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Abstract 

Background. Due to different reasons, people with mental problems encounter difficulties in 

seeking sufficient help. The healthcare system cannot serve the demand for mental health 

treatment. Compared to traditional treatment, technologies like Digital Health Interventions 

(DHIs) have advantages that may help to regulate these difficulties. Research has shown that 

DHIs are effective in treating health problems. However, a low level of engagement was found 

to be the main barrier to reaching the desired effects. This study aimed to investigate the 

influence of personalization of DHIs on the engagement outcome scores as well as the 

depression outcome scores. A mediation model was used to determine the mediating role of 

engagement in the relationship between personalization and depression outcome scores.  

Methods. The final sample size consisted of 176 participants who participated in a 14-day 

mobile (digital) health intervention (TIIM App) with daily tasks based on evidence-based 

treatment approaches such as positive psychology. Participants were randomly assigned to the 

experimental or control group. A personalization approach was used to determine the best 

matching version of the intervention for the participants within the experimental group. 

Personalization was conducted through three interventions and technological factors (ITFS) 

namely content, feedback, and design. Independent sample t-tests and repeated measure 

ANOVA were used to determine the main effects of personalization on both engagement and 

depression. A mediation analysis was performed to test whether engagement mediated the 

relation between personalization and depression. 

Results. A main effect for time on change in depression scores was found (Wilks lambda = 

.908 F(1,173) =17.56, p < .001). No significant differences between the conditions 

experimental group (with personalization) and the control group (no personalization) were 

found in the outcome measures of depression and engagement. In addition, no mediating effect 

of engagement has been found for the relationship between personalization and engagement. 

Within the mediation analysis, a negatively significant effect was found for the relationship 

between engagement and depression (B = -.23, SE= .04, p= <.01). 

Conclusion. The non-significant results found in this study were quite surprising and not 

expected. The negative relation between engagement and depression scores could be interpreted 

in two different ways. However, these results were expected and confirmed the hypothesis. 

Future research is recommended to improve the overall design and quality of the intervention 

as well as the personalization procedure. Moreover, besides personalization, other factors 

should be considered regarding their influence on engagement and personalization. 
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1. Background 

Based on epidemiological studies it can be stated that depression is one of the most common 

mental disorders all over the world (Kessler & Bromet, 2013). According to Wittchen and 

Jacobi (2005), since 1990 depression has been the most burdensome disease in Europe ahead 

of other diseases like coronary heart disease or diabetes mellitus. In Germany, around 28% 

(17,8 million people) of the population suffer from mental disorders yearly (Jacobi et al., 2014). 

It must be mentioned that these numbers have increased due to the COVID-19 pandemic. A 

Dutch study published in 2021 found that 30% of the participants reported a higher feeling of 

loneliness, stress, and sadness during the corona pandemic than before (National Institute for 

Public Health and the Environment, 2020). In spring 2021, the number of young German 

patients was ⅓ higher compared to the pre-pandemic period (Mangiapane et al., 2020). Based 

on research by the European Commission (2018), the total costs related to mental disorders in 

Germany including indirect and direct costs are 147 billion euros each year.  

However, many people that have to deal with mental problems like depression do not 

receive adequate treatment. Only 18,9% of the affected individuals in Germany get in contact 

with health care professionals in order to treat their psychological problems (Mack et al., 2014). 

Moreover, the time span between the initial contact and the start of the therapy consists on 

average of 5 months (Bundespsychotherapeutenkammer, 2018). Aside from the high treatment 

costs that an individual might have to face in the conventional way of treatment, other different 

disadvantages and barriers might hinder people with mental disorders, like depression, to 

receive treatment. Certain social and cultural groups have problems accessing treatment by 

professionals due to financial or geographical reasons (Glied et al., 2003; Mennis et al., 2012; 

O’connor et al., 2016; Radez et al., 2021). Even nowadays people with mental disorders often 

experience stigmatization based on their disorder (Malla et al., 2015; Tyerman et al., 2021). It 

was found that this can especially create a barrier t treatment for people with low self-

confidence. They hesitate to receive professional treatment based on the fear of not being 

accepted by the psychologist and society (Andrade et al., 2014). However, it has to be 

mentioned that people with a healthy level of self-confidence might experience these fears as 

well. Another problem might be that people are often not aware of the importance of treatment 

and have the perception that it is sufficient to treat themselves (Saxena et al., 2007). To 

summarize, it can be stated that the capacities provided by the health care system are not 

sufficient to offer adequate treatment for all people in need.  
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 With the growing digitalization, the professionalization of eHealth put forth an 

alternative treatment to the traditional methods (Du et al., 2020). eHealth, also called digital 

health, is used as an approach to treat different physiological and psychological disorders. This 

paper will focus on technologies that help to treat mental disorders like depression. This 

approach is called eMental Health (eMH). Lal (2019) defines eMental Health as the “use of the 

Internet and related technologies to deliver or enhance mental health information and services”. 

Hereby, different methods are used to deliver or enhance mental health information and 

services. One of these methods is digital health interventions (DHI). Blandford et al. (2018) 

describe digital health interventions “as interventions designed to improve health that are 

delivered on a digital platform”. Digital platforms can be for example mobile devices, 

technological sensors, or virtual reality.  

 Digital health interventions contain many benefits compared to traditional ways of 

treatment. Therefore, mental health care services provided through technological methods have 

become even more interesting for the healthcare system. First, compared to traditional 

treatment, DHIs can be associated with lower service costs (Andrews et al., 2010). For instance, 

DHIs can reach large populational groups through one digital platform like an app (Hedman et 

al., 2012). DHIs, give the chance to support and treat people with mental health problems at 

different stages of the disease. For example, they can help to treat the first symptoms of 

depression at an early stage of the disorder. . Early identification can prevent a severe course of 

depression and high treatment costs (Hollis et al., 2015). Consequently, DHIs can also be used 

for the general management of mental disorders as well as the evaluation of treatment processes 

(Fortuna et al., 2015). In addition, it can be argued that DHIs offer easier accessibility for people 

who suffer from mental problems for the first time. DHIs are often not dependent on healthcare 

professionals or timeslots. They overcome the barrier of doubts and fear of contacting a health 

care professional as well as long waiting periods (Andersson, & Cuijpers, 2008; Taylor-

Rodgers, & Batterham, 2014). Compared to face-to-face treatment DHIs are flexible in 

treatment options such as time, place, or language (Handley et al., 2014; Meadows et al., 2015). 

As a result, the content of DHIs can be adapted to the needs and circumstances of the people 

that use these interventions. Lastly, Klein et al. (2016) and Meyer et al. (2014) found that DHIs 

can promote the self-guided treatment of depressive symptoms. Individuals can track their state 

of disease and make decisions based on the information provided by the DHIs.  

 As mentioned above, DHIs have many advantages compared to the traditional way of 

treatment. Research shows that DHIs can effectively reduce symptoms of depression. For 

example, different studies found that computerized cognitive behavioural therapy (cCBT) 
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minimizes symptoms of depression significantly (Pennant et al., 2015; Richardson et al., 2010). 

Topooco et al. (2018) used a chat and internet-based cognitive behavioural therapy in which 

they treated depressive symptoms of adolescents. Participants with mild and moderate 

depression were asked to do eight different skill-based modules which included reading 

material, educational videos, or interactive tasks. The results showed that after eight weeks the 

depressive symptoms decreased by 50% within 42% of the experimental group. A meta-

analysis from Firth et al. (2017) indicated that smartphone-based mental health interventions 

promote the self-management skills of people suffering from depressive symptoms. 

