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Abstract
Background  Many digital mental health interventions meet low levels of use. However, current use measurement 
methods do not necessarily help identify which intervention elements are associated with dropout, despite 
this information potentially facilitating iterative intervention development. Here, we suggest improving the 
comprehensiveness of intervention use measurement with the user journey method, which evaluates every 
intervention element to identify intervention-specific use barriers.

Methods  We applied user journey method in a clinical trial that investigated the efficacy of a novel game-based 
intervention, Meliora, for adult Major Depressive Disorder. We modelled the intervention for its four technological 
(Recruitment, Website, Questionnaires, Intervention Software) and two interpersonal elements (Assessment, Support). 
We then applied the user journey method to measure how many users proceeded from one element to the next 
combining social media analytics, website use data, signup data, clinical subject coordinator interview data, symptom 
questionnaire data, and behavioral intervention use data. These measurements were complemented with the 
qualitative analysis of the study discovery sources and email support contacts.

Results  Recruitment: The intervention recruitment reached at least 145,000 Finns, with social media, word-of-mouth, 
and news and web sources being the most effective recruitment channels. Website: The study website received 16,243 
visitors, which led to 1,007 sign-ups. Assessment: 895 participants were assessed and 735 were accepted. Intervention 
Software: 498 participants were assigned to the active intervention or comparator, of whom 457 used them at least 
once: on average, for 17.3 h (SD = 20.4 h) on 19.7 days (SD = 20.7 d) over a period of 38.9 days (SD = 31.2 d). The 28 
intervention levels were associated with an average dropout rate of 2.6%, with two sections exhibiting an increase 
against this baseline. 150 participants met the minimum adherence goal of 24 h use. Questionnaires: 116 participants 
completed the post-intervention questionnaire. Support: 313 signed-up participants contacted the researchers via 
email.

Conclusion  The user journey method allowed for the comprehensive evaluation of the six intervention elements, 
and enabled identifying use barriers expediting iterative intervention development and implementation.
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Contributions to literature

 	• Evaluation of digital intervention use has been 
summative and often focused solely on intervention 
software.

 	• The user journey method could facilitate measuring 
how users interact with every intervention element.

 	• We illustrate this method with a case study of a novel 
game-based digital intervention for adult depression.

 	• The user journey method enabled detailed 
measurement of intervention use and the 
identification of use barriers.

Introduction
Underused intervention use data
Digital mental health interventions are expected to 
improve the availability of and access to health care. 
However, digital interventions often face challenges in 
reaching their audience and attracting users [1–4]. When 
the users are found, their indicated interest does not 
necessarily lead to sufficient use [5], and dropping out is 
common [6–8], which diminishes the intervention effec-
tiveness [9, 10]. Furthermore, a recent review examining 
digital interventions for depression found that lab-based 
efficacy trials reach significantly better results than effec-
tiveness trials [11]. Resolving these challenges is essential 
for digital interventions to achieve impact in real-world 
environments [12–15].

Use measurement is a vital part of digital intervention 
evaluation. Also known as analytics [16] and log data 
[17], intervention use measurement evaluates how and 
how much the patient interacts with the intervention. 
High levels of use may indicate acceptability and feasibil-
ity [18], which facilitate intervention implementation [19, 
20]. However, intervention use data is infrequently and 
inconsistently measured and reported [5, 21–23], with 
only 6% of 160 eHealth studies examining log data [17]. 
Another review of 100 clinical trials found that while 90% 
of trials gathered some use data, only 39% investigated 
the level of intervention use [24]. Moreover, the studies 
commonly used heterogeneous metrics with a review of 
25 studies finding 71 different metrics being used [22]. 
The variance in the metrics reflects the lack of standard-
ization, the challenges in gathering and analyzing use 
data, and the need to adapt the metrics to intervention-
specific features and the technologies employed in their 
implementation [21, 24, 25]. There is a need to improve 
the intervention use data measurement.

User journey method
Digital intervention evaluation often concentrates on 
the product, the intervention software [2], even if digital 
interventions often also include other elements [26, 27]. 
These elements can be interpersonal, such as assessment 
and therapeutic interactions, and technological, such as 
websites and measuring devices. While the intervention 
software typically contains the mechanisms of action 
that are proposed to have a causal effect on behavioral 
change [28, 29], other intervention elements are required 
to enable and support these beneficial interactions [9, 11, 
30], and they act as necessary but not sufficient factors for 
behavioral change. Indeed, Mohr et al. [2] and Shaw et al. 
[31] have suggested turning attention from the product 
to the service—a superordinate concept encompassing all 
intervention elements required to create value.

The user journey method facilitates the comprehensive 
measurement of all intervention elements: it examines 
the whole pathway the user needs to take to gain ben-
efits [32]. The user journey method belongs to a school 
of person- or user-centered approaches [17, 33–35] and 
associated methods have earlier been described as a criti-
cal pathway [36], critical path [37], care pathway [38], 
customer journey [39], patient journey [4, 40–42], pro-
cess map [41], and service blueprint [43]. Here, we adopt 
the concept of user journey, which is commonly used 
in the context of digital services. To date, the user jour-
ney method has rarely been applied in digital interven-
tion development [15, 44], presenting an opportunity to 
improve intervention evaluation.

