 

well-being after playing Grow It! extended.), I conducted two paired samples t-tests comparing the baseline 

and follow-up scores of affective and cognitive well-being, respectively. Affective well-being was 

significantly higher at follow-up than at baseline (Mdiff = 0.29, SDdiff = 1.04), t(142) = 3.30, p < .001 (one-

tailed), d = .28. Cognitive well-being was also significantly higher at follow-up than at baseline (Mdiff = 0.44, 

SDdiff = 1.66), t(142) = 3.17, p < .001 (one-tailed), d = .27. Figure 3 illustrates the mean increases in well-

being.  

Figure 3 

Increases in Affective and Cognitive Well-being 

Note. Illustrated in the bar chart is the mean increase in affective well-being (pink), and the mean increase 

in cognitive well-being (orange).The confidence intervals do not cross zero, demonstrating the significance 

of the results. 



In addition, I conducted an exploratory analysis (RO1, SUB) to identify how many individuals saw a 

difference in their well-being. Regarding affective well-being of the adolescents, I found that for 40% of 

participants the effect size of improvement met or exceeded the a priori criterion for a practically significant 

effect (d ≥ .20). For 18% of participants the effect size of worsening met or exceeded the a priori criterion 

(d ≤ -.20). For 42% of participants no practically significant effect was found (-.20 < d < .20).  Regarding 

participants' cognitive well-being, 49% of participants saw an improvement (d ≥ .20) in cognitive well-

being, while 22% saw a worsening (d ≤ -.20) and 29% remained the same (-.20 < d < .20). Taken together, 

the results of the first research objective compare similarly to cohort one and two (Dietvorst et al., 2022a). 

I confirmed hypotheses 1A and 1B, meaning that on average the participants showed meaningful increases 

in affective and cognitive well-being after playing Grow It! extended. The person-centered effect sizes 

(Grice et al., 2020) also provided evidence for well-being improvements. These findings collectively 

demonstrate positive differences in well-being on both the group and individual level. 

RO2: Differences in App Activity Between Grow It! Original and Grow It! Extended Users 

To test the second hypothesis (H2: Users of Grow It! extended will show more app activity than 

users of Grow It! original.), I conducted a one-way analysis of variance and showed that there was a 

significant difference in ESM compliance between all three cohorts F(2,1335) = 53.13, p < .001. In cohort 

one (N = 462) participants filled in an average of 14.2% of all ESM questionnaires (SD = 20.3), cohort two 

(N = 733) filled in an average of 20.6% (SD = 25.8) and cohort three (N = 143) filled in more than one third 

of the ESM questionnaires (M = 37.6, SD = 23.7). The post hoc analysis using Tukey’s HSD revealed that 

between all cohorts there were significant mean differences, demonstrating that the amount of app activity 

(i.e., the completion of ESM questionnaires) meaningfully differed for each cohort. The size of the effect 

between Grow It! original users (cohort one and two) and Grow It! extended users (cohort three) was a large 

effect (d = .80). Due to significant post hoc comparisons between cohort three and one, as well as cohort 

three and two, I was able to confirm the second hypothesis. 

RO3: Evaluation of Grow It! Extended  

The third research objective (RO3) of this study was to explore how participants evaluated Grow It! 

extended. After inspection of user experience questions, I found that participants positively evaluated Grow 

It! extended as they gave it an average grade of 7.2 out of 10 (SD = 2.0). The average grade for the design 

of the app was 8.1 out of 10 (SD = 1.3). Out of all the participants 66.4% (95/143) would recommend the 

app to friends. These results are very similar to those in cohort one and two. 

In addition, I inspected the evaluation of the emotion overview in further detail. All participants (n 

= 94, 65.8%) who self-reported on the effects of using the emotion overview report having experienced 



positive effects, while no-one reported a lack thereof or negative effects. Additionally, participants evaluated 

the emotion overview as sufficiently clear given that 67.2% of them rated the overview as “pretty clear” and 

above (M = 3.3, SD = 1.2). Some of the participants were comfortable enough to share the emotion overview 

with others: 12.6% reported sharing it. Those who specified shared it either with friends and/or family. See 

Table 2 for specifics regarding the user evaluation.  