Consequently, it can be argued that DHIs have the same effectiveness in reducing depressive 

symptoms as face-to-face treatment (Erbe et al., 2017).  

As mentioned in the previous paragraphs DHIs consists of many benefits and chances 

to improve the well-being of individuals that suffer from depressive symptoms. However, they 

also have some limitations and points to consider. Numerous barriers prevent people from 

participating in DHIs such as being too busy, feeling incapable of using the technology or 

disliking its impersonal nature (Gorst et al., 2014; Sanders et al., 2012). A lot of people that 

intend to use DHIs stop using them shortly after downloading them. This has the consequence 

that positive effects cannot be reached or do not last for a long period of time (Molloy & 

Anderson, 2021). An investigation from 2016 found that within the broad sector of mobile apps 

around 70% of the app users stop using an app within the first week after downloading (Sigg et 

al., 2016). According to Kelders et al. (2020a), low user engagement is an important factor in 

why DHIs do not reach their full potential. The concept of engagement in DHIs is barely 

defined. Perski et al. (2017) defined engagement in the context of DHIs “as the extent of usage 

like amount, frequency or duration and the subjective experience characterized by attention, 

interest, and affect”. Most of the studies define engagement as a behavioural construct that 

focuses on the frequency of use and the routine of using DHI in daily life (Kelders et al., 2020b). 

Nevertheless, Kelders et al. (2020b) expanded the definition of engagement in DHIs as a 

concept that includes behavioural as well as cognitive and affective components. Studies have 

shown that engagement has an impact on the effectiveness of DHIs (Yardley et al., 2016). To 

date, the concept of engagement in DHIs is barely investigated. Recent studies recommended 

determining the factors that influence engagement in DHIs that aim to improve the well-being 

of people with depressive symptoms (Aref-Adib et al., 2019; Kelders et al., 2020a; Perski et al., 

2017).  

Nowadays researchers set a specific focus on the personalization of DHIs to increase 

user engagement and its effectiveness. Sebri & Savioni (2020), defined the personalization of 
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medicine and healthcare “as the medical approach that uses the specific biological 

characteristics, environment, needs, and lifestyle of an individual to create ad hoc therapy, 

including drugs, dosages, and other possible remedies”. Using this definition in the context of 

DHIs it can be argued that the design and content of an intervention should be tailored toward 

the personal needs of an individual to reach the most effective treatment for this person. For 

instance, studies from the field of nutrition and weight-loss management found that the 

personalization of weight-loss management interventions was linked to higher levels of 

engagement which in consequence led to better results in weight loss of the participants 

(Dennison et al., 2014; Tang et al., 2015). Personalization was implemented in form of 

individualized feedback and encouragement. Within the experimental group, the content of the 

intervention was tailored towards the personal preferences of the participants which resulted in 

higher satisfaction with the design of the intervention and had a positive effect on the level of 

engagement. On the one hand, research in the field of weight-loss management stated that the 

personalization of DHIs is an important factor to increase engagement, which in turn increases 

the effectiveness of DHIs. On the other hand, these studies formulate the need for further 

investigations to find ways how the factor of personalization in DHIs can be effectively 

implemented (Saperstein et al., 2007; Watson et al., 2015). Within the field of eMental Health 

little research exists on if and how personalization influences engagement in DHIs (Kelders, 

2019). However, personalization of DHIs is needed to overcome the barriers of generalized 

DHIs which might be related to the high dropout rates. Different studies stated that personalized 

contents and designs of DHIs may lead to positive associations with the DHI and increase 

engagement. Consequently, people feel more motivated to use the intervention regularly 

(Kelders, 2019; Perski et al., 2016). To summarize, it can be stated that the personalization of 

DHIs seems to be an effective and efficient approach to promoting the engagement in DHIs of 

users who aim to treat their symptoms of depression.  

The concept of personalization to promote engagement in DHIs can be implemented in 

many ways. Kelders (2019) used three different elements to ensure personalization in DHIs. 

These elements were also used in this study. First, the intervention can be more personalized if 

the content is in line with the personal beliefs and values of the user (Hayland & Whalley, 2008; 

Whalley & Hyland 2009). Furthermore, the opportunity to choose from different types of 

feedback channels makes it possible to create a personal version of the intervention and get 

potentially more engaged with it (Groeneveld 2020; Talbot, 2012). Lastly, some individuals 

enjoy it when certain applications consist of gamification elements. The element of 

gamification can increase the engagement of users in DHIs (Hamari et al., 2014). According to 
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Kelders (2019), it is important to do further research about different options that personalize 

DHIs and enhance the engagement of users which may lead to higher effectiveness of DHIs. 

This study aimed to investigate the influence of personalization of DHIs on the engagement 

outcome scores as well as the depression outcome scores.  The following research questions 

were formulated: 

 

RQ 1: Does the personalization of a 2-week Digital Health Intervention for depression 

and wellbeing directly influence the effectiveness of digital health interventions? 

-  Do people in the experimental group with a personalized 2-week Digital 

Health Intervention show a lower level of depression than people out of the 

control group after 21 days of intervention? 

 

RQ 2: Does the personalization of a 2-week Digital Health Intervention for depression 

and wellbeing directly influence the participants' level of engagement? 

- Do people in the experimental group with a personalized 2-week Digital 

Health Intervention show a higher level of engagement than people out of the 

control group after 21 days of intervention? 

 

Based on previous research findings it can be suggested to investigate if engagement 

mediates the relationship between the factor of personalization and the effectiveness of DHIs. 

Therefore, the following research question will be investigated: 

 

RQ 3: Does engagement mediate the relationship between personalization and the 

overall effectiveness of a 2-week Digital Health Intervention for depression and 

wellbeing? 

- Does the personalization of a 2-week Digital Health Intervention increase the 

participants' level of engagement which in turn increases the effectiveness of 

the overall intervention in reducing the symptoms of depression? 
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2. Method 

2.1 Design 

This research is part of a larger study currently executed by Kelders at the University of Twente 

(UT). The main purpose of the larger research project was to develop a valid personalization 

approach for eMental Health. In this study, an experimental randomized controlled trial was 

used to determine if a personalization approach within the experimental group leads to a higher 

engagement with the DHI and in turn to a higher reduction in depressive symptoms compared 

to the control group which did not receive the personalization approach. The overarching study 

used three different intervention and technological factors (ITFs) namely content, feedback, 

and the design of the intervention. These ITFs were adopted and used in the current study. The 

participants were asked to work with the intervention for 21 days. Investigations found that 

smartphone-based interventions showed significant results in the reduction of depressive 

symptoms after 14 days (Fitzpatrick et al., 2017; Lukas et al., 2021). Moreover, they had to fill 

out different questionnaires at three different time periods. At baseline (T0), post (T1), and 

follow-up (T2) (Appendix A). Quantitative data analysis was deployed to get insights in the 

collected data. This study was approved by the Ethics Committee of the faculty of Behavioural, 

Management and Social Science (BMS) at the University of Twente (approval code: 220083). 