User journey evaluates intervention use temporally. 
Users follow a process of discovering new services, try-
ing them, engaging in continued use, discontinuing use, 
and potentially returning later [32, 45, 46]. This temporal 
approach helps identify patterns in the rapidly evolving 
field of digital health [47]. For instance, installed soft-
ware is launched, whereas browser-based software may 
require logging in—yet both user actions mark the start 
of intervention use. At each step, users may decide to dis-
continue using the intervention [45, 48], and user journey 
seeks to determine when the dropout occurs. Moments 
of increased dropout can indicate a use barrier regard-
ing intervention content, associated processes, or their 
implementation [49, 50], and identifying these barriers 
helps developers iteratively refine intervention elements. 
Thus, user journey facilitates continuous intervention 
evaluation [51–53] encompassing design, evaluation, 

Trial registration  ClinicalTrials.gov, NCT05426265. Registered 28 June 2022, ​h​t​t​p​​s​:​/​​/​c​l​i​​n​i​​c​a​l​​t​r​i​​a​l​s​.​​g​o​​v​/​c​​t​2​/​​s​h​o​w​​/​N​​C​T​0​
5​4​2​6​2​6​5.
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redesign, and further data gathering [13] to gradually 
enhance intervention quality.

The study aim
This study introduces the user journey method to 
advance digital intervention use measurement. We model 
our case study intervention, Meliora, for its elements, 
and conduct a literature overview to identify common 
intervention use metrics. Then, we apply the user jour-
ney method to measure how many participants progress 
from one intervention element to the next, and comple-
ment this quantitative evaluation with two qualitative 
datasets. This study is intended for digital intervention 
researchers, designers, and developers who engage in 
iterative user-centered design and seek to translate their 
research from clinical studies to real-life environments.

Methods
Study overview
The present study is conducted as a sub-study in a clini-
cal trial that investigated the efficacy (reported else-
where) of a novel game-based digital mental health 
intervention, Meliora, in alleviating adult Major Depres-
sive Disorder (MDD). The study participants were 
18–65-year-old Finnish adults with interview-confirmed 
MDD. The comparator-controlled Randomized Con-
trolled Trial (RCT) received positive appraisals from the 
Helsinki University Hospital research ethics commit-
tee (HUS/3042/2021) and Finnish Medicines Agency 
Fimea (FIMEA/2022/002976) and was preregistered on 
ClinicalTrials.gov [54]. The participants signed up for the 
study between 1.8.2022 and 30.4.2023, were accepted to 
the study before 21.6.2023, and completed the 12-week 
intervention period before 21.9.2023. These partici-
pants (Nenrolled = 1,007, Nincluded = 735) constitute a rep-
resentative sample of the total cohort (Nenrolled = 1,384, 
Nincluded = 1,001) of the trial, representing 72,7% of 

enrolled and 73.4% of included participants. Three par-
ticipants requested their data to be excluded. The study 
participant characteristics were described in detail in a 
previous mixed methods study [46], and intervention 
user experience in a previous qualitative study [55].

Modelling case study user journey
We modelled the case study intervention for its elements. 
It consisted of four technological (Recruitment, Website, 
Questionnaires, Intervention Software) and two interper-
sonal elements (Assessment, Support), and the processes 
that integrated the elements with each other (Fig. 1). 
The modelled service closely resembled how consumers 
might discover, adopt, and use digital interventions in 
real-world settings, thereby supporting the study’s eco-
logical validity [53, 56]. As such, the user journey method 
can facilitate effectiveness/implementation hybrid trials 
that study intervention effectiveness alongside its imple-
mentability [13, 57, 58].

We conducted a brief overview [59] on digital interven-
tion use metrics. This literature search focused on recent 
English-language literature and identified five report-
ing frameworks [5, 23, 60–62] and three reviews [21, 
24, 63] (Additional file 1). The reviews described how 
digital intervention use has been measured, while frame-
works made suggestions on how intervention use could 
or should be measured often drawing on prior practices. 
From this literature, we identified eight metrics, sum-
marized in Table 1. This overview highlighted consistent 
agreement on measuring intervention launches and total 
use time, but substantial variation in other use metrics. 
This variance likely reflects the diversity of digital inter-
ventions, their target audiences, and intended uses [61]. 
We based the user journey intra-intervention use met-
rics on this overview, with two exceptions: we distin-
guished between service provider and peer interactions 
as they require different resources and serve distinct aims 

Fig. 1  The modelled user journey of Meliora. The game-based digital intervention consists of six elements and the process that integrates the distinct 
elements into a service
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[64–66], and we categorized downloads within launches, 
as not all interventions are downloaded.