Table 2  

Results Regarding the Evaluation of the Emotion Overview 

User evaluation item Cohort 3 (N = 143) 

 N %a 

Clarity of the emotion overview   

 Not clear at all 7 4.9 

 A little bit clear 34 23.8 

 Pretty clear 31 21.7 

 Very clear 41 28.7 

 Totally clear 24 16.8 

Self-reported effect of the emotion overview   

 I got to know myself better 32 22.4 

 It made me feel better 13 9.1 

 It made me think about how I feel more often 49 34.3 

 No effect 0 0.0 

Shared the emotion overview with someone   

 Yes 18 12.6 

  With Family 8 5.6 

  With Friends 9 6.3 

 No 119 83.2 
a Does not add up to 100 because of missing values. 

Exploratory Pearson Correlations 

I carried out an exploratory analysis of Pearson correlations with the data of cohort three, as 

demonstrated in Table 3. Results show a large correlation between the grade of the app and the grade of the 

design, which indicates that positive app evaluations are correlated. A medium strength correlation was 

found between the mean differences of affective and cognitive well-being. This indicates that improvements 

in well-being are positively related to each other. Notably, improvements in affective nor cognitive well-

being did not correlate with ESM compliance or any other variables, suggesting that app activity may not 

be associated with well-being changes. Furthermore, results also indicate the presence of small strength 

correlations. The evaluative question regarding the clarity of the emotion overview positively correlated 

with ESM compliance. This indicates that the amount of activity in the app is related to how clear the 



adolescents found the emotion overview. Finally, a second small correlation was found between the clarity 

of the emotion overview and the grade Grow It! was given, which indicates that there is a positive 

association between the comprehension of the emotion overview and the rating of the app.  

Table 3 

Exploratory Pearson Correlations in Cohort Three 

Variable A B C D E F G 

A. Age 1       

B. ESM compliance .12 1      

C. Grade design -.17† .24† 1     

D. Grade Grow It! -.13 .22† .54* 1    

E. Clarity EO -.17† .29* .16 .28* 1   

F. Mdiff Affective WB .06 -.011 -.05 -.11 -.05 1  

G. Mdiff Cognitive WB -.02 .04 -.13 -.01 -.07 .47* 1 
† Correlation is significant at the .05 level (uncorrected alpha) 

* Correlation is significant at the .002 level (2-tailed; corrected alpha) 

EO = emotion overview, Mdiff = Mean difference, WB = well-being 

Discussion 

Studying the effects of m-health apps like Grow It! is crucial for understanding how to provide 

accessible and easy to use (mental) healthcare to people at high risk for developing psychopathology, such 

as adolescents during the COVID-19 pandemic. To understand the underlying mechanisms of what makes 

m-health effective, it is necessary to investigate individual elements such as real-time personalized 

feedback. In the current study I aimed to replicate improvements in adolescents affective and cognitive well-

being after using Grow It!, as initially found by Dietvorst et al. (2022a). I successfully replicated these 

results on both a group and individual level, using the extended version of Grow It! which included the 

emotion overview feedback element. Secondly, I investigated whether users who play Grow It! extended 

would complete more ESM questionnaires than users who played Grow It! original. This study found that 

adolescents engaged significantly more with ESM questionnaires in Grow It! extended. Thirdly, I aimed to 

describe how adolescents evaluated the added emotion overview feature. Similar to evaluations in Dietvorst 

et al. (2022b) users still evaluated the app positively. Adolescents welcomed the addition of the emotion 

overview as they self-reported positive effects from using it and desired to share it with friends and family. 