2.2 Participants  

The sample of the study were recruited through the SONA system. Students from the University 

of Twente had the possibility to enroll in the study through the SONA system platform of the 

University. They were rewarded with so-called ‘’SONA credits’’ which are obligatory for a 

successful graduation process at the University of Twente. Participants were able to participate 

when they were interested in the study, had access to a smartphone, spoke English, and were 

older than 18 years old. A power analysis (G*Power) (1-β=0.80; alpha=0.05; expected Cohen’s 

d=0.40) was used to calculate the needed sample size. The expected dropout rate was set at 35% 

which resulted in calculated recruitment of n=306. The power analysis was taken from the grant 

application form (research proposal by Kelders, 2017). Participants were excluded from the 

sample when they had a low score of depressive symptoms indicated by the results of the 

Patients Health Questionnaire-9 (PHQ-9) or because they had low anxiety complaints indicated 

by the results of the Generalized Anxiety Disorder Questionnaire-7 (GAD-7). The cutoff point 

was all total scores below five. In addition, participants had to be excluded because of the 

following reasons: they did not fill out the baseline survey, they did not register for the TIIM 



8 

 

App, or they did not fill out the post-survey. Participants that stopped participating in the TIIM 

App intervention were also considered in the results. These participants were not excluded from 

the analysis because it can be hypothesized that either the personalization of the DHI or the 

randomly assigned version of the DHI was not engaging enough to continue with the 

intervention.  

2.3 Materials 

2.3.1 The Incredible Intervention Machine (TIIM App) 

The intervention of the study was executed through the TIIM app. The TIIM app was provided 

by the University of Twente. It is a tool that gives students and employees from the UT the 

opportunity to design and monitor different kinds of digital interventions. The TIIM app was 

used to create the intervention used in the current study. The design process and implementation 

of the intervention to improve well-being were part of the larger eMental Health research 

project executed by Stewing (2021) and Wehrmeyer (2021). The leading researchers of the 

larger research project, as well as the BMS Lab of the University of Twente, gave permission 

to use the intervention for the aim of the current study. The intervention consisted of 27 different 

versions compounded by the combination of three different ITFs (content, feedback, and 

design). Each ITF consisted of three different options (3x3x3 research design, Appendix B). 

The researcher was able to manage the different versions of the intervention on the software of 

the TIIM.  

 The terms factor, options, and version will be explained in the following paragraph. 

These terms will be used throughout the whole article. The term factor describes the three 

different intervention and technological factors content, feedback, and design. The term option 

stands for the different options within one factor. For example, the factor content consists of 

the options positive psychology, meaning interventions, and cognitive behavioural therapy. The 

term version describes the combination of different options between different factors. For 

example, the combination of the options positive psychology (content), plain written text 

(feedback), and no gamification elements (design) was one of the 27 versions. 

2.3.1.1 Factor content 

The different options of the three different ITFs will be explained in the following paragraphs. 

First, the factor content consisted of three different psychological theories which aimed to give 

the theoretical background for the daily tasks that had to be done within the intervention. Based 

on evidence-based literature three psychological approaches have been used to implement the 

different exercises: Cognitive Behavioural Therapy (CBT), Meaning Intervention (MI), and 
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Positive Psychology (PP) (Kelders, 2019; van Agteren et al., 2021). For instance, one exercise 

within the approach of positive psychology was that participants had to write down good 

memories from the past. This would help them to learn what it means to consciously think about 

positive emotions and promote these (Burton & King, 2004). The content of the exercises was 

different between the psychological approaches. However, they all had the aim to promote well-

being and minimize the symptoms of depression. An example of the different theories and how 

they approach the exercise of day one can be seen in Figure 2. 

 

Figure 2 

Examples of different exercises of the three different content options 

                      

Note. From left to right: the content of the interventions in the form of the following 

psychological approaches (1) Positive Psychology, (2) Meaning Intervention, (3) Cognitive 

Behavioural Therapy.  

 

2.3.1.2 Factor feedback 

The factor feedback was used to give the participant some feedback after they completed the 

daily task. The feedback was delivered in three different ways. First, a plain text was shown 

after the exercise. No additional illustrations were part of the feedback. As a second option 

participants received the feedback in form of a virtual agent. Figure 3 shows how the text was 

the same as in version one except for the difference that option 2 also showed a virtual agent, 

in this case a cartoon person, that “provided” the feedback.. The third option consisted of a pre-

recorded video without any text information. A human counselor gave the participant feedback 

in spoken words. It must be mentioned that the content of the feedback message was the same 

in all three different options. 
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Figure 3 

Examples of different ways to give feedback in the intervention 

                     

Note. From left to right: provided feedback of the exercises as (1) a plain written text, (2) a 

written text provided by a virtual agent, (3) spoken words by a human counselor in a pre-

recorded video. 

 

2.3.1.3 Factor design 

The third factor was about the design of the different intervention options. This factor was also 

distinguished into three different designs. The first design option of the intervention consisted 

of gamification elements that were competitive. During the progress of doing the exercises, 

participants saw a stack of bricks moving from left to right. The second option included 

gamification elements that were noncompetitive. In this option, the intervention progress was 

illustrated by a virtual avatar that cycled to different places (Figure 4). This had the purpose to 

create a storyline for the participant. Lastly, the third version was not gamified. The participant 

saw a certain day of the intervention. The participant was shown a date on a calendar that related 

to the day of the intervention as shown in figure 4. 
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Figure 4 

Examples of different intervention designs 

                     

Note. From left to right: intervention design as (1) competitive gamification, (2) non-

competitive gamification, and (3) no gamification elements. 

2.3.2 TWEETS questionnaire 

The Twente Engagement with eHealth Technologies Scale (TWEETS) questionnaire was one 

of two questionnaires used in this study. The TWEETS questionnaire was developed to measure 

the level of engagement in eHealth technologies like the intervention of this study (Kelders et 

al., 2020b).  It consists of nine items in total measured on a 5-point Likert scale that varies 

between strongly disagree and strongly agree. The total engagement scores range between 9 

(not engaged) and 45 (highly engaged) (Kelders et al., 2020b). The questionnaire determined 

the level of engagement in three different areas namely behavioural engagement, cognitive 

engagement, and affective engagement (Kelders & Kip, 2019). Each of them consists of three 

items. For the aim of the current study, the items of the questionnaire were adjusted to the 

content and app specific elements (Table 1). The level of engagement was assessed at baseline- 

and post-intervention. The TWEETS questionnaire at the baseline (Table 1) was used during 

the personalization procedure in order to personalize the intervention of the experimental group 

(paragraph 2.4.1). The TWEETS questionnaire at post-measurement was used to obtain the 

participants level of engagement 21 days after they have started with the DHI (Appendix C). 
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Table 1 

Adjusted TWEETS items for baseline questionnaire assessing engagement scores regarding 

content and app-specific elements  

Note. Content-specific TWEETS were used for the factor content including the options Positive 

Psychology, Meaning Intervention, and Cognitive Behavioural Therapy. App-specific elements 

TWEETS were used for the factors feedback and design. The factor feedback included the 

options feedback provided as a plain written text, a written text provided by a virtual agent, and 

spoken words by a human counselor in a pre-recorded video. The factor design included the 

options competitive gamification, non-competitive gamification, and no gamification elements. 

 

   

Item Content-specific TWEETS App-specific elements 

TWEETS  

   

1  Using an app with this content can 

become part of my daily routine.  

 

Using this version of the app 

can become part of my daily 

routine.  

 

2 The content of this app is easy to 

use. 

This version of the app is 

easy to use. 

 

3 I will be able to use an app with this 

content as often as needed to 

improve my well-being.  

 

I will be able to use this 

version of the app as often as 

needed to increase my well-

being.  

 

4 An app with this content will make it 

easier for me to work on increasing 

my well-being.  

 

This version of the app will 

make it easier for me to work 

on increasing my well-being.  

 

5 This content motivates me to 

increase my well-being.  

 

This version of the app 

motivates me to increase my 

well-being.  

 

6 This content will help me to get 

more insight into my well-being.  

 

This version of the app will 

help me to get more insight 

into my well-being.  

 

7 I will enjoy using an app with this 

content.  

 

I will enjoy using this version 

of the app. 

 

8 I will enjoy seeing the progress I 

make by using an app with this 

content.  

