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Abstract

The prevalence of anxiety symptoms in university students is increasing, however, many do not

receive conventional treatment due to barriers in health care. While digital mental health

interventions (DMHIs) are a prospective treatment option, they often remain ineffective, which

may be due to a low user-engagement. Literature indicates that personalizing interventions may

lead to an increased engagement. Hence, this research aimed to investigate the effect of a

personalized DMHI on user’s engagement and anxiety, and if engagement mediates the link

between personalization and anxiety. It was also explored if prescripted video feedback of a

counselor is related to higher engagement and lower anxiety scores than other feedback types.

A randomized controlled trial (RCT) was conducted. With a 3x3x3 factorial design, 27 different

intervention versions were created. The experimental group (N = 117) received a personalized,

and the control group (N = 113) a random 2-week-micro-intervention version. Engagement

(TWEETS) and anxiety symptoms (GAD-7) were measured at multiple time points.

Personalization was not linked to anxiety, nor to overall-, behavioral-, cognitive-, and affective

engagement scores at post-intervention. Engagement did not mediate the association between

personalization and anxiety. While engagement decreased throughout the intervention, anxiety

scores decreased by post-intervention, but increased again by follow-up. Participants with a

higher engagement had significantly lower anxiety scores at post-intervention and follow-up.

Lastly, results indicated that prescripted councelor video feedback is not associated with lower

anxiety, nor higher engagement scores. Future research is provided with recommendations on

how to imporve the personalization approach. With the novel finding that a higher engagement

may predict lower anxiety scores several weeks after completing the treatment, future research

is advised to further investigate how users’ engagement can be maintained to increase

intervention effectiveness.

Keywords: digital mental health intervention (DMHI), randomized control trial (RCT),

personalization, engagement, anxiety, video feedback, university students
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The Role of Personalization, Engagement, and Feedback in DHIs for Anxiety

Anxiety is one of the most widespread mental disorders, with the prevalence having increased

by 25% worldwide during the COVID-19 pandemic (WHO, 2022). University students have

been found to be at high risk to develop mental health problems, and specifically with the

pandemic the prevalence of anxiety symptoms in this population was found to have increased

worldwide to 31% (Osborn et al., 2022; Chang et al., 2021). However, a considerable number

of the concerned students do not receive professional help due to current barriers in mental

health care. This highlights the importance to improve conventional treatment.

Multiple prominent barriers hinder the access to face-to-face treatment. Firstly, there is

an increasing demand of psychotherapy, but only limited therapy spots (WHO, 2019). This

leads to a treatment gap with long waiting lists, extended time between treatments, time-limited

sessions, and gatekeeping, hence, those in need may not receive adequate support (Auerbach et

al. 2018; Benton et al., 2016). Secondly, conventional treatment is often associated with high

costs and limited financial support by health insurances. Thirdly, on the patients’ side, there

may be a fear of social stigma or a limited knowledge of available resources which prevent the

search for help (Osborn et al., 2022; Priestley et al., 2021).

Over the last years, the usage and development of eHealth has become increasingly

prevalent and holds much potential in the improvement of health care. EHealth can be

understood as “the use of technology to improve health, well-being and healthcare” (van

Gemert-Pijnen et al., 2018) and the specification on mental well-being is referred to as digital

mental health interventions (DMHIs) which may be a prospective treatment option for anxiety.

DMHIs are typically defined as technologies where “information, support, and therapy for

mental health conditions [are] delivered through an electronic medium with the aim of treating,

alleviating, or managing symptoms” (Lehtimaki et al., 2021). Electronic mediums may be

mobile phones, including apps and short message services, as well as VR programs and offline

computer-based programs, with web-based technologies being most widely spread (Lattie et

al., 2019). According to the literature reviews by Bolinski et al. (2020) and Lattie et al. (2019),

interventions usually range between two to eight weeks and may be based on psychotherapies

like cognitive behavioral therapy or mindfulness-based interventions. Furthermore,

interventions often include psychoeducation where participants receive information about their

illness to help them comprehend and cope, exercises that usually complement the

psychoeducation and aim to reduce anxiety, as well as guidance, support, and feedback

(Fleming et al., 2018; Bry et al., 2017; Higa-McMillan et al., 2016).
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DMHIs are seen as a promising treatment option through overcoming barriers of

conventional treatment. Firstly, DMHIs can generally be used by more people, which decreases

costs while increasing therapy spots, and enables those with a low symptom-severity to receive

help as well (Lattie et al., 2019; WHO, 2019). Secondly, treatment is made more accessible. As

digital natives, most young adults own considerable means of technology, making DMHIs a

convenient treatment option and empowering users with an easier access to information

(Lehtimaki et al., 2021; Bolinski et al., 2020; Lal, 2019). Thirdly, DMHIs present an alternative

to people who do not seek face-to-face treatment out of fear of stigma, discomfort to leave the

house, or difficulties to open up to a stranger, as DMHIs can be accessed anonymously from

home (van Orden et al., 2022; Rodríguez-Rivas et al., 2021).

Multiple recent systematic reviews found significant effects of DMHIs in reducing

anxiety symptoms amongst university students (Riboldi et al., 2022; Bolinski et al., 2020; Lattie

et al., 2019). DMHIs have shown to be more effective than waiting lists (Hall et al., 2018) and

some studies found them to be as effective as face-to-face treatment in decreasing anxiety

symptoms (Bendtsen et al., 2020; Olthuis et al., 2016). Yet, in the systematic review by Lattie

et al. (2019), which assessed improving anxiety, depression, and psychological wellbeing of

college students with DMHIs, only 42.5% of the 89 included studies were fully, while 30%

were partially effective in enhancing mental health outcomes. Especially in studies with partial

or not effective results, attrition rates were high and sustained program use was low (Lattie et

al., 2019), thus, a low adherence may have been associated with insignificant findings.