Improvements in Well-being 

Regarding the first hypothesis individual level improvements were the following: in cohort three 

40% of participants saw a positive increase in their affective well-being, similar to cohort one (45%) and 

two (42%; Dietvorst et al. 2020a). Regarding cognitive well-being, 49% of participants increased in cohort 

three, 53% in cohort one and 45% in cohort two. In addition to individual level findings, small to medium 

effect sizes found on a group level complement the substantial improvements in well-being. Cohort one 

increased the most in affective well-being (+0.42, d = .32), followed by cohort three (+0.29, d = .28) and 

cohort two (+ 0.32, d = .23). Regarding cognitive well-being cohort one (+0.57, d = .27) and cohort three 

(+0.44, d = .27) demonstrated equal sized improvements, while cohort two (+0.43, d = .20) improved to a 

lesser extent. Possible explanations may relate to cohort characteristics. Cohort one played the app for 

double the amount of time, increasing intervention exposure. In addition, cohort three has higher 

engagement levels than other cohorts. Both cohort one and three improve more than cohort two, potentially 

indicating a positive dose-response relationship between exposure to Grow It! and well-being 

improvements. Including confidence intervals for effect size interpretation would be beneficial for adding 

robustness. 

Notably, my exploratory correlation analysis, consistent with findings in Dietvorst et al. (2020a), 

did not find a significant correlation between well-being improvements and ESM compliance, suggesting 

that the observed increases in well-being may also be regression to the mean. If Grow It! had a causal effect 

on well-being one would expect that participants who are more compliant with filling in ESM questionnaires 

(i.e., treated more) should experience more therapeutic benefits than participants who do not (i.e., treated 

less). Potential reasons for the absence of this correlation may be that ESM compliance by itself may not 

accurately reflect the combined therapeutic effect of all the validated elements Grow It! consists of, such as 

CBT-based coping challenges, chat functions and other game related activities. I considered it more 

appropriate to exclusively use ESM compliance as a measure of app activity due to its sensitivity in 

capturing the effects of including the emotion overview, as it is formed directly from completed ESM 

questionnaires. A limitation of this study pertains to the absence of a control group, raising the question 

whether improvements in well-being are attributable to Grow It! or other factors. However, even after 

conducting a sensitivity analysis to investigate possible confounders such as education level, age, gender, 

and COVID-19 stringency, Dietvorst et al. (2022a) still found increases in well-being. Therefore, it is 

unlikely these factors played a significant role in the current study. Nevertheless, to be able to make any 

true claims on the causal relationship of the effect of Grow It! on well-being and whether the emotion 

overview has added any significant value to its effectiveness it is strongly suggested to conduct a 

randomized control trial (RCT). Bakker et al. (2016) also mention the need for RCT studies. An RCT was 



not feasible for the current study due to practical and ethical reasons aimed at ensuring equal access to Grow 

It! for all young adults during the COVID-19 pandemic. Researchers are addressing this limitation in future 

studies, as they currently are conducting a RCT study for Grow It! with multiple follow-ups. 

Increases in App Activity 

Findings regarding the second hypothesis show that Grow It! extended users fill in a meaningfully 

higher amount of ESM questionnaires than for Grow It! original users. This indicates that the addition of 

the emotion overview appears to have a positive effect on interaction with the app, supporting gamification 

and theories that state that feedback increases engagement (Cugelman, 2013; Robson et al., 2015). However, 

I identified several challenges that complicate the interpretation of these findings. Firstly, the homogeneity 

of variances assumption was not met due to inaccessible data of cohort one and two. The validity of the 

results is at risk, increasing the likelihood that any conclusions drawn may be false. Secondly, the three 

cohorts analyzed may not be entirely comparable. Cohort one played the app twice as long (six weeks) as 

cohort two and three (three weeks). A natural decline in compliance could perhaps explain why this study 

found a significant difference between cohort one and two. This same reasoning could hypothetically 

explain the significant difference between cohort three and one, however it does not account for the 

significant effect between cohort three and two as they played the app for equal amounts of time. It is 

therefore possible that the included emotion overview may account for significant difference in app activity. 

These considerations demonstrate the need for further investigation, as multiple factors may be at play.  