While many studies have focused on intra-intervention 
use metrics, the pre- and post-intervention stages have 
received less attention [45]. To evaluate the whole mod-
elled service, we examined other studies and identified 
pre-intervention use metrics including reach [67, 68], 
interest [69], assessment [70], and purchase [71], and as 
well as post-intervention metrics such as follow-up mea-
surements [72], and re-engagement [45]. We organized 
these metrics temporally along the user journey (Table 2). 
We consider these intervention use metrics an extension 
of what Pham et al. [62] describe as a “library”: they pro-
vide structure for use data measurement, but researchers 
and developers must consider them alongside interven-
tion-specific elements (see Fig. 1) as not all phases are 
relevant for every intervention.

We applied the user journey method to measure the 
use of Meliora. Our use data sources were social media 

analytics, website use, sign-up data, Clinical Subject 
Coordinator (CSC) interview data, symptom question-
naire data, and behavioral intervention use data. These 
data were complemented by two sets of qualitative data: 
CSC interview data detailing where participants had dis-
covered the study, and participant email support contact 
data. This approach converges with the recommenda-
tion to use mixed methods in intervention evaluation 
[17, 22, 25, 26], and the mixed methods research design 
was reported aligned with the checklist by Lee et al. [73] 
(Additional file 2).

Pre-intervention use measurements
The study recruitment combined mass media and tar-
geted channels. We recruited participants through 
healthcare partner referrals, social media (such as Face-
book, Instagram, and Reddit), as well as email campaigns 
and posters placed mainly at university campuses. Online 
news features in the Finnish National Broadcasting 

Table 1  Literature overview describes how digital intervention use metrics are varied. References: [1] [21], [2] [61], [3] [63], [4] [62], [5] 
[24], [6] [60], [7] [23], [8] [5]

Studies
Use metric [1] [2] [3] [4] [5] [6] [7] [8] Count (%)
Launches x x x x x x x x 8 (100%)
Use time x x x x x x x x 8 (100%)
Software interactions x x x x x x 6 (75%)
Modules completed x x x x x 5 (63%)
Use frequency x x x x 4 (50%)
Adherence x x x 4 (50%)
Downloads x x 2 (25%)
Social interactions x x 2 (25%)

Table 2  User journey method organizes digital intervention use metrics temporally. These use metrics are organized into pre-, intra-, 
and post-intervention stages
The user journey
Stage Concept Use metric Associated concepts
Pre-intervention Reach N (number of ) people who heard about the 

intervention
Discovery

Interest N people who exhibited interest in the intervention Click, like, website visitor, sign up, registration
Assessment N people who were assessed Evaluation, exclusion, inclusion, allocation
Purchase N people who purchased the intervention Subscription, reimbursement

Intra-intervention Launches N intervention launches Login, open rate, session, access, take up, 
adoption, download, installation

Use time N hours the intervention was used Level of use, duration, time spent
Use frequency N days during the use occurred Use pattern, frequency of interactions, attri-

tion, churn, dropout, rate of return
Software interactions N interactions with intervention content Access, view, activity, page hit, post, exercise
Service provider 
interactions

N interactions with the service provider Email, call, meeting, message

Peer interactions N interactions with other intervention users Message, post
Module completion N people completing a particular module Progress, level, lesson
Adherence N people meeting the pre-defined use goals Compliance, completion

Post-intervention Follow-up N people reached in the follow-up Relapse
Reuptake N people returning to use the intervention Re-engagement, return
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Company (Yle), Aalto University website, and digital 
gaming community Assembly facilitated the effort to 
reach potential participants. To evaluate intervention 
reach, we only had access to Meta Business Suite (MBS) 
data, which described the number of people reached in 
Facebook and Instagram. We considered this the lower-
bound for the number of participants reached.

The various recruitment efforts converged on the study 
website, where use data was gathered using Piwik PRO 
Analytics Suite (PPAS). PPAS and MBS comply with the 
European Union General Data Protection Regulation 
(GDPR). The website landing page included information 
about the study and its inclusion and exclusion criteria. 
When proceeding further, the second page included a 
detailed informed consent form (Additional file 3) that 
was signed digitally, and a background questionnaire 
designed for this study (see Appendix 3 in [46]). The 
sign-up data was gathered and stored securely on Hel-
sinki University servers with access control and a tailored 
monitoring user interface that was developed by the third 
author.

The digital sign-up process added the participants to 
the CSC assessment queue. To avoid delays in assess-
ment, we controlled the influx of participants by regulat-
ing the intensity of the recruitment activities. The CSC 
evaluated participant suitability for the study against the 
inclusion and exclusion criteria in a remote telephone 
interview assessment (Additional file 4), gave the partici-
pant an overview about the study process, and answered 
any participant questions. The CSCs included the second 
author who is a licensed psychologist, the third author 
who has experience in mental health work and informa-
tion technology development, and the fourth author who 
has a candidate’s degree in psychology. The CSCs were 
supported by a licensed psychologist (the first author), 
who is experienced in clinical psychology and service 
design, and the coordinating researcher (the seventh 
author). Unclear cases were frequently discussed and 
negotiated to ensure compliance with the clinical inves-
tigation plan. Notably, the assessment phase included the 
researchers potentially excluding the participant. In other 
phases, the participants made the decision to continue or 
discontinue the intervention use.