Hence, while literature reflects the potential of DMHIs to overcome health care barriers

and effectiveness in tackling anxiety symptoms, they often remain ineffective due to user’s non-

adherence to the intervention. Adherence is found to be crucial, with higher adherence being

associated with increased therapeutic gains (Fleming et al., 2018). Compared to face-to-face

therapy, non-adherence is specifically prevalent in self-help DMHIs without guidance or

personal support (Fleming et al., 2018). Here, users may disengage in using the technology or

do not perform intervention features as intended by developers (Kelders et al., 2020a). In the

search for factors to increase adherence, hence, the objective usage of DMHIs, a link to

engagement has been found (Lattie et al., 2019), which focuses on users’ subjective reasons for

working with a technology and how involved they feel (Kelders et al., 2020a).

Previous definitions of engagement have mainly focused on the behavioral context of

using a DMHI, however, the systematic review by Kelders et al. (2020b) found engagement in

DMHIs to be a multidimensional construct consisting of a cognitive, behavioural, and affective

component. Furthermore, engagement is not to be seen as a mere state, but process made up of
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becoming and maintaining engaged, disengaging, as well as re-engaging (Kelders et al., 2020b).

Torous et al. (2018) found low user-engagement in mental health applications as they are often

not designed in respect to the user’s needs, do not solve their concerns, lack in privacy, and are

not perceived as trustworthy and helpful in emergencies. In line with this, studies have shown

a low user engagement to come with a lower efficacy of the technological intervention (Fleming

et al., 2018; Benton et al., 2016). This demonstrates the importance to focus on designing more

engaging applications, but there is limited research on how DMHIs could enhance engagement.

First, personalization has received increased attention regarding its potential to increase

engagement. In digital healthcare, personalization can be defined as the “process that changes

the functionality, interface, information access and content, or distinctiveness of a system to

increase its personal relevance to an individual” (Fan et al., 2006). Hereby, “characteristics,

preferences, interests, and needs of users” are used to tailor systems to the individual (Kocaballi

et al., 2019). By adapting the content and design of an intervention to users’ needs, the aim is

to maximize adherence, engagement, and therefore also the efficacy of the treatment (Burley et

al., 2020; Miloff et al., 2015). For instance, Jones et al. (2022) conducted a randomized control

trial, in which 98 adolescents were randomly assigned to a web-based cognitive-behavioural or

interpersonal prevention program, with half receiving the treatment which matched their needs.

The personalized treatment group indicated a decrease in anxiety symptoms, while those who

were mismatched actually showed increased symptom. Hence, a personalized treatment seems

to be vital for the intervention to help.

To the writer’s knowledge, only Burley et al. (2020) investigated the relationship

between personalization and engagement for mobile-based interventions targeting anxiety. In

their study, an intervention was personalized though the content, as well as implementation

intentions and goal setting. However, while in their pilot study five participants indicated to

feel engaged, the personalization procedure was not evaluated quantitatively and in a larger

sample. Hence, the effect of a personalized treatment on anxiety symptoms has not been

investigated in the form of mobile-based interventions in university students. Furthermore, it is

not yet known if personalization works through increasing engagement.

Second, feedback from a human therapist may play a vital role in engaging users. A

systematic review by Lattie et al. (2019) found that compared to self-guided interventions and

automated support, such as prescripted messages, interventions with an in-person element, like

a professional or peer, achieved higher efficacy and treatment adherence, and lower dropout

rates from study surveys. This is supported by other studies, which found in-person elements

with the therapist to be linked to higher effectiveness (Välimäki et al., 2017), better completion
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and outcomes (Clarke et al., 2014), and increased adherence (Hollis et al., 2016) amongst young

people with anxiety. In addition, in a study by Pretorius et al. (2019) 84% of young participants

in the web-based intervention indicated to find human contact important. However, there is also

conflicting evidence. For instance, Harrer et al. (2018), did not detect an effect of supervision

on intervention results (as in Lattie et al., 2019). Furthermore, Kelders (2015) did not find

significant differences in user-involvement between automated and human support in a

behavior change support system (BCSS) for treating depression.

While human therapist’s feedback may increase DMHI efficacy, past research focused

on therapists’ support through video calls and written messages, and it has not been investigated

if prerecorded video messages from a counselor may have comparable effects. These may be

of great value, as therapists only need to record the messages once, making it a cost and time

effective strategy to reach users. While little is known about how therapists’ guidance may

enhance DMHI effectiveness, the proposed mechanisms are suggested to also be present in

prerecorded messages. For instance, it may be because participants feel that someone cares

about them (Pretorius et al., 2019). Furthermore, there is the suggestion of surveillance by

Benton et al. (2016), who proposed that participants who received a low-intensity treatment,

with a weekly 15 to 20-minute therapist contact, may have shown increased engagement and

adherence as they knew their therapist could see their progress and activities. Hence, it is of

added value to investigate if prerecorded video messages by counselors are effective in

increasing user engagement, as well as reducing anxiety symptoms amongst university students.

Research Questions:

1. Does a personalized 2-week digital health intervention for anxiety have a larger effect

on anxiety scores compared to a non-personalized intervention?

2. Does a personalized 2-week digital health intervention for anxiety have a larger effect

on users’ engagement (overall, behavioral, cognitive, and affective engagement)

compared to a non-personalized intervention?

3. Is the effect of a personalized 2-week digital health intervention on the measures of

anxiety mediated by users’ engagement (overall, behavioral, cognitive, and affective

engagement)?

4. Is the feedback in form of spoken words by a human counselor related to lower anxiety

levels compared to plain text and virtual avatar feedback?