 

I will enjoy seeing the 

progress I make in this 

version of the app. 

 

9 An app with this content will fit me 

as a person.  

 

This version of the app will 

fit me as a person.  
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2.3.3 PHQ-9 questionnaire 

The Persons Health Questionnaire (PHQ-9) is a measurement tool that helps to determine 

depressive symptoms (Appendix D). The PHQ-9 consists of 9 items which are based on the 

participants’ self-administration. Kroenke et al. (2001) explain that every item of the 

questionnaire is related to one of the nine DSM-IV criteria. DSM-IV refers “to a significant 

behavioural or psychological syndrome or pattern that occurs in an individual” (Stein et al., 

2010). Participants can choose between four different answer options on a 4-point Likert scale 

ranging from 0 (not at all) to 3 (nearly every day). The total scores varied between 0 and 27 and 

can be categorized into five different categories namely: Minimal Depression (0-4), Mild 

Depression (5-9), Moderate Depression (10-14), Moderately Severe Depression (15-19), 

Severe Depression (20-27) (Kroenke et al., 2001). The cut-off point for this study was 

everything below five where it could be argued that participants had minimal symptoms of 

depression. The level of depressive symptoms was measured pre- and post-intervention.   

2.3.4 GAD-7 questionnaire 

The Generalized Anxiety Disorder (Gad-7) is a self-report questionnaire that aims to assess a 

person’s anxiety level of the last two weeks (Appendix E). The seven items were measured on 

a 4-point Likert scale ranging from 0 (not at all) to 3 (nearly every day). The total scores ranged 

from 0 to 21. The cutoff point for this study was five (Williams, 2014). The GAD-7 was 

included at baseline, post and follow-up. The data obtained from the GAD-7 was not considered 

and used in the data analysis of this study. This study aimed to investigate the level of 

depression of the participants and not the level of anxiety. However, this data will be used in 

the larger research project executed by Kelders at the University of Twente. 

2.3.5 MHC-SF questionnaire 

The Mental Health Continuum-Short Form (MHC-SF) questionnaire aimed to assess the 

dimensions of emotional well-being, psychological well-being and social well-being. It consists 

of 14 items which were measured on a 6-point Likert scale ranging from 0 to 5 (Keyes, 2014). 

Also, for this questionnaire, the data obtained from the MHC-SF were not considered and used 

in the data analysis of this study. This data will be also used in the larger research project. 

2.4 Procedure 

The data collection took part in the period between February and May 2022. The study was 

promoted through the SONA system. Interested students had the opportunity to receive 

information about the main purpose of the study, some general information (e.g., theoretical 



14 

 

background and content), and the procedure of the study. Students that registered for the study 

could assess the qualtrics baseline questionnaire through a link provided on the SONAsystem. 

Before they were able to start with answering the baseline survey they had to read and sign the 

informed consent of the study. The baseline questionnaire contained questions about the 

demographics of the participants. Moreover, it included the PHQ-9, GAD-7, MHC-SF, as well 

as the adjusted TWEETS questionnaire for baseline (Table 1). After filling out the baseline 

questionnaire participants were checked against inclusion and exclusion criteria. At the end of 

the baseline questionnaire the remaining participants were asked to download and register for 

the TIIM App. In addition, the participants received the instructions via email as well. All 

participants that successfully registered for the TIIM App were randomly allocated to an 

experimental group or a control group. Participants from the experimental group received the 

best version of the intervention based on their preferences indicated in the TWEETS baseline 

questionnaire. Participants out of the control group were randomly assigned to one of the 27 

intervention versions. After this process participants were asked to do the daily tasks of their 

intervention. Ideally, participants worked on the intervention for 14 days straight. However, it 

was also the case that some participants needed more days to do all the 14 exercises of the 

intervention. For this reason, they had 21 days to work through the intervention. Participants’ 

progress was regularly checked by the researcher. When inactivity was recognized, they were 

kindly asked through email to start with the intervention after three and seven days after 

registration. After 21 days all participants that registered and at least started with the 

intervention received an email including a Qualtrics link in which they were asked to fill out 

the post questionnaire which included the PHQ-9, GAD-7, MHC-SF, and the TWEETS 

questionnaire. All participants that filled out the post questionnaire received another email eight 

weeks after baseline in which they were asked to fill out the follow-up questionnaire. 

Participants were asked to create an individual identity code which had to be entered before 

every response. This helped to match the different responses to one participant. The data 

obtained in the follow-up survey was not used in this study and was only important for the 

larger research project by Kelders. 

2.4.1 Personalization Procedure 

In this study, the TWEETS questionnaire was used to access the level of engagement of the 

participants. The answers of the participants were used to determine the personal preferences 

of every participant. The sum scores of the TWEETS questionnaire for each option from each 

factor were calculated and compared to each other. For example, the sum scores for the options 
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positive psychology, meaning intervention, and cognitive behavioural therapy of the factor 

content were calculated and compared with each other. The option with the highest score on 

the TWEETS scale was considered to be the most liked one by the participant. The same was 

done for the options from the other two factors feedback and design. If participants scored 

equally between two or three option of one factor they received one option randomly. This was 

done with the tool random.org. Based on these preferences participants from the experimental 

group were assigned to the most fitting intervention out of the 27 different versions of the 

intervention. Participants from the control group were randomly allocated to one of the 27 

intervention.  

 The preferences were assessed as follows. Participants were asked to indicate their level 

of engagement for each option out of every factor content, feedback, and design. For example, 

in the baseline questionnaire participants saw three different templates for each option (CBT, 

MI, and PP) from the factor content. The templates included a description of the belonging 

theory and an example exercise of the first day of the intervention (Figure 2). For example, the 

approach of positive psychology in the baseline questionnaire was explained as follows: 

"Positive Psychology is a scientific approach to studying human thoughts, feelings, and 

behavior, with a focus on strengths instead of weaknesses, building the good in life instead of 

repairing the bad, and taking the lives of average people up to “great” instead of focusing 

solely on moving those who are struggling up to “normal”. Based on these templates 

participants had to rate their level of engagement for each category from the factor content 

assessed by the items of the TWEETS questionnaire. The same was done for the factors of 

feedback and design. The factor feedback was distinguished into plain written text, a written 

text provided by a virtual agent, and spoken words by a human counselor in a pre-recorded 

video (Figure 3). And the factor design was distinguished into competitive gamification, non-

competitive gamification, and no gamification elements (Figure 4).  

2.5 Data analysis 

For the purpose of the larger research project executed by Kelders data was collected at different 

time points. Pre-, post-, and follow up- surveys as well as engagement measures on the first, 

third, and seventh day of the intervention within the TIIM app. For the aim of this study, only 

data from the pre-and  post-intervention surveys were used . The data from the pre-intervention 

survey was used to assign participants from the experimental group to the belonging version of 

the intervention within the TIIM app, to access the demographics and to measure depression 
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scores at baseline (T0). Moreover, depression and engagement scores were also taken from the 

post-intervention survey (T1).   

 The software IBM SPSS Statistics (Version 25) was used to analyze the data. A p-value 

below 0.05 was assumed to be significant. First, the individual identity code created by the 

participants was used to merge the data from the pre-and post-intervention surveys into a final 

dataset. The final data set was cleared by participants that had missing items in the pre-or post-

survey intervention. Moreover, non-relevant data like the items from the GAD-7 and the MHC-

SF questionnaire, as well as participants that did not start with the intervention within the TIIM 

app were excluded from the final sample. The data for this study was downloaded on the 27th 

of April 2022. At this point, it must be mentioned that data collection went beyond this date for 

the purpose of the larger research project. Descriptive statistics were used to analyze the 

participant's age, gender, nationality, and occupation. A t-test was used to determine the 

distribution of the different descriptives. Items belonging to the PHQ-9 (T0/T1) and the 

TWEETS questionnaire (T1) were summed up into a single scale score. 