We analyzed how the users discovered the intervention 
using PPAS and CSC interview data. PPAS data included 
the digital referral source, but this data could not identify 
direct referral sources such as email campaigns, private 
digital channels, and typing the landing page address to 
the browser from handouts, posters, news, or word-of-
mouth (WOM) recommendations [74]. To study the 
recruitment performance of direct sources, the CSC 
asked the participants where they had heard about the 
intervention. The first author coded and categorized [75] 
the CSC entries in Excel (Microsoft). The approach to the 

coding was descriptive which was aligned with the brev-
ity of the data [76]. The first and fourth authors reviewed 
the coding in a sense-making session. If the participant 
mentioned two channels, the latest or most prominent 
reason was coded as the discovery source. For example, 
“My friends saw the news about the study in Yle [national 
news], and conveyed the information to me” was coded 
with word of mouth as the discovery source.

Intra-intervention measurements
The study included three arms, and the subjects were 
automatically and equally randomized into one of them. 
The participants in the active intervention (MEL-T01) 
and active comparator (MEL-S01) arms began the study 
with a 12-week intervention period while engaging 
in treatment-as-usual (TAU) and then continued to a 
12-week follow-up period with TAU only. The partici-
pants in the TAU arm began the study with a 12-week 
waiting period with TAU only and then were assigned 
to use one of the intervention versions randomly while 
engaging in TAU.

The active intervention (MEL-T01) was a game-based 
digital mental health intervention [77]. It implemented 
cognitive training resembling a fast-paced, single-player 
action and strategy game (Fig. 2). The intervention mech-
anisms of action were based on previous research that 
has found that depression is associated with cognitive 
impairment, and that computerized cognitive training 
could alleviate this impairment and the depressive symp-
toms [78–80]. To facilitate the training impact, the inter-
vention level of challenge was adapted to the participant’s 
performance between rounds. The active comparator 
(MEL-S01) was highly similar to the active intervention, 
apart from specific cognition-training features. Regard-
less of which intervention software version the partici-
pant was assigned to, the five other intervention elements 
were identical (see Fig. 1). Due to these considerable sim-
ilarities, we examined the user journey of both interven-
tion versions together.

The primary and secondary intra-intervention use met-
rics were use time and level progression. The former was 
adopted because we assumed a dose–response relation-
ship between cognitive training and symptom reduc-
tion based on previous research [80]. The participants 
were instructed to interact with the intervention several 
times per week, for at least a total of 24 h (2 h weekly), 
or preferably 48 h (4 h weekly), during the intervention 
period. The main screen visualized the intervention use 
hours and levels in total and per week. The interven-
tion could be used for a maximum of 90 min per day and 
only during the 12-week intervention period, which was 
digitally and automatically enforced. Level progression 
acted as the secondary use metric. The intervention was 
divided into 28 levels, through which the user progressed 
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following a story inspired by Cognitive Behavioral Ther-
apy (CBT). After completing the 28th level, the partici-
pant could interact with the fully unlocked intervention. 
The participant often needed to play one level several 
times (“rounds”) to progress through the levels.

Intervention adherence was defined based on use time 
and completion of symptom questionnaires. A total 
use time of 24 h was the minimum threshold for being 
included in the efficacy evaluation. The participants were 
requested to fill the baseline symptom questionnaires 
(T0) before the CSC admitted them to the study. Thereaf-
ter, the participants received a link to the questionnaires 
via email 4, 8, and 12 (T1–T3) weeks after the study had 
commenced, and a follow-up questionnaire was sent 12 
weeks after the intervention period had ended (T4). The 
T0 questionnaire battery included 11 individual ques-
tionnaires, and the T1–T4 batteries included 10 ques-
tionnaires. The questionnaire batteries consisted of, 
for instance, Finnish translations of standardized ques-
tionnaires measuring depression severity [81], anxiety 
severity [82], and well-being [83]. Here, we do not ana-
lyze questionnaire responses, but measure whether the 
participants filled the questionnaires as an indication of 
adherence. The participants had 2 weeks to complete the 
questionnaires and could not interact with the software 
before completing them or until the 2 weeks had passed. 
At the end of the study period, the participants were 
compensated according to the Finnish Ministry of Social 
Affairs decree [84]: 50€ for meeting the 24 h and 120€ for 
meeting the 48 h adherence goal, providing they had also 
responded to the symptom questionnaires.