5. Is the user’s overall engagement higher for those receiving spoken feedback from a

therapist compared to plain text and virtual avatar feedback?
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Methods

Participants

From an initial total of 279 participants, 49 were excluded as they did not fulfill the

inclusion criteria. This left a final sample of 230 participants (see Figure 1). Inclusion criteria

were that participants had a smartphone to download the Incredible Intervention Machine

application (TIIM), spoke English, and were at least 18 years old. Participants were excluded

if they did not have both a participant ID and TIIM code. In accordance with the intention-to-

treat approach (Gupta, 2011), cases of noncompliance and missing outcomes were kept, as they

may have been due to low engagement, which was of interest for the research.

Of the 230 participants, 117 (50.9%) were in the experimental and 113 (49.1%) in the

control group. Ages ranged between 18 and 30, with a mean age of 20.47 (SD = 1.90). All

participants were students and the majority identified as being female (N = 163, 70.8%). Most

participants were German (57%), while 25.2% were Dutch, and 17.8% had another nationality,

such as Namibian, Brazilian, and Vietnamese. Table 1 depicts the background information for

each of the conditions and the total sample.
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Figure 1

Participant Flow Chart with Timeline of Intervention and Measurements.

Note. Allocation of participants into experimental and control groups, timeline with intervention time points and

measurements.
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Table 1

Descriptive Statistics of the Background Information of each Condition and the Total Sample.

Characteristics Experimental group Control Group Total

Participants

Gender

Age

Nationality

Feedback

n

117

Female 83

Male 33

Non-binary -

Prefer not to say          1

18 - 20                        63

21-25                          51

26-30                           1

31                                 1

Missing                        -

Dutch                          26

German                       71

Other                           20

Plain Text                   29

Virtual Avatar             26

Human                        62

Counselor Video

% n

50.9 113

36.1 80

14.3 33

- -

0.4                -

27.4              75

22.2              36

0.4                2

0.4                -

- -

11.3              32

30.9              60

8.7               21

42.6              39

40                39

63.9 35

% n %

49.1 230 100

34.8 163 70.8

14.3 66 28.7

- - -

- 1 0.4

32.6           138              60 15.7

87             37.8

0.9 3 1.3

- 1 0.4

- 1 0.4

13.9 58 25.2

26.1           131              57

91.3 41 17.8

57.4 68 29.6

60 65 28.3

36.1 97 42.2

Design and Procedure

The experimental randomized controlled trial (RCT) was part of a larger research

project performed by Kelders at the University of Twente. In the RCT, an experimental group,

who received a personalized intervention version was compared to a control group, who got a

random intervention version. Participants were recruited through convenience sampling via the

SONA system of the University of Twente and were rewarded with SONA credits, which

students need to complete their studies. After signing the informed consent form, participants

received the baseline questionnaire, which was administered via Qualtrics. They were asked to

create a participant ID, fill out demographic questions, the GAD-7, and the adjusted TWEETS

questionnaire. After the baseline questionnaire, participants were assessed for eligibility and

those who met the inclusion criteria could register in the TIIM app and received a TIIM code.
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There was one module for each day of the two-week intervention. Each module included

an exercise that was to be completed by the end of the day, for which participants were reminded

by the app. On intervention days 1, 3, and 7, participants additionally received the TWEETS

questionnaire in the app. Participants were given 21 days to complete the intervention, after

which they were sent a link to Qualtrics for the post-intervention survey, containing an adjusted

TWEETS and GAD-7 questionnaire. Lastly, a follow-up survey was sent eight weeks after the

beginning of the intervention with a GAD-7 questionnaire. Figure 1 gives an overview of the

timeline and measurement points of the intervention. The study was approved by the ethics

committee of the faculty of Behavioral, Management and Social Sciences (BMS) at the

University of Twente (number: 220083) and data was collected from February to July 2022.

The Intervention

The Incredible Intervention Machine (TIIM App) was used to deliver one of 27 different

intervention versions to each participant. These were created through the 27 possible

combinations of the three intervention and technological factors (ITFs): content, feedback, and

design, each of which disposed of three diverse options (3x3x3 research design). Hence,

through the conjuncture of the three options across the three factors, 27 intervention versions

were established. All versions had 14 modules and the same build-up.

Through the factor content, interventions could be based on three different evidence-

based psychological approaches: the Meaning Intervention, Cognitive Behavioral Therapy, or

Positive Psychology. In line with the therapeutic approach, each intervention included an

explanation of the approach, psychoeducation for the content covered in the module, followed

by instructions for the exercises (see Figure 2). For instance, CBT based interventions included

the explanation that “CBT focuses on challenging and changing dysfunctional thoughts,

emotions, and/or related behaviors […]”. While the content of the first week focused on

reflecting, identifying and challenging dysfunctional thoughts, the second week explored ways

to change these. To illustrate, psychoeducation on day 1 explained schemas and cognitive

distortions. For the exercise, cognitive distortions were to be identified until the end of the day.

Feedback was delivered in three different forms after the completion of a module, with

all entailing the same content (see Figure 3). First, participants may receive feedback as a plain

text. Second, feedback was delivered by a virtual agent, where a drawn character was illustrated

on the screen with the same text as for the first group. Lastly, participants may have received

the text in form of spoken words by a human counselor as a prerecorded video.
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Figure 2

Illustration examples of psychoeducation and exercises for the psychological approaches.

Note. From left to right: explanation of the Meaning Intervention, psychoeducation for intervention day 1 of

Cognitive Behavioral Therapy, instruction for intervention day 1 exercise of Positive Psychology.

Figure 3

Illustration examples of feedback possibilities after an exercise.