App Evaluations 

The user evaluations show that Grow It! adolescents rated the app very similarly to Dietvorst et al., 

(2022b), with cohort two and three rating it a 7.2, while cohort one rated the app a 7.1 out of 10. Cohort 

three demonstrates the highest evaluation in design (8.1), followed by cohort two (8) and cohort one (7.7) 

and are likely not significantly different. The app is still being recommended by 66.4% teens, which is lower 

than in cohort one (72.6%) and two (75.6%). This might indicate that the addition of the emotion overview 

does not have effects on the general evaluation of the app. A different explanation may be that Grow It! was 

more appealing in the beginning of the pandemic, due to novelty and stricter lockdown measures. The design 

grade is higher; however, it is not clear to what extent this is the result of the visual appeal of the emotion 

overview. Nevertheless, the evaluation of the emotion overview is positive: individuals reported gaining 

more insight and knowledge on their emotions and desire to share the overview with friends and family, 

suggesting that the emotion overview may have been a valuable addition for the usability of Grow It!. 

Regarding the clarity of the emotion overview, most adolescents found it sufficiently clear, however there 

is a minority which reported otherwise. Exploratory correlations found that the clarity of the emotion 



overview impacts how positively teens rated Grow It!. In addition, it correlated with ESM compliance, 

indicating that clarity may play a substantial role in the level of engagement. Between the design grade and 

overall app grade there is also a positive association, indicating that a good design plays an important role 

for a high app rating. Therefore, adjusting the design to improve the clarity of the emotion overview is 

highly recommended and careful attention should be paid to ensure that children comprehend its purpose 

and functioning. These correlations further support that the emotion overview has an impact on app activity 

and evaluation.  

Further Limitations and Future Directions 

In this study I removed 56 participants (41.8% of initial dataset) from the analyses who failed to fill 

in most of the follow-up and/or did not have any values for ESM compliance. Dietvorst et al. (2022b) 

excluded participants who did not show app activity (i.e., completed zero or one activity of challenges or 

ESM) from their user-evaluation analysis. In cohort one, 302 participants (44.1%) did not fill in the follow-

up, while in cohort two this was 391 participants (37.8%). Attrition rates look similar when across cohorts, 

though statistical confirmation may be necessary. Taking increased engagement levels in cohort three (H2) 

into account, findings imply that those who were initially engaged became even more involved, likely 

because of the newly included feedback. Even though dropout rates were similar to other web-based studies 

(Dietvorst et al., 2020b), attrition bias is a considerable limitation. Arguably, the exclusion of participants 

may have led to a non-random sample which compromised the validity of the results, causing 

misrepresentation of app experiences and participant characteristics. Nevertheless, the justification for 

removing these participants is that their lack of engagement undermines the true representation of the effects 

of Grow It! extended. A lack of follow-up is insufficient to draw valuable conclusions from regarding app 

functionality.  

The future directions for Grow It! include additional research with enhanced research designs to 

improve reliability and validity. Future research should include various adolescent populations with varying 

treatment motivations to assess the applicability of Grow It!. Furthermore, it would be valuable to 

investigate whether improvements in well-being last over the long-term. Based on this current study I 

suggest creating a more accurate measure of app activity to help better evaluate app effectiveness. It is also 

worth considering that targeting ESM compliance may not be the best strategy for improving Grow It! as 

my findings demonstrate that although including the emotion overview increased app activity, this does not 

necessarily guarantee a better therapeutic outcome. Instead, future research might benefit from targeting 

lower attrition rates and finetuning the app. Examples include better tailoring to adolescents (e.g., age-

appropriate design and rewards), modifying dosage (e.g., less frequent ESM questionnaires) and enhancing 

immersion (e.g., by incorporating a storyline). Bakker et al. (2016) furthermore suggests providing 



adolescents with mental health information and links to crisis support services. Interviews with doctors 

could be another useful step in improving Grow It!. as they understand the needs and capabilities of their 

patients. Their expertise can inform effective m-health and how it should be implemented in clinical 

practice. Additionally, artificial intelligence (AI) techniques such as machine learning could be a brilliant 

addition to Grow It! for early detection and prevention of psychopathology, by signaling clinicians and 

tailoring the intervention more accurately to its user (Lovejoy, 2019), supporting a broader scope of 

adolescents beyond those already affected by mental illness. 