The intervention software was developed in Unity 
(Unity Technologies), distributed to accepted partici-
pants using the Steam (Valve Corporation) platform, 
installed and used on the participant’s personal Win-
dows (Microsoft) computer, and used at the partici-
pant’s premises. Intervention access was controlled with 

username and password (see Fig. 2 for login screen). The 
intervention use was measured with data sent from cli-
ent software to Aalto University servers after each round. 
The data included a timestamp, level, duration of play, 
and intervention optimization parameters. Intervention 
level data from two participants was missing. Some par-
ticipants also took part in a brain imaging sub-study, con-
ducted at Aalto University or Helsinki University, which 
was not examined here because of its optionality.

Post-intervention measurements
We measured how many participants had used the inter-
vention for at least 24 h and had completed the follow-
up questionnaire battery that was sent 12 weeks after the 
intervention period had ended (T4).

Support contact analysis
Participant-initiated email contacts were analyzed with 
two aims: to explore use barriers across intervention ele-
ments, and to measure the quantity and frequency of 
the contact requests to evaluate the resources needed 
to manage the intervention [4]. Emails were the primary 
mode of communication between the participants and 
the researchers. The participant could contact the CSC 
directly via email or report an issue within the interven-
tion software, whereafter the contact continued over 
email. The first and second authors designed a process 
for analyzing the frequency and content of the email con-
tacts (Additional file 5).

The approach to coding the email content was primar-
ily descriptive, as opposed to interpretative, aiming to 
characterize the topic of the contact [76]. This approach 
was chosen because the participants often used succinct 
language in the emails with the intention to resolve a 
particular practical issue. For instance, one email stated: 
“When and to whom should I give my bank account info 
in order to receive my gaming reimbursement”, which 

Fig. 2  The intervention software log-in screen introduces the intervention aesthetics. The translation of the Finnish text is: “Insert here the game credentials 
you have received via email. Username. Password. Sign in. [✓] Remember me. Did you forget your password? Contact meliora@aalto.fi”
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was categorized as “Reimbursement”. When the email 
included more than one distinct topic, all were coded. 
The email topics were further categorized based on 
whether they concerned a particular intervention ele-
ment or an integration of elements. For instance, a con-
tact: “I am unable to login to Meliora anymore, even 
though I think the password is correct. How can I reset my 
password?” concerned the intervention software, whereas 
“Hi, I would like to verify on which day the study starts 
for me, or has it already begun? I have sent the applica-
tion, filled in the questionnaires and been through the 
coordinator interview” concerned how the distinct inter-
vention elements were integrated. Being informed of the 
user journey model, the coding combined inductive and 
deductive approaches [85]. During this coding, the sec-
ond author marked 35 (7.0%) of the 499 email contacts 
as uncertain. In four sense-making sessions, the first and 
second authors reviewed these cases, which led to chang-
ing 14 (40%) of the unclear coding instances and refining 
the categorization. A complementary codebook was cre-
ated to facilitate the coding process and improve its reli-
ability (Additional file 6).

Results
Results overview
We measured intervention use through the user journey 
(Fig. 3). We found that 17% of the participants entering 
the second webpage were later accepted to the study, and 

30% of the accepted participants assigned to intervention 
arms later met the minimum adherence goal. Every ser-
vice element and phase were associated with dropout or 
exclusion. On average, 56% of users (SD = 32%) continued 
from each phase to the next, though there was significant 
variance between phases. The proportion of participants 
progressing from one phase to the next increased after 
sign-up, exhibiting some participants’ growing commit-
ment. Overall, we needed to reach at least 9 people to 
have 1 person arrive to study the landing page, we needed 
16 people arriving on the study landing page for 1 sign-
up, and we needed to assign 3 users to the intervention or 
comparator group to have 1 participant interact with the 
intervention for the minimum adherence criteria.

Pre-intervention use
Pre-intervention use were reported in Table 3. The 
recruitment reached 148,719 people on Facebook and 
Instagram, and 97.5% of the website visitors came from 
Finland. Thus, our study reached at least 145,000 Finns. 
According to the website use data, the most frequent 
digital referral categories were direct sources, social 
media, and news and web. Organic and miscellaneous, 
and messaging were less typical discovery channels. 
The CSC interview data found that the most influen-
tial recruitment channels were social media, news and 
web, and word of mouth. Mental health professional 

Fig. 3  The user journey. Panel A describes the number of users through the intervention stages, elements, and phases. Panel B describes the proportion 
of users passing from the previous phase to the next. Support contacts could occur pre-, intra-, and post-intervention
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recommendations and other recruitment efforts (emails 
and posters) were the least effective.

The study landing page received 16,243 visitors, the 
second page 4,420 visitors, and 1,007 visitors signed up 
to the study. There was a very strong correlation between 
the daily number of website visitors and daily sign-ups 
(r(271) = 0.93, p < 0.01). The effect of each recruitment 
activity was brief and identified as a spike in the number 
of website visitors and sign-ups (Fig. 4). Of the 1,007 peo-
ple digitally signed up for the study, 895 were assessed 
via interview, and of them 735 were accepted. The delay 
between sign-up and interview was on average 17.3 days 
(SD = 14.3), with both CSC availability and participant 
preferences influencing the delay. Both participant- and 
study-related factors hindered starting the intervention 
use: 112 signed-up participants could not be assessed, 
and 160 signed-up participants were rejected by CSC.