 An independent sample t-test was used to investigate the differences between 

personalization and the effectiveness of the intervention at baseline and post-intervention. In 

addition, it gave insights into the relationship between personalization and engagement post-

survey. For the analysis, the conditions of personalization (experimental/control group) were 

treated as categorical, independent variables. The depression and engagement scores were used 

as the dependent outcome variables.  

 A one-way repeated measures ANOVA was used to check whether there was a main 

effect of time on depression and an interaction effect of time*personalization on depression 

(T0-T1). The assumptions of normality and sphericity were checked and accepted. The Shapiro-

Wilk tests showed non-normally distributed PHQ-9 scores for pre (W(175) = .91, p = .00) and 

post (W(175) = .93, p = .00) measurements. Nevertheless, the analysis was still conducted 

because the distribution was close to normal. Field (2018) and Pallant (2011) agrued that 

ANOVA is robust to this kind of violation. For the analyses, the conditions of personalization 

(experimental/control group were treated as categorical, independent variables. 

 Regarding the third research question, a mediation model (Figure 5) was used to 

investigate whether engagement mediates the relation between personalization as a condition 

and depression scores as the outcome variable. The IBM SPSS Statistics extension PROCESS 

version 3.5 by Hayes (2017) was used for this purpose. Bootstrap was set up to 5000 with a 

confidence interval of 95%. The bootstrap was used to generate a confidence interval around 

the indirect effects and to test them (Hesterberg, 2011). In addition, bootstrapping was  used to 
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reduce type one errors and has high statistical power for non-normal distributions (Cameron et 

al., 2008). Figure 5 shows the mediation model. Path a represents the effect of personalization 

on engagement. Path b displays the effect of engagement on the effectiveness of the intervention 

measured in depression scores. Path c´ shows the direct effect of personalization on the 

effectiveness of the intervention after accounting for engagement.  

 

Figure 5 

Mediation Model 

 

 

 

 

 

 

 

 

 

 

 

 

3. Results 

3.1 Descriptive Statistics 

Table 2 presents the sociodemographic data for the whole sample and for the two conditions 

control and experimental group. The total sample consisted of 176 participants. There were 87 

participants in the control group, 88 participants in the experimental group and one missing 

value. The total sample had an age range between 18 and 31 with a mean age of 20.38 (SD= 

1.84). Nearly three-quarters of the participants were female 72.6% and 27.4% identified as 

being male. Expect one missing value, all participants were students (99.4%). Regarding the 

distribution of the nationality, the majority of the participants were German (57.7%), 26.9% 

were Dutch, and 15.4% had other nationalities. The other nationalities varied from the US, 

South America (Brazil), Europe (Italy, Finland), and eastern countries like Russia, Indonesia, 

and Kazakhstan. In table 2, it can be observed that there are no big noticeable differences 

between the conditions control group and experimental group within the descriptives gender, 

age, occupation, and nationality. A t-test showed that the variance was equal within the 
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categories gender (t(174) = -.26, p= .603), nationality (t(174) = -.28, p= .06), and occupation 

(all participants were students). The category age was not equally distributed (t(173) = -1.94, 

p= .002). However, most of the participants in both conditions were below the age of 26. 

 

Table 2 

Demographic information per condition and for the total sample 

Characteristic Control group Experimental group Total 

  n % n % n % 

Participant 87 49.4 88 50 176 100 

                       Missing     1 0.6 

Gender 

 Male 25 28.7 23 26.1 48 27.4 

 Female 62 71.3 65 73.9 127 72.6 

 Other - - - - - - 

 Missing     1 0.6 

Age 

 <20 59 67.8 50 57.5 109 62.6 

 21-25 28 32.2 35 40.2 63 36.2 

 26-30 - - 1 1.1 1 .6 

 31-35 - - 1 1.1 1 .6 

 >35 - - - - - - 

 Missing     1 1.1 

Occupation 

 Student 87 100 88 100 175 99.4 

 Missing     1 0.6 

Nationality 

 Dutch 26 29.9 21 23.9 47 26.9 

 German 46 52.9 55 62.5 101 57.7 

 Other 15 17.2 12 13.6 27 15.4 

 Missing     1 0.6 
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3.2 Intervention effectiveness 

Table 3 displays the mean scores and standard deviation of the variables depression and 

engagement for the control group as well as the experimental group. Overall, the outcomes of 

the independent t-test did not show any significant differences in the conditions.  

 

Table 3 

Descriptive statistics and independent t-test results for depression and engagement 

                   Condition  95% CI 

for Mean 

Difference 

  

 Control  Experimental   

 M SD n  M SD n  t df 

Depression T0 8.61 4.26 87  8.62 4.64 88 -1.3, 1.3 -.04 173 

Depression T1 7.39 4.37 87  7.04 4.42 88 -.97, 1.6 .52 173 

Engagement T1 31.63 6.41 87  31.15 6.52 88 -1.4, 2.4 .49 173 

Note. M= means. SD= standard deviation. p>.05 for the control and experimental group for 

both outcome measures 

 

3.2.1 Research question 1 

With regard to research question one, – Does the personalization of a 2-week Digital Health 

Intervention for depression and wellbeing directly influence the effectiveness of digital health 

interventions? – the responses for depression covered almost the whole range of the PHQ-9 

scale. The depression scores ranged from 1 to 24 (4-point Likert scale, 9 items). No significant 

difference in depression scores has been found between the conditions at baseline 

measurements (T0) t(173) = -.04, p= .97. The 88 participants from the experimental group (M 

= 8.62, SD = 4.64) compared to the 87 participants in the control group (M = 8.61, SD = 4.26) 

did not demonstrate significantly lower scores in depressive symptoms. The same results were 

found post measurements (T1) t(173) = .52, p= .60. In this case the experimental group (M = 

7.04, SD = 4.42) compared to the control group (M = 7.39, SD = 4.37) did not demonstrate any 

significant differences either. However, looking at the results, it can be observed that the mean 

scores for depression are slightly lower at T1 than at T0.  

The one-way repeated measures ANOVA that was carried out afterward – after the 

researcher investigated the results of the t-tests – showed a significant main effect of time on 

change in depression scores, Wilks lambda = .908 F(1,173) =17.56, p < .001. However, no 

statistically significant interaction effect could be found for time and condition (experimental 
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group vs. control group) on change in depression scores, Wilks lambda = .998 F(1,173) =.35, 

p = .55. This indicates that over time personalized interventions (experimental group) did not 

have a larger effect on depression scores than randomly assigned interventions (control group). 

3.2.2 Research question 2 

Regarding research question two, – Does the personalization of a 2-week Digital Health 

Intervention for depression and wellbeing directly influence the participants' level of 

engagement? – the 88 participants from the experimental group who received a personalized 

intervention (M = 31.15, SD = 6.52) did not show significantly higher engagement scores 

compared to the 87 participants in the control group who received a random intervention (M = 

31.63, SD = 6.41). Therefore, no significant effect has been found in engagement scores 

between the conditions, t(173) = .495, p= .62. The mean scores of the engagement score 

measured by the TWEETS questionnaire scale ranged from 11 to 45 (5-point Likert scale, 9 

items) within the whole sample.   