Note. From left to right: feedback in form of plain text, feedback by a virtual agent, and feedback by a human

counselor as a prerecorded video.
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Each module ended with one of three possible designs (see Figure 4). In the competitive

gamification element, earned bricks were added from the left to the right stack, which

symbolized the participant’s progress and included the bricks that were collected on the days

before as well. The non-competitive gamification showed a storyline and illustrated the progress

with a person cycling to the next location of the intervention course. Lastly, if the intervention

entailed no gamification element, a calendar was depicted which showed the day of the

intervention.

Figure 4

Illustration examples of design possibilities.

Note. From left to right: competitive gamification, non-competitive gamification, no gamification element.

Personalization

As part of the personalization procedure, participants filled out a baseline survey

entailing an adjusted TWEETS questionnaire by Kelders et al. (2020) (see Table 2) which asked

them to indicate their expected engagement for each of the nine intervention options. The

meaning intervention, and cognitive behavioural therapy, and positive psychology were defined

and explained, including a corresponding screenshot of the intervention display with an

example exercise. Participants rated their expected engagement if an app used this specific

content. The same process was repeated for the feedback and design options (see Table 2).
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The total sum score was calculated for each option, ranging from 0 (= strongly disagree)

to 36 (= strongly agree), with higher sum scores indicating a participant’s assumption to be

more highly engaged with the intervention if the according option was entailed in the app. For

each of the ITFs (content, feedback, and design), participants in the experimental group

received the option which they rated they would be most engaged with, and therefore received

one of the 27 intervention versions that was personalized to them. When scoring equally on two

or more options of one factor, random.org was used to choose one option. The control group

was randomly assigned to one of the 27 intervention versions.

Table 2

TWEETS items adjusted for the baseline questionnaire to assess expected engagement for

content and app-specific options.

Item Content TWEETS items

1 Using an app with this content can become part

of my daily routine.

2 The content of this app is easy to use.

3 I will be able to use an app with this content as

often as needed to improve my anxiety.

4 An app with this content will make it easier for

me to work on decreasing my anxiety.

5 This content motivates me to decrease my

anxiety.

6 This content will help me to get more insight

into my anxiety.

7 I will enjoy using an app with this content.

8 I will enjoy seeing the progress I make by using

an app with this content.

9 An app with this content will fit me as a person.

Feedback and design TWEETS items

Using this version of the app can become part

of my daily routine.

This version of the app is easy to use.

I will be able to use this version of the app as

often as needed to improve my anxiety.

This version of the app will make it easier for

me to work on decreasing my anxiety.

This version of the app motivates me to

decrease my anxiety.

This version of the app will help me to get

more insight into my anxiety.

I will enjoy using this version of the app.

I will enjoy seeing the progress I make with

this version of the app.

This version of the app will fit me as a

person.

Note. The TWEETS scale by Kelders et al. (2020a) was adjusted for the personalization procedure. Content

TWEETS items focus on the factor content (Positive Psychology, Meaning Intervention, and Cognitive Behavioural

Therapy). Feedback and design TWEETS items on factors feedback (plain written text, virtual agent, and human

counsellor) and design (competitive gamification, non-competitive gamification, and no gamification). Rated on a

5-point Likert scale ranging from 0 (= strongly disagree) to 4 (= strongly agree).
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Materials

Engagement

To measure the level of engagement, the TWente Engagement with Ehealth

Technologies Scale (TWEETS) questionnaire by Kelders et al. (2020a) was utilized. It contains

9 items, measured on a 5-point Likert scale, ranging from 0 (= strongly disagree) to 4 (= strongly

agree), with overall engagement sum scores ranging from 0 (= strongly disagree) to 36

(= strongly agree). Three areas of engagement are measured, namely the behavioral, cognitive,

and affective engagement, with each being determined through 3 items. Items 1 to 3 (e.g. “this

app is part of my daily routine”) measure behavioral engagement, items 4 to 6 (“this app

motivates me to each my goal”) assess cognitive engagement, and items 7 to 9 (e.g. “I enjoy

using this app”) were used to indicate affective engagement. Behavioral, cognitive, and

affective engagement sum scores ranged from 0 (= strongly disagree) to 12 (= strongly agree).

Mean scores were calculated for overall, behavioral, cognitive, and affective engagement for

intervention days 1, 3, 7, and post-intervention. The scale possessed an excellent reliability for

overall engagement (α = .93), acceptable reliability for the behavioral engagement subscale

(α = .76), and a good reliability for the cognitive (α = .87) and affective subscales (α = .88),

which is in accordance with Kelders et al. (2020) who found a high internal consistency. While

the TWEETS was adjusted for baseline (see Table 2) and post-intervention (see Appendix A),

the regular scale was used on intervention days 1, 3, and 7 (see Appendix B).

Anxiety

The Generalized Anxiety Disorder screening (GAD-7) is a 7-item questionnaire, which

was developed by Williams (2014) and measures the extent to which participants experienced

anxiety symptoms within the last two weeks. Items include for instance “feeling nervous,

anxious, or on edge” and were scored on a 4-point Likert scale ranging from 1 (= not at all) to

4 (= nearly every day). Total sum scores were calculated for each participant, which span from

7 to 28. The cutoff score of 12 (adjusted to the scale of the study) indicates mild anxiety

(Williams, 2014). Sum scores were calculated for baseline, post-intervention, and follow-up.

The scales’ reliability has been found to be reliable (α = .79 - .91) (Williams, 2014). Cronbach’s

Alpha was calculated for this study, indicating a good reliability (α = .88).