Intra-intervention use
Intra-intervention use were reported in Table 4. Of 
the 498 accepted participants assigned to intervention 
or comparator arms, and of them 457 (91.7%) used the 
device at least once. On an average intervention use 
day, they interacted with it for 4.8 rounds, which took 
on average 52.9 min (SD = 24.5 min; median = 51 min). 
Over the intervention period, the participants used the 

intervention, on average, for 17.3 h during 22.1 sessions. 
This use occurred on 19.7 different days over a period 
of 38.9 days. The total use hours were influenced by the 
adherence goals, which were identified as plateaus in the 
cumulative hourly use data.

There was considerable heterogeneity in the use pat-
terns (Fig. 5). The use hours increased with the number 
of use days and length of the use period. The correlation 
between total hours used and use days (r(455) = 0.95, 
p < 0.01) was higher than the correlation between total 
hours used and use period (r(455) = 0.80, p < 0.01), 
because of the variance in non-use days.

The average dropout per level 1–28 was 2.6% 
(SD = 1.7%; median = 2.1%). Two sections of the inter-
vention content were associated with increased dropout 
likelihood: levels 8–10 and 13–16 with dropouts ranging 
from 3.7% to 6.8%. These levels were associated with new 
game features and an increase in intervention complex-
ity and level of challenge. 118 participants (25.8%) com-
pleted all the 28 intervention levels.

Post-intervention use
Post-intervention use were reported in Table 5. Of the 
150 participants who used the intervention for 24 h, 116 
(77%) filled the follow-up questionnaire.

Table 3  Pre-intervention use. User interactions with the intervention elements (see Fig. 1) are described through user journey (see 
Table 2)
Intervention element Concept Definition Result
Recruitment Reach People reached, lower bound N = 145,000

Intervention discovery sources (CSC interview) N = 626
Social media N = 257 (41.1%)
News and web N = 140 (22.4%)
Word of mouth N = 136 (21.7%)
Healthcare referral N = 57 (9.1%)
Traditional marketing N = 36 (5.8%)

Website Interest First web page visitors
Referral sources (Piwik PRO) N = 16,243
Direct N = 7,547 (46.5%)
Social media N = 5,569 (34.3%)
News and web N = 2,833 (17.4%)
Organic and miscellaneous N = 212 (1.3%)
Messaging N = 82 (0.5%)
Second web page visitors N = 4,420
Study sign ups N = 1,007

Assessment Assessment Interview conducted N = 895 (88.9%)
Interview not conducted N = 112 (11.1%)
Participant not reached N = 70 (62.5%)
Participant withdrew N = 42 (37.5%)
Accepted to the study N = 735 (81.2%)
Rejected from the study N = 160 (18.8%)
Randomized to intervention arms N = 498
Randomized to TAU arm N = 237

N/A Purchase N/A N/A



Page 9 of 15Lukka et al. BMC Health Services Research          (2025) 25:479 

Table 4  Intra-intervention use. User interactions with the intervention elements (see Fig. 1) are described through user journey (see 
Table 2)
Intervention element Concept Definition Result
Intervention software Launches Use at least once N = 457

Sessions: Avg (SD, Mdn) 22.1 (24.4, 11)
Use time Use hours: Avg h (SD, Mdn) 17.3 h (20.4 h, 6.9 h)

Use days: Avg d (SD, Mdn) 19.7d (20.7d, 10d)
Use frequency Use period: Avg d (SD, Mdn) 38.9d (31.2d, 32d)

Retention
Day 3 N = 413 (90.4%)
Day 7 N = 393 (83.8%)
Day 14 N = 325 (71.1%)
Day 30 N = 251 (54.9%)
Day 60 N = 164 (35.9%)

Software interactions Avg rounds (r) used (SD, Mdn) 94.1r (106.1r, 46r)
Avg rounds / d (SD, Mdn) 4.8r/d (2.5r/d, 4r/d)

Peer interactions N interactions with other intervention users N/A
Module completion Avg levels completed 16.8 levels

(SD, Mdn) (8.9 levels, 15.0 levels)
Adherence 24 h N = 150 (32.8%)

48 h N = 67 (14.7%)
Questionnaires Adherence Questionnaire responses

T0 N = 498 (100%)
T1 N = 306 (61.4%)
T2 N = 232 (46.6%)
T3 N = 193 (38.8%)

Support Intervention provider interactions Number of contactees 313
Number of contacts 499

Fig. 4  The study recruitment activities led to variable and short-lived increases in website visitors and sign-ups. Mielenterveystalo.fi is a Finnish digital 
mental well-being hub, Reddit is a social media platform, Assembly.fi is a Finnish digital gaming community, Aalto.fi is the website of the university the 
study is conducted in, Yle is the National Broadcasting Company in Finland, and MTV is a commercial Finnish news channel
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Support contacts
Of the 1,007 signed-up participants, 313 (31.1%) con-
tacted the researchers via email. These participants made 
on average 1.6 (SD = 1.0) contacts, for a total of 499 email 
contacts. 108 (21.6%), 337 (67.5%), and 54 (10.8%) of 
these contacts were made pre-, intra-, and post-interven-
tion respectively. Qualitative contact analysis revealed 
that these contacts concerned 9 topics. The most com-
mon reasons for contacting the CSC concerned inter-
vention software, symptom questionnaires, quitting, and 
reimbursement (Table 6).