3.3 Engagement as mediation 

3.3.1 Research question 3  

Looking at research question three, – Does engagement mediate the relationship between 

personalization and the overall effectiveness of a 2-week Digital Health Intervention for 

depression and wellbeing? – table 4 provides the results of the simple mediation analysis. In 

general, no mediation effect of engagement was found. The results show that there was no total 

effect (path c). Personalized digital health interventions did not predict a reduction in depression 

symptoms compared to the control group where participants received a random version of the 

DHI (B = -.34, SE= .66, p= .60). The results indicate that engagement did not significantly 

mediate the relationship between the two different conditions, control group and experimental 

group, and the depression outcome measures (Figure 6). A confidence interval of 95% based 

on 5000 bootstrap samples confirmed that zero was included within the indirect effect (control 

vs. experimental: [-.35, .55]). Looking at the a path, the results show that the control group and 

experimental group had no significant effect on engagement (B = -.48, SE= .98, p= .62). There 

were some significant results found in path b. DHI engagement was negatively related to 

depression scores meaning that higher engagement scores were related to lower depression 

scores and vice versa (B = -.23, SE= .04, p= <.01). Lastly, the results did not show any 

significant direct effects (path c´). More precisely the study conditions did not have an impact 

on depression outcome scores (B = -.45, SE= .63, p= .47). 
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Table 4 

Simple mediation analysis of the effect control vs. experimental group, mediated by DHI 

engagement 

Condition Mediator a b Relative 

total effect 

c 

Relative 

direct 

effect c´ 

Relative indirect 

effect a x b (95% 

CI) a 

Control vs 

Experimental 

Engagement -.48 -.23** -.34 -.45 .11 (-.35, .55) 

Note. a Bias corrected bootstrap results for the indirect effect a x b (5000 resamples). **p < .01. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. Discussion 

4.1 Main findings 

This study mainly aimed to investigate two different objectives. On the one hand, it was aimed 

to analyze to what extent the personalization of digital health interventions influences the 

participants engagement (RQ1) and the intervention effectiveness (RQ2). It was hypothesized 

that personalized versions of DHIs would lead to higher levels of engagement, and a stronger 

reduction of depressive symptoms compared to randomly assigned versions of DHIs. On the 

 

Personalization 

Engagement 

Depression c´= -.455 

a = -.484 b = -.226** 

Note. Dotted lines represent non-significant results; bold lines represent significant results. **p 

< .01. 

Figure 6 

Mediation model including the results of the mediation analysis 
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other hand, it was investigated if engagement mediates the relationship between personalized 

DHIs and the effectiveness of DHIs accessed through the reduction of depressive symptoms. 

 The findings of this study did not show differences on average for the two conditions, 

namely personalized and non-personalized DHI. Results did show an improvement over time 

in depression scores indicating that digital health interventions in the form of mobile apps might 

help to improve mental well-being within a short period of time. The small to medium effect 

size found for the main effect of time on effectiveness can be accepted since this study included 

an unguided and short intervention. 

 Similar to the t-test an interaction effect between time and condition (personalized vs. 

non-personalized DHI) on depression scores was not found. The results of the one-way repeated 

measures ANOVA and the t-test were used in section 4.2 in order to discuss potential reasons 

for the non-significant results. 

4.2 Research questions 1 and 2 

4.2.1 Personalization of the intervention 

Research questions one and two aimed to determine if the personalization of DHIs could be 

used to make these more engaging and more effective for the users. The data analysis showed 

that personalization did neither significantly influence the engagement level of DHI users nor 

the effectiveness of the DHI.  

In the current study, participants from the experimental group received a personalized 

intervention. The personalization procedure was used to assign the participants to the best-

fitting version of the DHI which might have not worked well enough. During the data analysis, 

it was discovered that nearly two-thirds of the total dataset – 164 out of 254 participants derived 

from the total data set at the 6th of June 2022 – had the same scores between two or three options 

for one factor. For example, participants had the same score for the feedback option plain 

written text and words spoken by a human counselor in a pre-recorded video. In this case, an 

online tool assigned the participants to one of the two options randomly. This had the 

consequence that the intervention was not completely personalized towards the needs and 

preferences of the participant. On the one hand, it can be hypothesized, that participants who 

had the same scores in two or three options for one factor either liked both options equally and 

could not decide which one they prefer. On the other hand, the different options of the three 

factors content, feedback, and design might not have been explained well enough which could 

have resulted in participants not filling out the questionnaire consciously enough. Data analysis 

showed that five participants from the non-personalized group received a random version of the 
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DHI that fitted their personal needs and preferences. Due to this small number, it cannot be 

hypothesized that these findings was the reason for the non-significant results found in research 

questions one and two. To the knowledge of the researcher, recent studies have not been 

confronted with these issues (Dennison et al., 2014; Tang et al., 2015). 

Past research that determined the effectiveness of treatment for major depression could 

confirm that user preference was related to the engagement level of the participants (Gelhorn 

et al., 2011; Kwan et al., 2010). However, a study from Brenes et al. (2021) could not find a 

significant effect for preference on engagement in cognitive behavioral therapy and yoga 

interventions among older adults. For future research, it is recommended to include the factor 

preference in order to further investigate if the conscious decision about a preferred version of 

an intervention might increase the level of engagement within the participants. For example, at 

the beginning of the intervention participants could receive an explanation for every option 

(competitive gamification, non-competitive gamification, and no gamification elements) of the 

factor design. After that, participants with a personalized DHI would be able to choose one 

option for one factor by themselves. This could prevent the discussed issue ofhaving equal 

scores for different options within one factor because the participants would need to actively 

decide on one option themselves. During the current study this whole process was more 

unconscious for the participants because the person did not know that the personalization 

procedure was used to determine the best fitting intervention. It can be hypothesized, that a 

stronger integration of the participant within the personalization procedure might have a 

different effect on the level of engagement. 

4.2.2 Factors of the Intervention (TIIM App) 

Another point that needs to be discussed is the presentation of the factors content, feedback, 

and design. Kelders et al. (2019) and Perski et al. (2016) hypothesized that tailored DHIs 

increased the motivation to use the app. This can be reached by designing the content and 

feedback of the DHI in a way that it meets the values and beliefs of the user (Hayland & 

Whalley, 2008; Hayland & Whalley, 2009; Kelders, 2019; Zagorscak et al., 2020). As 

mentioned before, the current study was part of a larger pilot study. Certain aspects like the 

intervention within the TIIM app were not fully professionalized. More precisely, the 

intervention and technological factors of the current study namely content, feedback, and design 

were static, simple, and impersonal. For example, the feedback messages were the same for all 

participants (impersonal). Moreover, the competitive gamification design was illustrated by 
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bricks moving from left to right with the ongoing progress of the participant (simple). This gave 

limited options for a tailored intervention that fitted the participants' needs and beliefs.  

Within the factor feedback, participants continuously received generic and extrinsic 

feedback which was not based on their individual performance. As mentioned earlier, the daily 

feedback messages provided by the DHI were always the same between the different feedback 

options and for all participants. The OPTIMAL theory (Optimizing Performance through 

Intrinsic Motivation and Attention for Learning) states that success in performance and 

engagement to learn new things can be increased by autonomy and intrinsic motivation rather 

than extrinsic motivation (Wulf & Lewthwaite, 2016). An older study by Curry et al. from 1991 

investigated the effects of intrinsic and extrinsic motivation interventions with a self-help 

smoking cessation program. Curry et al. (1991) promoted intrinsic motivation through 

personalized feedback and external motivation through financial incentives in the form of gift 

cards. It was found that personalized feedback increased intrinsic motivation and showed better 

outcomes as well. Consequently, feedback within DHI can increase intrinsic motivation as well. 

Therefore, it can be hypothesized that the feedback messages in the current study were not 

personalized nor tailored enough. 