Data analysis

The data was analyzed with IBM SPSS Statistics, Version 28. Data from the diverse

measurement points were merged into one dataset based on the participant IDs. If participants

filled out a questionnaire multiple times, the most complete was kept, and if all had the same

level of completion, the first response was chosen. The data set was converted into long format.
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First, a Shapiro-Wilk test was used to investigate whether the continuous variables were

normally distributed amongst the participants (see Appendix C). Overall-, behavioral-,

cognitive-, and affective engagement measures at intervention day 1, day 3, day 7, and at post-

intervention, as well as anxiety measures at baseline, post-intervention, and follow-up were

non-normally distributed. While the mean (SD) was reported for variables with a normal

distribution, the median (IQR) and non-parametric tests were chosen for variables with a non-

normal distribution. Second, descriptive statistics were used to explore the demographics,

anxiety, and engagement scores separately for the experimental and control group. Third,

bivariate analyses were computed with Pearson’s correlations between the personalization

group, engagement (at TD1, TD3, TD7, T1), and anxiety (T0, T1, T2) to investigate possible

relationships between the variables.

For research questions one and two, Mann-Whitney U tests were used to compare

anxiety mean scores and engagement median scores of the experimental and control groups.

For research question four, differences in anxiety scores of the three feedback groups were

investigated with the Kruskal-Wallis H tests. Followingly, generalized linear mixed models

were computed with participants indicated as the random factor, anxiety and engagement scores

as dependent variables, and group, time, and the interaction effect group*time as fixed factors.

Research question three was explored with a mediation analysis using IBM SPSS

Statistics extension PROCESS analysis, version 3.5, by Hayes (2017), with bootstrapping set

to 5000 resamples (Alfons et al., 2019). Analyses were run with general-, behavioral-,

cognitive-, and affective engagement mean scores as mediating variables. Group was the

independent variable and anxiety at post-intervention the dependent variable. To answer

research question five, Kruskal-Wallis one-way ANOVA tests were conducted to investigate if

there were significant differences between engagement scores of the feedback groups. Findings

had to possess a significance level of p < .05 to be interpreted as significant.

Results

Pearson’s Correlations Table

Table 3 depicts bivariate correlations, which indicate that people who were already more

engaged on the first day of the intervention also had the tendency to be more engaged at all

following measurement points of intervention day 3 (r = .72, p < .001), day 7 (r = .62, p < .001),

and post-intervention (r = .55, p < .001). Furthermore, those who were more engaged (at all

measurement points) depicted lower anxiety scores at post-intervention. Lastly, lower anxiety

scores at follow-up were associated with a higher engagement at intervention day 1 (r = -.22, p

= .036) and post-intervention (r = -.19, p = .049).
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Table 3

Pearson’s Correlations between variables Group (personalization), Overall Engagement (at Intervention

Day 1, 3, 7, and Postintervention (T1)), Anxiety (at Baseline, Postintervention (T1), and Follow-Up (T2)).

Group

Group 1

Engagement .1

day 1

Engagement .03

day 3

Engagement -.01

day 7

Engagement .01

post-intervention

Anxiety -.01

baseline

Anxiety -.06

post-intervention

Anxiety .01

follow-up

Engagement

day 1

1

.72**

.62**

.55**

.06

-.23**

-.22*

Engagement

day 3

1

.72**

.66**

.02

-.24**

-.12

Engagement

day 7

1

.76**

.01

-.21**

-.11

Engagement

post-intervention

1

.01

-.24**

-.19*

Anxiety

baseline

1

.48**

.28**

Anxiety

post-intervention

1

.68**

Anxiety

follow-up

1

Note. Correlations significant at *p < .05, ** p < .01 level (2-tailed).

Effect of Personalization on Anxiety (RQ1)

Results indicated that there are no significant differences in anxiety scores between the

experimental and control group at baseline (U = 6581.5, p = .954, r = -0.004), which supports

the comparability of the two groups. The generalized linear mixed model showed time to have

a significant effect on anxiety scores F(2, 532) = 24.58, p < .001. In line with descriptive

statistics (see Table 4 and Figure 2), anxiety scores were significantly lower at post-intervention

compared to baseline t(532) = 3.67, p = .005. However, anxiety scores significantly increased

again from post-intervention to follow-up t(532) = -2.77, p = .006 and were statistically as high

again as at baseline t(532) = 1.5, p = .131. Additionally, personalization did not have a

significant effect on anxiety scores F(1, 532) = .013, p = .908 and no significant interaction

effect of time*group was found F(2, 532) = .084, p = .920. Hence, while there were significant

changes in anxiety scores, no differences between the experimental and control groups were

found.
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Table 4

Descriptive Statistics and Mann-Whitney U test of Anxiety and Engagement measures for both

intervention groups.

Variable Measurement Group (personalization)

Experimental Control Mann-Whitney-U

Anxiety

Overall engagement

Behavioral engagement

Cognitive engagement

Affective engagement

Mdn IQR

Baseline 14 6

Post- 12 4

intervention

Follow-up 13 8

Day 1 26 4

Day 3 25 6

Day 7 24 6

Post- 24 9

intervention

Day 1 8.5 2

Day 3                       8 2

Day 7                       8 2

Post-                        8 3

intervention

Day 1 9 1.25

Day 3 9                 2

Day 7                     8.5 2.25

Post- 8 3.25

intervention

Day 1 9 1.25

Day 3 8                 2

Day 7 8                 3

Post- 8                 4

intervention

Mdn IQR U p

14 7.5 6581.5 .954

12.5 3.75 4525.5 .312

13 7.5 1468 .966

25 5 3628 .057

24 6 4237.5 .544

25 5 4072.5 .751

25 6.5 4895 .933

9 2 4197 .725

8 2 4434 .933

8 2 4021 .640

8 2 4925 .992

9 1 3937.5 .228

8 2.75 4298 .565

9 2 4145.5 .808

9 2 4649.5 .485

8 2 3678.5 .056

8               2           4193.5           .394

8             2.75          4107            .727

7.5 4 4554.5 .351
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Figure 2

Mean Anxiety Scores for Groups (Personalization) throughout the Intervention.