Discussion
Overview
Here we proposed that the user journey method can 
facilitate the comprehensive measurement of digital 
intervention use by evaluating every intervention ele-
ment. We investigated the feasibility of the method by 
using it to measure the use of a novel game-based digital 
intervention for depression, Meliora. We modelled the 
intervention for its elements (see Fig. 1) and conducted 
a literature overview for their measurement through the 
user journey (see Table 2). We found that the user jour-
ney method structured the measurement of intervention 

Table 5  Post-intervention use data. User interactions with the intervention elements (see Fig. 1) are described through user journey 
(see Table 2)
Intervention element Concept Definition Result
Intervention software Reuptake N people returning to use the intervention N/A
Questionnaires Follow-up N people reached with the follow-up questionnaire N = 116 (77.3%)

Table 6  Topics for email contacts. 313 signed-up participants contacted the researchers. The number of participants contacting the 
researchers per topic (N) are described as the proportion of all included participants (%)
Category Topic Content N %
Intervention element Intervention software Feedback and technical support requests 132 13.1

Questionnaires Technical support with the symptom questionnaires 63 6.3
Website Questions about study criteria and technical issues with sign up 35 3.5
Assessment Confirming and scheduling the phone interview 26 2.6
Recruitment Sharing information about the study 2 0.2

Integration of intervention elements Quitting Wishing to quit the study 67 6.7
Study process Uncertainty about the study process 62 6.2
Reimbursement Questions regarding reimbursement 53 5.3
Cooperation Proactive and cooperative study participant contacts 15 1.5

Fig. 5  The frequency and quantity of intervention use exhibits significant variance. Ten representative participants (#) are selected by their total interven-
tion use hours at decile increments. The number of days (d) during which the participant interacted with the intervention are described per intervention 
period week. Darker colors indicate more frequent interactions (white = 0 d / wk; light red = 1–2 d / wk; medium red 3–4 d / wk; dark red = 5–7 d / wk)
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use and allowed for identifying use barriers (see Fig. 3, 
and Tables 3, 4, and 5).

Case study discussion
We found that modelling the user journey turned our 
attention to the proverbial forest for the trees—examin-
ing the whole intervention as a service (see Fig. 1). This 
provided us with several insights: [1] The nature of the 
intervention influences its modelling and measurement. 
Non-digital healthcare user journeys often examine wait-
ing times and delays to improve service throughput [86] 
and aim to improve care coordination [41]. In contrast, 
digital interventions may be approached through use 
and dropout, as much of the service may be automated. 
[2] User journey method facilitated the evaluation of the 
service from the user’s perspective. However, it implicitly 
prioritized the elements visible to the users, and further 
modelling is required to capture the back-end systems 
and processes that enable and support the user-facing 
elements [43], and, for instance, personalize the inter-
vention content based on the user needs, symptoms, and 
behavior [25, 87]. [3] We found that the case study pro-
cess resembled the direct to customer intervention deliv-
ery model. However, digital intervention delivery and 
business models can also be more complex as they are 
intertwined with legal and regulatory frameworks, reim-
bursement models, and existing healthcare systems—and 
this landscape continues to evolve [88, 89]. We look for-
ward to further studies that use the user journey method 
to evaluate a range of service delivery and business mod-
els. [4] We found that measuring all the service elements 
required integrating several data sources and manual 
data processing. A data and resource management plat-
form could facilitate their measurement but would 
increase the service setup time and cost.

We found that the user journey method allowed identi-
fying several barriers. We used many recruitment chan-
nels and found digital channels most effective. Previous 
studies have also found digital channels common in dis-
covering health apps [90] and less expensive than health-
care referrals [91], but they can lead to reaching a partial 
population [69]. We found that only 23% of second web-
site visitors signed up to the study, which calls for user 
interface optimization [92]. It is also possible that as the 
participants became more informed about the interven-
tion, some may have found that the intervention was 
not relevant to them. Further attention is also needed 
to understand why 8.6% of the signed up, assessed, and 
accepted participants did not begin to use the inter-
vention. Intra-intervention, we found two intervention 
sections exhibited pronounced dropout rates, which sug-
gests that improvements in intervention instructions, 
pacing, and design are needed.