Looking at the factor design it can be said that the different design options of the 

intervention were rather simple than complex. Sieverink et al. (2017) hypothesized that the 

active participation in DHIs is dependent on the usefulness of the application elements that help 

to successfully reach their own needs and goals. Within the current study the competitive 

gamification design was characterized by bricks that move from left to right with the ongoing 

progress. Here, it can be questioned if this is useful and induces competitiveness within the 

user. The non-competitive gamification design showed a cyclist on a bicycle tour. It can be 

hypothesized, that especially these two designs were not different enough. Research has found 

that learning material that consists of gamification and storyline elements (non-competitive 

gamification) can be very engaging and motivating. It was found that competitive gamification 

elements in learning materials foster deep and frequent processing (Mayer & Mayer, 2005). 

Moreover, the term content gamification describes mechanisms in which the learning material 

will be presented in a storyline that aims to make the learning material more engaging and 

interesting for the learner (Mayer & Mayer, 2005). In the current study, the content of the DHI 

can be considered as learning material since the users learn new techniques on how they can 

better handle their depressive symptoms. Therefore, it can be argued that the presentation of 

the content in form of the design was insufficient in the context of being competitive and 

providing a storyline during the progress of the intervention.  
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Future research should design the intervention feedback in a more personal and 

individual manner. Feedback should be provided based on the input of the participant. The 

feedback could entail praise for a specific goal the participant has set and might explain why 

this is a good goal (Curry et al., 1991; Mumm & Mutlu, 2011). In addition, a feature could be 

added in which the participant has the opportunity to give feedback on their own performance.  

Furthermore, future research should create a more detailed design of the DHI. The 

difference between the design of competitive gamification and non-competitive gamification 

should be larger. Improved versions of DHIs should include elements that are either more 

competitive or more storytelling than the ones of the current versions. Increasing the difference 

between the different intervention designs might have the effect of being more effective and 

being more engaging because the participants might experience the aspect of competition or 

storyline more intensely. In this case, it also needs to be mentioned that professional 

intervention designs that include more gamification, competitiveness, and storyline are also 

more expensive and time-consuming. In addition, future studies could include a feature in 

which the participants would have the option to adjust their intervention after a certain period. 

For example, changing from a competitive gamification design to a noncompetitive 

gamification design after one week of participation. Adjusting the intervention after a certain 

period might improve the personalization of the intervention, increase the perceived autonomy 

of the participants, and can lead to a higher level of engagement (Kelders et al., 2020a; Wulf & 

Lewthwaite, 2016). 

4.3 Research question three 

4.3.1 Mediation Model  

Research question three investigated whether engagement mediates the relationship between 

personalization and the overall effectiveness of DHIs. It can be argued that the personalization 

procedure did not work well. Therefore, no differences in engagement, outcomes, and no 

mediating effect was found within the data analysis. The only significant results found were 

that engagement was related to depression scores. Currently, there are no other studies with a 

comparable mediation model. The current study used the conceptual mediation model from the 

grant application form (research proposal by Kelders, 2017). It can be hypothesized, that the 

investigation of the personalization of the factors design, feedback, and content as individual 

independent variables could have shown more detailed insights into which factors are especially 

important to increase engagement. Furthermore, it might be the case that other factors have a 

bigger impact on engagement than personalization. Borghouts et al. (2021) did a literature 
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review in order to conceptualize the barriers and facilitators that influence user engagement in 

DHIs. In total, they could identify 16 factors that had a positive effect on user engagement. 

Factors like level of guidance, type of content, or personal traits of the users were identified as 

facilitators. Moreover, a study from 2016 found that patient’s engagement was a mediator for 

the relationship between the perceived ability of healthcare professionals in motivating type 2 

diabetes patients and activation of self-management (Graffigna et al., 2016).  

Future research should further improve the personalization approach in order to prevent 

failures as in the current study. In addition, they should concentrate on other facilitators of 

engagement. It is recommended to take existing significant facilitators as guidelines for future 

study designs (Borghouts et al., 2021; Woldaregay et al., 2018). A range of potential causing 

factors could give new important and interesting insights into the field of DHIs. 

4.3.2 Negative correlation path b 

Path b of the mediation model was the only result found to be significant within the mediation 

model. The significantly negative results indicate that participants with high engagement scores 

had low depression scores and vice versa. This means that participants with a higher level of 

depressive symptoms were less engaged with the DHI than participants with a low level of 

depressive symptoms. These results can be interpreted in two different ways. On the one hand, 

it can be argued that participants with a lower depression score on post-intervention are the ones 

for whom the intervention was effective. Therefore, it can be hypothesized that participants that 

were highly engaged with the app also experienced positive effects after 2 weeks of using the 

intervention. On the other hand, it can be hypothesized, that the intervention was not effective 

and that participants with low depression scores at post-intervention already had these low 

depression scores at baseline. In addition, participants with a high level of depressive symptoms 

might have had high expectations for the DHI to minimize their depressive symptoms. Not 

meeting these expectations could have resulted inthese participants not engaging with the app. 

Previous research shows that expectation and satisfaction have an impact on the adherence on 

DHIs (Beattie et al., 2009; Boß et al., 2016). In contrast, nearly all participants were students 

from the University of Twente. The sample was very specific because the majority of the study 

were young female students from Germany. Students with a background in behavioural or 

social science that participated in the study might have had low level of depression scores but 

high engagement scores because they were interested in the topic of digital health interventions 

and not in receiving sufficient treatment.  
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Another reason could be that the participants did not receive any introduction, support, 

or guidance from a health professional. The different exercises required a certain amount of 

self-initiative and self-management. It may be that a certain amount of the participants didn’t 

have any prior experience with therapy or the treatment of mental health problems like 

depressive symptoms. Therefore, it can be hypothesized that some participants with high level 

of depressive symptoms were not able to process the experiences during the DHI without the 

support of a health professional and were therefore not engaged with the app. 

Future research that aims to further investigate a specific population, in this case people 

with depressive symptoms, should improve the study design by addressing the specific needs 

of this population. Pilot tests and pilot surveys could be used to identify the expectations that 

are especially important for this target population (Secomb & Smith, 2011). In addition, 

participants should receive additional support or at least have the opportunity to contact a health 

care professional. Concentrating on one specific target population could become beneficial for 

the aspect of practical implications. Taking the target population of young female students as 

an example it can be argued that in case of significant findings the app could be recommended 

by a student psychologist, study counselor, or the University homepage as soon as the target 

population experiences and reports symptoms of stress, anxiety, or depression (Stewing, 2021).  

4.4 Strengths and limitations 

This study includes two characteristics that can be interpreted as a strength and limitation at the 

same time. The demographic characteristics of the sample were very specific. All participants 

were students and most of them were female students from Germany below the age of 20. It 

can be considered as a limitation because the finding of the current study cannot be applied to 

the overall society which entails a broader variety of characteristics. Nevertheless, the results 

found in this study can be applied to a particular population within the society which can be 

considered a strength. The findings give the opportunity to gain specific insights into a 

population that was not studied before in this particular context. The second aspect is the study 

design of the current study. Based on the critique and the implications for future research from 

Stewing (2021) it can be argued that it is a strength that the current study included a control 

group. The participants were randomly assigned to one of the two conditions namely the 

personalized or non-personalized group. This made the results found in this study statistically 

more solid. A limitation was that many participants within the personalized group received a 

random version of the intervention as well. Participants that had equal scores in the variations 

of one factor received an intervention version randomly. Beforehand, it was not considered that 
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a high number of randomly assigned intervention versions within the personalized group could 

influence the degree of accuracy. Therefore, it can be argued that the personalization procedure 

as a whole was not sufficient enough. 