Effect of Personalization on Engagement (RQ2)

According to the generalized linear mixed model, there is no significant effect of

personalization on overall F(1, 749) = .554, p = .457, behavioural F(1, 749) = .026, p = .872,

cognitive F(1, 749) = .269, p = .604, nor affective engagement F(1, 749) = 1.38, p = .240.

Nonetheless, there was an approach to significance regarding differences in overall engagement

on intervention day 1 between the two groups (U = 3628, p = .057, r = -1.9), which may be due

to the marginally significant differences in affective engagement (U = 3678.5, p = .056, r =

-1.91), with the experimental group having scored higher (see Table 4). A significant effect of

time was found, with a progression in the intervention being linked with a decreased overall

F(3, 749) = 23.15, p < .001, behavioural F(3, 749) = 9.77, p < .001, cognitive F(3, 749) = 11.41,

p < .001, and affective engagement F(3, 749) = 27.31, p < .001 (see Figure 3).
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Figure 3

Mean Overall Engagement Scores for Groups (Personalization) throughout the Intervention.

Engagement Mediating the Relationship between Personalization and Anxiety (RQ3)

The 95% confidence interval entailed a 0 (-.49, .21), indicating overall engagement not

to mediate the relationship between personalization and anxiety (B = .19, SE = .58, p = .745)

(path c’1). In line with indications from bivariate correlations, high overall engagement was

associated with lower anxiety scores at post-intervention (B = -.19, SE = .06, p = .001) (path

b1). Comparable results were found for the other mediators, namely behavioral, congitive, and

affective engagement (see Table 5 and Figure 4). Hence, engagement was not found to mediate

the link between receiving personalized treatment and anxiety symptoms after the intervention.

Table 5

Mediation Analysis with General, Behavioral, Cognitive, and Affective Engagement mediating

the relationship between Personalization (Group) and Anxiety at Post-Intervention.

Mediator a

General engagement .04

Behavioural engagement          .06

Cognitive engagement              .05

Affective engagement .29

b total effect c

-.19** .11

-.51**        .11

-.50**        .11

-.48** .11

indirect effect a

x b (CI 95%)

-.08 (-.49, .21)

-.03 (-.42, .24)

-.04 (-.44, .25)

-.15 (-.58, -.14)

direct effect c´

.19

.14

.11

.21

Note. Bootstrap correction for indirect effect a x b (5000 resamples). *p < .05, **p <.01
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Figure 4

Mediation Model.

Feedback by Human Counselor and Anxiety (RQ4)

The generalized linear mixed model indicated a significant effect of feedback groups

F(2, 529) = 5.278, p = .005. While participants receiving human counselor video feedback had

the lowest anxiety scores and significant differences between the feedback groups’ anxiety

scores were found at post intervention (χ2(2) = 11.34, p = .003) and follow up (χ2(2) = 4.81, p =

.091), findings may have resulted from already significant differences at baseline (χ2(2) =

6.73, p = .035) (see Table 6 and Figure 5). In line with findings from RQ1, time had a significant

effect on anxiety levels F(2, 529) = 24.474, p < .001, with all three groups showing decreased

anxiety at post-intervention, followed by an increase at follow-up (see Figure 5). No interaction

effect of feedback group*time F(4, 529) = 1.681, p = .153 was found.

Table 6

Median Post-Intervention Anxiety Scores for Feedback groups, Kruskall-Wallis H test.

Variable Measurement point

Plain Text

Feedback group

Virtual Avatar Human

Counsellor Video

Kruskal-

Wallis H

Anxiety Baseline (T0)

Post-intervention (T1)

Follow-up (T2)

Mdn IQR Mdn IQR

14.5 5.25 17 7.25

13 4 13 3.5

14.5 8.5 14 6.25

Mdn IQR χ2 p

13 5 6.73 .035

12 4 11.34 .003

12 7 4.81 .091
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Figure 5

Mean Anxiety Scores for Feedback Groups throughout the Intervention.

Prescripted Video Feedback by Human Counselor and Overall Engagement (RQ 5)

Descriptive statistics illustrate that all three feedback groups experienced a decrease in

engagement throughout the intervention (see Table 7, Figure 6). While the human counsellor

feedback group’s overall engagement score had slightly increased again on intervention day 7,

it decreased again thereafter. Nonetheless, the Kruskal-Wallis H test showed no significant

differences in overall engagement scores between the three feedback groups (see Table 7).

Table 7

Median Overall Engagement Scores for Feedback groups.

Variable Measurement point

Plain Text

Feedback group

Virtual Avatar Human Kruskal-

Counsellor Video Wallis H

Mdn IQR Mdn IQR Mdn

Engagement Day 1 (TD1) 25.5 4 26 3.75 25

Day 3 (TD3) 25 5.5 24 6 25

Day 7 (TD7) 25 6 24.5 6 24

Post- Intervention (T1) 25 10.75 24 7.5 24

IQR χ2 P

4 .699 .705

6.5 1.016 .602

6.5 .528 .768

8 .919 .632

Note. For Plain Text N = 68, Virtual Avatar N = 65, Human Counsellor Video N = 97.
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Figure 6

Mean Overall Engagement Scores for Feedback Groups throughout the Intervention.

Discussion

Results indicate that people with a personalized 2-week DHI do not experience higher

reductions in anxiety symptoms, nor increased engagement than those with a non-personalized

intervention. In line with this, engagement did not mediate the relationship between

personalization and anxiety symptoms at post-intervention. Meanwhile, results suggest that

participants with a higher general, behavioural, cognitive, and affective engagement experience

lower anxiety levels post-intervention compared to those with low engagement scores. Overall,

participants’ anxiety scores decreased significantly by post-intervention, but increased again by

follow-up. While those with human councelor video feedback had lower anxiety scores at all

time points, findings are most likely due to already significant group differences at baseline.