Conclusion 

Taken together, including the emotion overview feature emerges as a useful addition to Grow It! as 

app engagement levels surpass previous records and user evaluations signify a notable level of enthusiasm 

among adolescents towards the app. Grow It! encompasses a multitude of essential components that 

contribute to the formulation of an effective m-health app. It proves to be user-friendly, and its strength lies 

in bringing simple yet evidence-based CBT techniques in an entertaining way. It has the potential to 

normalize taking care of one’s mental health and lowers the hurdle to seek help. Although improvements in 

well-being were replicated, based on these findings alone it remains uncertain whether real-time 

personalized feedback is an element that underpins the effectiveness of the app. As a result, further research 

with a RCT research design is highly recommended to finetune and prove the effectiveness of Grow It! and 

further explore what role feedback plays. With an ongoing RCT study currently underway, it will further 

contribute to and bring Grow It! to its full potential in supporting at-risk adolescents with their mental health 

and create a happier and healthier generation in the long run.  
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Appendix A 

Pre-registration

 

















  



Appendix B  

Distribution of Age and Gender of Cohort Three  

Note. The histogram shows that the cohort (N = 143) is on the younger side. Most older participants of this 

cohort are female. 

 

 

 

 

 

 

  



Appendix C 

Screen Captures of the Grow It! App 

 

Note. The left illustration shows the tree that users aim to grow. The little pictures in the tree are visual 

rewards. In the top left adolescents can see their own score, and the in the bottom right they can see their 

team score. The middle illustration shows the option menu for the daily challenges. Users can choose one 

out of three challenges: bake a cake, “who are you” and a dog quiz. Below is a “photo check” challenge to 

earn extra points. The right illustration shows the chat function. Teammates can communicate with stickers. 

Names are anonymized.  



Appendix D 

The Study Timeline

Note. Retrieved from the online codebook (Grow It! Corona Project, 2021).  



Appendix E 

Syntax 

Hypothesis 1: The Paired Samples T-tests 

Assumptions: Normality and Outliers 

COMPUTE DifferenceAFF=WE01_2 - WE01_1. 

EXECUTE. 

COMPUTE DifferenceCOG=WE02_2 - WE02_1. 

EXECUTE. 

EXAMINE VARIABLES=DifferenceAFF 

/PLOT BOXPLOT HISTOGRAM NPPLOT 

/COMPARE GROUPS 

/STATISTICS DESCRIPTIVES EXTREME 

/CINTERVAL 95 

/MISSING LISTWISE 

/NOTOTAL. 

EXAMINE VARIABLES=DifferenceCOG 

/PLOT BOXPLOT HISTOGRAM NPPLOT  

/COMPARE GROUPS 

/STATISTICS DESCRIPTIVES EXTREME 

/CINTERVAL 95 

/MISSING LISTWISE 

/NOTOTAL. 

Paired Samples T-tests 

T-TEST PAIRS=WE01_2 WITH WE01_1 (PAIRED) 

/ES DISPLAY(TRUE) STANDARDIZER(SD) 

/CRITERIA=CI(.97500) 

/MISSING=ANALYSIS. 

T-TEST PAIRS=WE02_2 WITH WE02_1 (PAIRED) 

/ES DISPLAY(TRUE) STANDARDIZER(SD) 



/CRITERIA=CI(.97500) 

/MISSING=ANALYSIS. 

GRAPH 

 /BAR(SIMPLE)=MEAN(DIFFAFF) MEAN(DIFFCOG)  

/MISSING=LISTWISE 

/INTERVAL CI(97.5) 

/TITLE='Changes in Affective and Cognitive Well-being'. 

Individual Effect Sizes  

COMPUTE SDCOG=SD(WE02_1,WE02_2). 

EXECUTE. 

COMPUTE SDAFF=SD(WE01_1,WE01_2). 

EXECUTE. 

FREQUENCIES VARIABLES=SDAFF SDCOG DifferenceAFF DifferenceCOG 

/ORDER=ANALYSIS.  

Hypothesis 2: The One-way ANOVA 

Assumption: Normality 

EXAMINE VARIABLES=ESMp 

/PLOT BOXPLOT HISTOGRAM NPPLOT 

/COMPARE GROUPS 

/STATISTICS DESCRIPTIVES EXTREME 

/CINTERVAL 95 

/MISSING LISTWISE 

/NOTOTAL. 