 This study had several strengths. One of them was the structure of the overall study 

including the data collection as well as the intervention within the TIIM app itself. The study 

was conducted completely remotely. Considering that the topic was about digital health 

interventions which should aim to reduce cost, geographical-, and time barriers it made sense 

to create a study that is completely digital. This made the user experience for the participants 

more realistic and had a positive impact on the expressive power of the results. Another strong 

point was the variety of intervention versions. The intervention “Learn to flourish” within the 

TIIM app contained some technical issues. Nevertheless, under consideration that this 

intervention was a pilot project, it can be argued that it gave the opportunity for personal 

adjustments for the user to improve their own mental well-being. The 27 different intervention 

versions and the overall design of the app made the experience for the participant more realistic. 

Data was collected at three different time points with four different questionnaires. It must be 

mentioned that not all data from the different measurement points and questionnaires were used 

in this study. However, it is a strength to have this value of the collected data since the head of 

the larger research project will use this data.  

 Another limitation of this study was the technical problems experienced by the 

participants during the intervention. The researcher could identify 41 cases reported via email 

in which the users either experienced technical issues with the app or had problems with 

understanding the overall procedure of the study. In addition, complications with the SONA 

system had the consequence that participants reported being irritated about the structure of the 

study. All these issues could have had a negative effect on the level of engagement and the 

overall satisfaction with the app.  

5. Conclusion 

This study gave some interesting insights into the role of personalization and engagement in a 

digital health intervention for people with mental issues. No significant results were found for 

the influence of personalization of DHIs on the engagement level as well as the level of 

depressive symptoms. However, it was found that depression scores significantly improve over 

time. A mediating role of engagement on the relationship between personalization and the 

outcome measure depressive symptom scores was not found. It was found that high engagement 

scores are related to reduced depressive symptoms at post measurements. Possible reasons for 
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these results could be issues with the personalization procedure as well as technical problems 

during the data collection. Future research is advised to improve the personalization of DHIs 

for example by increasing the user’s autonomy. Besides that, adding further potential causing 

factors for engagement could lead to other important findings for the establishment of solid 

eHealth technologies. 
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7. Appendices  

Appendix A 

Flow chart of intervention study including the measurement points baseline and post 

questionnaire. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note. All questionnaires baseline, post, and follow-up include the following surveys: PHQ-9, 

GAD-7, MHC-SF, and Tweets. The individual surveys will be further elaborated in section 

2.3. Exclusion within baseline is based on the PHQ-9 and GAD-7 scores. Cutoff point for 

PHQ-9 and GAD-7 was < 5. 

 

 

 

Participants fill out baseline 

questionnaire, download and register for 

TIIM App 

Baseline questionnaire 

 

Start 

Follow-up  

Intervention  

Participants work through the daily 

exercise for 21 days 

3 Weeks  

Post Questionnaire 

21 days after the start of the 

intervention participants receive the 

post-questionnaire 

8 Weeks  

8 weeks after the start of the 

intervention participants receive the 

follow-up questionnaire 

Personalization 

Random categorization in experimental 

and control group and Personalization 

Procedure (2.4.1)  
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Appendix B 

Lists of 27 intervention versions combined by the factors Content, Design, and Feedback 

 

Intervention Content Design Feedback 

1. PNA Positive Psychology No gamification elements Avatar 

2. PNV Positive Psychology No gamification elements Video 

3. PNT Positive Psychology No gamification elements Text 

4. MNA Meaning Intervention No gamification elements Avatar 

5. MNV Meaning Intervention No gamification elements Video 

6. MNT Meaning Intervention No gamification elements Text 

7. CNA Cognitive Behavioural Therapy No gamification elements Avatar 

8. CNV Cognitive Behavioural Therapy No gamification elements Video 

9. CNT Cognitive Behavioural Therapy No gamification elements Text 

10. PCV Positive Psychology Competitive gamification Video 

11 MCV Meaning Intervention Competitive gamification Video 

12. CCV Cognitive Behavioural Therapy Competitive gamification Video 

13. MCT Meaning Intervention Competitive gamification Text 

14. PCT Positive Psychology Competitive gamification Text 

15. CCT Cognitive Behavioural Therapy Competitive gamification Text 

16. PCA Positive Psychology Competitive gamification Avatar 

17. MCA Meaning Intervention Competitive gamification Avatar 

18. CCA Cognitive Behavioural Therapy Competitive gamification Avatar 

19. PSV Positive Psychology Storyline gamification Video 

20. MSV Meaning Intervention Storyline gamification Video 

21. CSV Cognitive Behavioural Therapy Storyline gamification Video 

22. PST Positive Psychology Storyline gamification Text 

23. MST Meaning Intervention Storyline gamification Text 

24. CST Cognitive Behavioural Therapy Storyline gamification Text 

25. MSA Meaning Intervention Storyline gamification Avatar 

26. CSA Cognitive Behavioural Therapy Storyline gamification Avatar 

27. PSA Positive Psychology Storyline gamification Avatar 

Note. P= Positive Psychology. M= Meaning Intervention. C= Cognitive Behavioural Therapy. 

N= No gamification elements. C= Competitive gamification. S= Storyline gamification. A= 

Avatar (feedback). V= Video (feedback). T= Text (feedback) 
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Appendix C  

Adjusted TWEETS items for post questionnaire assessing engagement scores  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Item TWEETS post survey items 

  

1 

 

  

Using this app did become part of 

my daily routine 

2 

 

The app took me little effort to use 

3 

 

 

I was able to use the app as often as 

needed (to achieve my goals) 

4 

 

 

This app made it easier for me to 

work on increasing my wellbeing 

5 

 

 

This app motivated me to increase 

my wellbeing 

6 

 

 

This app helped me to get more 

insight into my wellbeing 

7 

 

I enjoyed using this app 

8 

 

 

I enjoyed seeing the progress I made 

in this app 

9 This app fits me as a person 
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Appendix D 

Patients Health Questionnaire -9 (PHQ-9)  

Item Over the last 7 days, how often have you been 

bothered by any of the following problems?  

 

Not 

at all  

Several 

days  

More 

than 

half the 

days  

Nearly 

every 

day 

 Scores 0 1 2 3 

1. Little interest or pleasure in doing things  

 

    

2. Feeling, down, depressed, or hopeless     

3. Trouble falling or staying asleep, or sleeping too 

much  

 

    

4. Feeling tired or having little energy     

5. Poor appetite or overeating  

 

    

6. Feeling bad about yourself- or that you are a 

failure or have let yourself or your family down 

    

7. Trouble concentrating on things, such as reading 

the newspaper or watching television  

 

    

8. Moving or speaking so slowly that other people 

could have noticed? Or the opposite- being so 

fidgety or restless that you have been moving 

around a lot more than usual  

 

    

9. Thoughts that you would be better off dead or of 

hurting yourself in some way  
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Appendix E 

Generalized Anxiety Disorder-7 Questionnaire (GAD-7) 

Item Over the last two weeks, how often have you been 

bothered by the following problems?  

 

Not 

at all 

Several 

days 

More 

than 

half the 

days 

Nearly 

every 

day 

1. Feeling nervous, anxious, or on edge  0 1 2 3 

2. Not being able to stop or control worrying  0 1 2 3 

3. Worrying too much about different things  0 1 2 3 

4. Trouble relaxing 0 1 2 3 

5. Being so restless that it is hard to sit still  0 1 2 3 

6. Becoming easily annoyed or irritable  0 1 2 3 

7. Feeling afraid, as if something awful 

might happen  

0 1 2 3 

 