Lastly, engagement scores decreased throughout the intervention, and were not different

between the three feedback groups.

Principal Results and Practical Implications

The main finding was that there were no significant differences in engagement scores

between the personalized and non-personalized intervention. This was unexpected as a

personalized intervention was assumed to be linked with higher engagement levels based on

previous indications in literature (Burley et al., 2020; Kelders et al., 2020a, Kelders et al.,

2020b). For instance, in a study by Couper et al. (2010), participants who received a tailored
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DMHI to promote the consumption of fruit and vegetables were more engaged than those

without a tailored intervention. To the writer’s knowledge, this was the first quantitative study

regarding the relationship of personalization and DMHI engagement (Burley et al., 2020).

However, multiple study findings point to the suggestion that insignificant findings may

be due to a lacking personalization approach. First, near significant differences in engagement

scores on intervention day 1 were found, with the experimental group scoring higher for overall

and affective engagement than the control group. Significant results would suggest users to

enjoy a DMHI, which is personalized to their wishes and preferences, more and feel like it fits

them more as a person. These results support suggestions of engagement being a mechanism

through which personalization works (Burley et al., 2020) and that the personalization was

insufficient. Secondly, engagement decreased for both groups throughout the intervention. This

substantiates the indication by Yardley et al. (2016) that maintaining engagement is difficult in

self-help DMHIs without human support, but also implies that the personalization approach

could not counter their absence. Meanwhile, the approach could still be useful if improved, as

based on study results, a high user engagement throughout a 2-week-intervention may be

predictive of lower anxiety levels post-intervention, and even 5-6 weeks after the end of the

intervention. This matches indications of a positive link between engagement and DMHI’s

effectiveness (Kelders et al., 2020; Alkhaldi et al., 2017). Thirdly, the experimental group did

not show significantly larger decreases in anxiety scores, which was unexpected. For instance,

Fisher and Boswell (2016) found personalization to increase the intervention’s efficacy in

improving anxiety. Yet, the personalization approach substantially deviated, as Fisher and

Boswell (2016) collected data for 30 days to design tailored treatment plans.

Considering these findings and literature, engagement may be an indispensable aspect

for intervention efficacy and mechanism through which personalization works. The inability to

increase the experimental group’s engagement suggests that the personalization approach did

not work, which limits the ability to make conclusions on the efficacy of personalization.

Multiple factors may explain why the used personalization approach was lacking. First,

though the experimental groups’ ITF options matched their expected engagement, they were

fixed and displayed in the same manner to all. Hence, the system was not truly tailored to the

“characteristics, preferences, interests, and needs of users”, which is the aim of personalization,

and may have led to a low interest and engagement of the users (Kocaballi et al., 2019).

Connected to that, while CBT was a content option and is a promising treatment for anxiety

(Lehtimaki et al., 2020), there are many sub-diagnoses, like social and general anxiety,

requiring different treatment approaches and exercises (Bertie & Hudson, 2021). For instance,
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in the Challenger App by Miloff et al. (2015), users specified their anxiety triggers and names

of family and friends, which were used to personalize challenges. Hence, the rather general

factors may not have accounted for individual user needs, making the intervention unpersonal

(Lattie et al., 2019). This may have led the experimental group not to be significantly more

engaged and not to experience larger improvements in anxiety.

Second, the creation of the control group’s intervention versions may have been flawed.

While several participants randomly received an intervention which matched their expected

engagement at baseline, a considerable number got at least one or two of their suiting options.

This may have skewed results as it decreased the difference in the degree of personalization

between the two groups. Lastly, while participants experienced anxiety scores above the cutoff,

indicating mild anxiety (Williams, 2014), respondents may nonetheless have participated in the

study not because they suffered under their anxiety and had planned to start therapy, but to

receive SONA points. Hence, the target group may not have been intrinsically motivated to

change, and with motivation being proposed as a main criterion for engagement in mental health

treatment (Jochems et al., 2012), no intervention may have been able to engage them.

Another finding was that participants’ anxiety scores had significantly decreased after

the intervention. While the systematic review by Grist et al. (2017) did not find apps to improve

anxiety in young people, study results support findings of a RCT by Bendtsen et al. (2020), who

concluded their DMHI to have a protective effect on university students’ anxiety symptoms.

However, the samples’ anxiety scores increased again between post-intervention and follow-

up and were even statistically equivalent to baseline levels. This adds to the systematic review

by Välimäki et al. (2017). Two studies performed follow-ups after 3-5 months, which, however,

also no longer yielded improvements in anxiety symptoms (Välimäki et al., 2017). Regarding

the little research of DMHIs’ long-term effectiveness (Lehtimaki et al., 2021; Välimäki et al.,

2017), the present study adds to literature with the practical implication that while DMHIs may

decrease anxiety, improvements may not be sustainable. However, as the control group also

received an intervention, study findings cannot indicate whether observed changes in anxiety

scores were due to the received intervention or confounding variables.

Lastly, results illustrate that participants with human counselor video feedback had

significantly lower anxiety scores at post-intervention and follow-up than those receiving

virtual avatar and plain text feedback. However, significant differences were already present at

baseline, hence, the groups were not suitable for comparison. Nonetheless, findings may also

have been skewed due to uneven group sizes, with most users receiving human counselor

feedback. This has a practical implication, as over half of participants in the experimental group
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chose this feedback method, reflecting it to be the option users expected to be engaged with the

most. This matches indications in literature regarding users’ preference to have some sort of

personal contact with their therapist (Pretorius et al., 2019). If this suggestion is verified by

future research, it would imply to incorporate users’ wish of obtaining human counselor

feedback in the value specification and design stages of the CeHRes roadmap to improve the

match between the technology features and users’ needs (Kip & van Gemert-Pijnen, 2018).