We found that qualitative methods complemented the 
quantitative use data, which is aligned with previous 
studies [22, 25, 28, 93]. Regarding study discovery, the 
CSC interview data allowed quantifying the significance 
of WOM and the challenges with healthcare professional 
referrals. The differences between the PPAS and CSC dis-
covery data may be partly explained by them measuring 
different points in time: the former measured those arriv-
ing to the website, the latter those assessed by the CSC. 
We also found, again aligned with previous studies [4], 
that email was an important channel for the prospective 
and existing participants to resolve uncertainties about 
the intervention elements and the overall service process. 
These email contacts also shed light on the use barri-
ers, such as the website usability problems. Use data can 
identify moments that should be examined in detail, and 
qualitative investigation can characterize the problems in 
depth.

Having identified several use barriers, the next step 
would be to prioritize and address them, and the data 
gathered here could be used to evaluate the impact of the 
iterations against future user cohorts. However, this is 
outside the scope of the present study, and further stud-
ies are needed to examine the degree to which per-phase 
dropout can be influenced by incremental improvements 
based on user-centered design [92, 94].

Overall, we found that all intervention elements and 
phases [32] were associated with dropout—not merely 
the intervention software. Only 17% of people entering 
the second webpage were eventually accepted, and 30% 
of accepted participants met minimum adherence goal. 
The researchers excluded 160 potential participants, 
while in other phases the participant made the decision 
to cease intervention use and drop out. Thus, the design 
of pre-intervention elements including recruitment, sign-
up, assessment, and onboarding can have substantial 
influence on the overall user flow. We propose that the 
user journey method has three benefits for intervention 
researchers, designers, and developers:

1.	 Modelling the whole intervention. User journey 
examines all the intervention elements from the first 
contact to follow-up.

2.	 Measuring the user flow. User journey facilitates 
measuring user interactions with all the intervention 
elements quantitatively and qualitatively.

3.	 Managing the intervention. User journey allows 
for identifying and addressing use barriers, thus 
facilitating iterative intervention development and 
implementation.

The characteristics and the context of the case study ser-
vice should be considered when interpreting the results. 
The relatively common nature of MDD allowed us to use 
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mass media in recruitment and could have facilitated 
WOM discovery, which may not provide similar out-
comes in rarer disorders. Finland is highly developed dig-
itally [95], and digital social and healthcare service use is 
common [96–98], which may positively influence the rate 
of service adoption.

Theoretical contributions and implications
Digital intervention effectiveness is associated with users 
interacting with mechanisms of action, which, based on 
the theoretical foundation [99, 100], are proposed to have 
a causal influence on behavior change [28, 29]. In prac-
tice, however, users must pass several gateways before 
they can interact with these mechanisms [32, 46]. They 
must perceive a health need, be aware of a service that 
could address it, consider it sufficiently meaningful to 
merit signing up, possibly participate in an assessment, 
and find the intervention easy to onboard and use over 
time. We exhibited how many of these phases were asso-
ciated with dropout (see Fig. 3, and Tables 3, 4, and 5). 
The user journey method helps to identify use barri-
ers and address them, thereby facilitating the evaluation 
of intervention acceptability and feasibility in real-life 
contexts.

However, the user journey method should not be used 
to merely flatten the retention curve: the quantity of use 
is not alone enough for beneficial effects. A review of 25 
studies found a correlation between intervention use and 
mental health improvements was modest, r. = 24 [10]. 
The quality of use—effective engagement [25, 53, 62]—
matters and requires careful operationalization. Con-
sidered through the user journey (see Table 2), effective 
engagement may be most directly captured by the “soft-
ware interactions”, and also “therapeutic interactions” 
and “peer interactions”, if such elements are present. 
Measuring these interactions comprehensively allows for 
evaluating which kinds of interactions are associated with 
intervention efficacy, and for whom. Furthermore, the 
temporality-emphasizing user journey method can com-
plement the existing user engagement frameworks. For 
instance, Pham et al. differentiate between the amount, 
duration, breadth, and depth of engagement [62], and 
Short et al. focus on the frequency, intensity, time, and 
the type of engagement [60].

Digital interventions commonly face challenges in their 
implementation [11, 15], which encourages evaluating 
them beyond their effectiveness [26]. We reconceptual-
ized digital intervention as a service [2, 31], a superordi-
nate concept to the intervention software. We modelled 
all the intervention elements of Meliora and measured 
how users interacted with them over time. This method 
could facilitate examining how the intervention elements 
are integrated into a coherent service [40, 42, 101], and 
how they can be incorporated into healthcare service 

systems [14, 31, 102, 103]. Thus, user journey can com-
plement existing implementation frameworks [104–106] 
and outcome indicators [107], and facilitate digital inter-
ventions reaching real-world impact.

Conclusions
We applied the user journey method to measure user 
interactions with a complex digital intervention compris-
ing six elements, both technological and interpersonal. 
This evaluation identified temporally positioned and 
intervention-specific use barriers that could be addressed 
to improve the intervention. We consider this holistic, 
temporality-focused method to have significant potential 
and encourage its application in the development, evalu-
ation, and implementation of digital interventions.
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