Demographic Information and User Evaluation 

Descriptives 

DESCRIPTIVES VARIABLES=LEEFTIJD WE01_1 WE01_2 WE02_1 WE02_2 ESMp 

esmresponses CIJFER_DESIGN CIJFER_GROWIT Hoeduidelijkvondjehetemotieoverzicht 

/STATISTICS=MEAN STDDEV MIN MAX. 



Frequencies 

FREQUENCIES VARIABLES=GESLACHT ETH LEEFTIJD Welkonderwijsvolgjenu 

Indienmiddelbareschoolwelkleerjaar Indienmiddelbareschoolwelkniveau Indienvervolgstudiewelkniveau 

Ikleerdemezelfbeterkennen Ikvoeldemeerbeterdoor Ikdachtvakernaoverhoeikmevoel geeneffect anders 

Hebjehetemotieoverzichtgedeeldmetanderen Watvooreffecthadhetemotieoverzichtopjemeerdereantwoo  

Hoeduidelijkvondjehetemotieoverzicht AANBEVELEN Metwiehebjehetemotieoverzichtgedeeld 

/ORDER=ANALYSIS. 

Graph Age & Gender  

GGRAPH 

/GRAPHDATASET NAME="graphdataset" VARIABLES=LEEFTIJD GESLACHT 

MISSING=LISTWISE REPORTMISSING=NO 

/GRAPHSPEC SOURCE=INLINE. 

BEGIN GPL 

SOURCE: s=userSource(id("graphdataset")) 

DATA: LEEFTIJD=col(source(s), name("LEEFTIJD")) 

DATA: GESLACHT=col(source(s), name("GESLACHT"), unit.category()) 

GUIDE: axis(dim(1), label("Age")) 

GUIDE: axis(dim(2), label("Frequency")) 

GUIDE: legend(aesthetic(aesthetic.color.interior), label("Gender")) 

GUIDE: text.title(label("Stacked Bar of Age by Gender")) 

SCALE: cat(aesthetic(aesthetic.color.interior), include("1", "2", "3")) 

ELEMENT: interval.stack(position(summary.count(bin.rect(LEEFTIJD))), color.interior(GESLACHT), 

shape.interior(shape.square)) 

END GPL.  

Exploratory Correlations 

CORRELATIONS 

/VARIABLES = GESLACHT LEEFTIJD ESMp CIJFER_DESIGN CIJFER_GROWIT 

Hoeduidelijkvondjehetemotieoverzicht DifferenceCOG DifferenceAFF 

/PRINT = TWOTAIL. 

/MISSING = LISTWISE.  



Appendix F 

Calculations ANOVA and Effect Size 

ANOVA Calculation 

I calculated the ANOVA online (https://statpages.info/anova1sm.html), which produced the 

following output.  

 

Effect Size Calculation of Grow It! Original Versus Grow It! Extended 

To calculate an effect size that was relevant to the second hypothesis, I pooled cohort one and two 

were into one group: the group who used Grow It! original. I compared this group to cohort three, the 

group using Grow It! extended. 

Pooling Cohort One and Two into One Group 

Calculation Pooled Means. Pooled means of cohort one and two = 

(Mean1∗SampleSize1+Mean2∗SampleSize2)/(SampleSize1+SampleSize2)  

https://statpages.info/anova1sm.html


= 14.20 * 462 + 20.56 * 733 / 462 + 733  

= 6560.4 + 15070.48 / 1195  

= 18.1  

Mpooled(1+2) = 18.1 

Calculation Pooled Standard Deviations. Pooled standard deviations cohort one and two = 

 

= √ ((20.272 + 25.792 )/ 2)  

= √ (537.99)  

= 23.19  

SDpooled(1+2) = 23.19 

Calculation of Cohen’s d: Cohort One and Two Versus Cohort Three 

The calculation required the following formula: Cohen’s d = (M2 – M1) / SDpooled. 