Strengths and Limitations

A strength of this design was the usage of a randomized control trial (RCT), as well as

a factorial design. First, literature uses the term “black box” of eHealth to refer to limited

insights into the technology-user-interaction (Black et al., 2011). This RCT helped to "open the

black box" by depicting time-varying effects through measuring engagement and anxiety over

a time span (Chen et al., 2022). Second, the factorial design enabled the creation of 27 different

interventions and numerous possibilities to tailor the intervention to the users, increasing the

chance of a good intervention-user-match (Gunst & Mason, 2009).

One methodological shortcoming concerns the participant IDs, on which responses from

different time points were matched. First, the system allowed different participants to create the

same code at baseline. Second, some participants made spelling mistakes when reporting their

IDs in post-, and follow-up questionnaires. While IDs were matched manually in case of letter

case discrepancies, several participants made more severe mistakes, where responses could not

be matched and were lost. Next, with a rather healthy sample, the generalizability to clinical

populations of university students is limited. Connected to that, as convenience sampling was

used and participation was awarded with SONA points, this may not have recruited suitable

participants who felt the need to improve their anxiety symptoms.

Future Research

First, regarding research limitations, future studies are suggested to automatically

generate participant IDs to avoid dublicates, and to include a safety system which only allows

proceeding to a questionnaire if participants indicated a valid ID. Secondly, it is advised to

recruit participants who experience their anxiety as clinically relevant, such as students who are

on the waiting list for psychological counselling at universities. Third, regarding the “black

box”, future research is advised to investigate how, why, and specifically for whom (Coughlin

et al., 2017) a higher engagement may be associated with lower anxiety symptoms, which will

followingly improve tailoring DMHIs to users and increase intervention efficacy.

Fourth, to improve personalization, participants’ characteristics may be included to

increase personal relevance (Kocaballi et al., 2019). Next, tailoring DMHIs based on algorithms
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has also been related to better intervention outcomes (Lustria et al., 2013), and could be used

to adjust the content and exercises of upcoming modules based on individual progress.

Furthermore, flexible factors are advised to be developed, for instance by using AI to customize

feedback and to choose exercises based on users’ anxiety type and triggers (Miloff et al., 2015).

Lastly, there was no indication to why engagement decreased throughout the

intervention. There is much uncertainty how to stimulate and promote engagement (Kelders,

2019; Yardley et al., 2016). With engagement being a process (Kelders, 2020b), and this study

having succeeded in getting users engaged, it vital to investigate its’ maintenance and re-

engagement. Exploratory research is suggested, such as a mixed study design with open

questions in the TIIM app. This may give an explanation to why users felt less engaged (Chen

et al., 2022) and what to incorporate in DMHIs to stabilize engagement. Future research is vital,

as study findings showed higher engagement to be linked to lower anxiety scores at follow-up.

Hence, anxiety scores may have stayed low at follow-up if engagement levels had been

maintained throughout the intervention.

Conclusion

As DMHIs receive increasing attention with their potential to add to contemporary

therapy, this study contributes to research through investigating the effect of personalization.

While personalization was not found to be associated to engagement and anxiety symptoms,

this may be due to methodological shortcomings, which indicate recommendations for future

studies to improve personalization. Moreover, human counselor video feedback is suggested to

be the feedback method users’ expect to be most engaged with. Additionally, this research adds

to literature with the novel finding that engagement may be linked to anxiety symptoms several

weeks after completing the treatment. It is suggested to further investigate how to maintain

engagement throughout DMHIs. By stabilizing engagement, intervention efficacy may be

increased, leading to reduced anxiety levels amongst university students and lowering the

overload of professional care.
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Appendix A

The Adjusted TWEETS to measure Engagement at Post-Intervention.

Item Thinking about using this app the last week, I feel that:

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 improve my anxiety

4 this app made it easier for me to work on decreasing my anxiety

5 this app motivated me to decrease my anxiety

6 this app helped me to get more insight into my anxiety

7 I enjoyed using this app

8 I enjoyed seeing the progress I made in this app

9 this app fit me as a person

Appendix B

The TWEETS by Kelders et al. (2020a).

Item Thinking about using this app the last week, I feel that:

1 this app is part of my daily routine

2 this app takes me little effort to use

3 I'm able to use this app as often as needed to improve my anxiety

4 this app makes it easier for me to work on decreasing my anxiety

5 this app motivates me to decrease my anxiety

6 this app helps me to get more insight into my anxiety

7 I enjoy using this app

8 I enjoy seeing the progress I make in this app

9 this app fits me as a person

Construct

Behavior

Behavior

Behavior

Cognition

Cognition

Cognition

Affect

Affect

Affect
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Appendix C

Variable Shapiro-Wilk Test

Age

General engagement Day 1

General engagement Day 3

General engagement Day 7

General engagement Post-intervention (T1)

Behavioral engagement Day 1

Behavioral engagement Day 3

Behavioral engagement Day 7

Behavioral engagement Post-intervention (T1)

Cognitive engagement Day 1

Cognitive engagement Day 3

Cognitive engagement Day 7

Cognitive engagement Post-intervention (T1)

Affective engagement Day 1

Affective engagement Day 3

Affective engagement Day 7

Affective engagement Post-intervention (T1)

Anxiety Baseline (T0)

Anxiety Post-intervention (T1)

Anxiety Follow-up (T2)

Statistic

.960

.960

.957

.951

.956

.935

.942

.940

.939

.932

.945

.935

.916

.939

.948

.949

.961

.946

.968

.941

df Sig.

141

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

141 <.001

107            .001

107            .000

107 .001