Calculation Pooled Standard Deviations. SDpooled (1&2 + 3) =  

= √ ((23.192 + 23.692 )/2)  

= √ (549.496)  

= 23.44  

SDpooled (1&2 + 3) = 23.44 

Calculating Cohen’s d. Cohen’s d = (M3 – Mpooled (1&2)) / SDpooled (1&2 + 3)  

= (37.63 – 18.1) / 23.44  

= 0.83  

Cohen’s d = 0.80, demonstrating a large effect.  



Appendix G 

Assumptions 

Assumptions Hypothesis 1 

Independence 

Each of the paired measurements were obtained from the same subject and subjects were unrelated 

amongst each other. Therefore, both cognitive and affective well-being met the assumption of independence. 

Normality 

The histograms (see Figure G1 below) look normally distributed as they exhibit a bell-shaped curve. 

QQ-plots show datapoints that are all relatively close to the line, indicating normality. Cognitive well-being 

differences indicate a small positive skew in datapoints. Absolute Skewness did not exceed .80 and absolute 

value of kurtosis did not exceed 2 either for affective (skewness = .07, kurtosis = .14) nor cognitive 

(skewness = .26, kurtosis = .62) well-being, indicating normality. The small positive skew in cognitive well-

being differences was therefore considered negligible and likely not a problem considering the sample size. 

Furthermore, formal analyses demonstrated an absence of normality. Both the Shapiro-Wilk as well as the 

Kolmogorov-Smirnov tests of normality rejected the null hypothesis of normality (p < .001) for both 

affective and cognitive well-being. I did not take formal tests into account as they tend to be sensitive to 

slight deviations in normality and because paired samples t-tests are robust against this. Taken together, the 

results confirmed the assumption of normality. 

  



Figure G1 

Normality in Affective and Cognitive Well-being Differences 

 

Note. The illustration above shows the histograms and QQ-plots that I inspected for normality. Inspections 

for affective well-being scores, labelled as ‘DifferenceAFF’, are represented in the upper left and right. For 

cognitive well-being scores, labelled as ‘DifferenceCOG”, I inspected the lower left and right graphs. All 

graphs illustrate relatively normal distributions. 

Extreme Outliers 

There were no extreme outliers for affective well-being differences. There were two extreme outliers 

for cognitive well-being differences, violating the assumptions of no extreme outliers (see Figure G2). After 

inspecting the cases I determined there were no data-entry errors. Conducting the analysis with the extreme 

outliers would likely not impact the t-test results. This idea is supported by Van Selst and Jolicoeur (1994), 



as they demonstrate that in larger sample sizes outliers have relatively smaller impact on dispersion and 

central tendency. Therefore, I did not remove the outliers. 

Figure G2 

Extreme Outliers in Cognitive Well-being Differences 

 

Note. Illustrated above is a boxplot of cognitive well-being difference scores. Multiple outliers are present, 

with two outliers extremely deviating from the normal distribution. 

Assumptions Hypothesis 2 

Independence 

A small chance existed that subjects were not entirely independent from each other as they may have 

originated from the same school, classroom, or family. Nevertheless, nothing specifically indicated that they 

were not independent in each cohort. Therefore, the assumption of independence was met. 

Normality 

Regarding ESM compliance percentages, the histograms look slightly positively skewed, indicating 

non-normality. QQ- plot shows datapoints are all relatively close to the line indicating normality (see Figure 

G3). The absolute Skewness did not exceed .80 and the absolute value of kurtosis did not exceed 2 either 

(skewness = .52, kurtosis = .60). Therefore, the assumption of normality was met. The Shapiro-Wilk (p = 



.004) as well as the Kolmogorov-Smirnov (p < .001) tests of normality rejected the null hypothesis of 

normality. Nevertheless, formal tests were not considered due to sensitivity in detecting deviations in 

normality as well as the ANOVA being robust against this.  

Figure G3 

Normality in ESM Compliance 

 

Note. The illustration above shows the histogram and QQ-plot that I inspected for normality in the 

variable ESM compliance. The distribution shows a small positive skew. 

Homogeneity of Variances 

This assumption was untestable as I received no access to the data of cohort one and two. Only the 

summary data (mean, standard deviation, and sample size) was available, which was not sufficient to 

manually calculate the Levene’s test. The assumption of homogeneity of variances was not met. 
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